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ABSTRACT

The registration of articulated 3D models to 2D images is a fundamental challenge in image-based guidance of
joint surgery. In this context, optimization-based approaches have long been popular as they are immediately
applicable to new scenarios without requiring extensive pre-training using large datasets. However, optimization-
based registration methods are often hindered by the risk of converging to local minima, particularly when dealing
with articulated structures, partial occlusions, or objects with symmetries.

To address the local minima issue, we present a novel multi-stage ensemble optimization strategy designed
specifically to be more resilient to local minima. Inspired by block coordinate descent, our approach consists
of multiple stages in which, at each stage, an ensemble of optimizers operates in parallel on subsets of pose
parameters. These subsets form lower-dimensional parameter domains, which represent the range of possible
values for the pose parameters (e.g., translation and rotation). By focusing on smaller, simplified subspaces,
the optimization landscape becomes smoother, reducing abrupt changes in the loss function and improving
convergence. The combination of multiple optimization trajectories and simplified parameter domains increases
the likelihood of finding the global optimum and achieving faster convergence compared to methods that optimize
all parameters simultaneously.

We evaluated our method by registering a preoperative 3D CT wrist model with intra-operative optical images
acquired during image-guided Percutaneous Scaphoid Fixation (PSF) surgery. The registration accuracy of our
technique exceeded competing optimization techniques, specifically our optimized pose parameters achieved root
mean squared errors between 13.59% and 33.95% lower than those of competing methods. These results suggest
the broader applicability of our optimization strategy for articulated registration in various surgical 2D-3D
alignment problems.

Keywords: Wrist pose estimation, Surgical guidance, Articulated registration, Ensemble Optimization, Multi-
Stage Optimization

1. INTRODUCTION

The registration of a 3D model to 2D images is a fundamental challenge in various domains, including image-
guided surgery, human body pose estimation, and object registration. In the case of wrist surgery, the alignment
involves transforming a pre-operative 3D wrist model, which is reconstructed from pre-surgical imaging modal-
ities such as CT scans, so that its rendered 2D projections match intra-operative 2D images acquired during
the procedure. This process, as illustrated in Figure 1, inherently involves projecting the 3D model into a
lower-dimensional 2D space, which inevitably discards some spatial information. Consequently, when registering
the projected model through direct optimization, the cost function guiding the optimization lacks the complete
geometric context of the original 3D structure, leading to a more fragmented optimization landscape with po-
tential local minima. Furthermore, the articulation of joints, self-occlusions, and object symmetries compound
these challenges, making it even harder to reliably locate the global optimum. These difficulties are particu-
larly significant in wrist surgery, where precise registration is essential for accurate surgical navigation. Poor
2D-3D registration can adversely impact surgical outcomes, highlighting the importance of robust optimization
techniques tailored to this problem.
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Figure 1: Overview of the proposed wrist pose estimation system. Multiple near-infrared (NIR) cameras capture
images of the patient’s wrist during surgery. The acquired images are segmented, then used to align a pre-
operative 3D wrist model to the patient’s wrist. This alignment is performed by aligning the rendered silhouette
of the 3D model with the segmented wrist in each image.

With the high-accuracy demands of image-guided surgery in mind, 2D-3D registration techniques have been
widely studied. Several works proposed both optimization-based and neural network-based approaches to align
2D image data with articulated 3D models. The approaches of Bogo et al.! and Wu et al.? exemplify
optimization-based techniques, while others, such as Dwivedi et al.,> Kanazawa et al.* and Khaleghi et al.’
leverage deep learning models trained on large datasets to achieve effective registration. This persistent division
in the literature between direct optimization methods and deep learning approaches highlights the challenges
involved in collecting a sufficiently large training dataset for the extensive deep learning training task. As a
result, direct optimization methods are still commonly used for registration tasks in image-guided wrist surgery.”

For the direct optimization of 2D-3D registration problems, the non-linearity and non-convexity of the op-
timization landscape present a major challenge. To navigate this challenge, researchers have proposed various
ways to smooth out the optimization landscape. One such technique is differentiable rendering, which facilitates
efficient gradient-based optimization by enabling a smoother optimization landscape. Techniques such as the soft
rasterizer (SoftRas), used by Liu et al.® and Dwivedi et al.,® provide differentiable rendering to maintain efficient
gradient flow even in complex articulated poses. In addition, Wu et al.? demonstrated an analytical differen-
tiable renderer, enhancing efficiency compared to numerical gradient methods. These differentiable rendering
approaches have proven to be particularly effective in offering robust alignment capabilities.

To further address the optimization challenges, several studies have utilized multi-stage optimization tech-
niques, techniques that divide larger optimization problems into sequence of simpler optimization ”stages”, with



each stage usually optimizing a subset of the pose parameters. An advantage of multi-stage optimization is that
it allows for a systematic approach to pose parameter refinement. Bogo et al.! introduced a multi-stage strategy
for whole body pose alignment. They began with the optimization of global pose parameters, such as torso
alignment, before refining joint-specific pose parameters, effectively reducing the risk of local minima. This con-
cept of multi-stage refinement was also adopted by Song et al.,” who combined neural network predictions with
gradient-based refinement, thus enhancing robustness while maintaining precision. Balan and Black'® employed
a similar strategy to balance computational efficiency with the accuracy desired for joint-specific optimizations.

Ensemble methods have also been effective in tackling the challenges inherent in the registration of complex
articulated structures. Tremblay et al.!’ adopted an ensemble approach, using multiple parallel optimizations
with varying random initializations and learning rates to prevent convergence towards a local minima. This
ensemble strategy, particularly beneficial for symmetric structures, increased the probability of finding a global
solution without exhaustive parameter tuning, demonstrating a promising direction for challenging registration
problems.

While differentiable rendering, multi-stage optimization, and ensemble optimization have shown to be valuable
techniques in 2D-3D image registration tasks, their benefits have yet to be combined, or applied to the registration
challenges involved in image-guided wrist surgery. In our proposed method, we integrate insights from multi-
stage optimization, ensemble techniques, and differentiable rendering to register an articulated 3D wrist model
to intra-operative 2D images (see Fig. 1). Our method aims to reduce convergence issues by systematically
refining subsets of wrist pose parameters, thereby improving robustness and efficiency. The ultimate goal is to
enhance intra-operative visualization, providing surgeons with a precise, real-time augmented representation of
the internal wrist anatomy, even in challenging conditions involving self-occlusion and articulation. By combining
these advanced optimization strategies, our approach strives to address the limitations of existing methods and
offer a solution with improved accuracy and reliability for surgical applications. The final aim is to achieve
sub-millimeter accuracy for accurate visualization of internal bone structures within an image-guided surgical
environment.

2. MATERIALS

In this study, a pre-operative 3D wrist model was made from a CT scan of the right wrist of a healthy volunteer.
The scan was acquired with a resolution of 0.25 x 0.25 x 0.25 mm and a field of view of 128 x 128 x 90.75 mm.

For intra-operative imaging, we utilized a multi-camera system consisting of three monochrome Allied Vision
Alvium 1800 U-501 NIR cameras, equipped with 800 nm low-pass filters to limit image overexposure due to
the brightness of the surgical light (see Fig. 1). These cameras captured high-resolution images at 25 fps with
a resolution of 1920 x 1080 pixels, covering a field of view of 53 x 28 cm. A hardware trigger was used to
synchronize the image capture across all three cameras. The exposure time of each camera was empirically set
to 5000 ps.

3. METHOD

To achieve an accurate 2D-3D registration of the wrist, we propose a method that combines an anatomically
accurate 3D wrist model with a robust optimization framework. An outline of the registration method is shown
in Fig. 1. The method aims to match 2D renderings of the 3D wrist model to 2D segmentations of the wrist
captured by the intra-operative cameras. The subsections below outline the key components of our approach in
detail.

3.1 3D Wrist Model

The 3D wrist model was constructed using a CT scan which were manually segmented to create an anatomically
accurate mesh representation of the wrist. The segmentation process involved identifying and extracting critical
anatomical regions, including the skin surface, the radius, ulna, and all carpal and metacarpal bones. The skin
surface and each bone were saved as 3D triangular surface meshes. Linear Blend Skinning (LBS)'? was then
applied to the skin surface mesh, thereby link the motion of the skin surface to the motion of the individual bones
meshes. In this approach, the bones were treated as rigid bodies, while vertices on the skin mesh are transformed
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Figure 2: (a) 3D wrist model with the coordinate system centered at the wrist joint. (b) Illustration of different
y-axis rotations: the wrist flexion/extension (top) and the arm’s pitch rotation (bottom). (c¢) Ilustration of
different z-axis rotations: the wrist radial/ulnar deviation (top) and the arm’s yaw rotation (bottom).

using a linear combination of rigid motions from nearby bones. For the purposes of registration, only the skin
surface is utilized as it directly interacts with the 2D image data, while the bones and other anatomical structures
serve as supplementary components to enhance visualization. We will denote this 3D wrist model as:

M = (F,V) ()

where V is a matrix of vertex coordinates in 3D space, and F is an array of triangular faces, each defined
by indices referencing V. Together, M encapsulates both the geometric structure (via V) and the topological
relationships (via F) of the 3D triangular mesh, serving as a compact representation of the model

To define the wrist’s pose parameters, a coordinate system was established at the wrist joint, as recommended
by Wu et al.'® (Fig. 2(a)). While the translations are computed in a global (fixed) coordinate system, the
rotations are defined in a body-fixed (local) coordinate system to ensure that each rotation is applied sequentially
with respect to the current orientation of the coordinate system itself (see Fig. 2(a)). This enabled the wrist
meshes to model motions from its two primary degrees of freedom: flexion-extension and radial-ulnar deviation
(see Fig. 2(b, ¢)). Both movements were implemented with motion constraints derived from the anatomical
structure to reflect the biological limits of the wrist joint, ensuring both realistic and anatomically correct
behavior during articulation.'®'# In total, the 3D wrist model has eight pose parameters:

0= [tx»tyatzva’5)77¢FEa¢RU]ﬂ (2)

where t,,%,,t, € R3 are the global translation parameters, constrained as tz,ty € [-1 m,1 m] and t. €
[0.5 m,1.5 m]. These ranges reflect the practical limits of wrist movement during surgical procedures and
ensure that the wrist remains within the field of view (FOV) of the camera system. «,(,v are Euler angles
representing the wrist’s orientation (« € [—180°,180°] (roll), 8 € [—90°,90°] (pitch), and v € [—180°, 180°]
(yaw)). ¢pg € [—70°,75°] is the wrist’s flexion-extension angle, and ¢ry € [—20°,35°] is the wrist’s radial-ulnar
deviation angle. The range of § is constrained to [—90°,90°] as it reflects the practical limits of wrist motion
during surgical procedures, while the ranges for ¢rg and ¢ry are anatomically and biomechanically determined
to ensure realistic modeling of wrist articulation. It is these eight pose parameters that will be optimized in our
registration.
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Figure 3: (a) Initial segmentation of the arm and hand using YOLOv9. The region marked in red highlights
the incomplete segmentation, where gaps appear due to occlusions caused by the ultrasound probe. (b) Refined
segmentation of the wrist region using a 3D wrist model to crop the segmentation and fill these gaps, ensuring
a more complete representation of the wrist.

3.2 Image Enhancement and Segmentation

The intra-operative images collected in our study showed relatively low image quality due to the strength and
flickering of the LED surgical light. These lighting artifacts degrade video quality and hinder our downstream task
of pose detection. To address these issues, the real-time video enhancement algorithm developed by Allebosch
et al.'® was used to remove these flicker and spotlight artifacts.

Following the enhancement, the wrist region was segmented using a three-stage approach to generate precise
binary masks. Initially, a pre-trained YOLOv9'® instance segmentation network was used to provide preliminary
segmentations for the hand and arm region. These segmentations are then refined by filling in gaps and cropping
the segmentations to the wrist region modeled in the 3D wrist model. These refinements were performed with
the help of geometric constraints such as prior camera calibration data, the known positioning of the arm on
the surgical table, the principal axis of the arm determined from PCA of the initial segmentation, and the size
constraints of the 3D wrist model.

To further enhance the segmentation quality, temporal smoothing was applied to reduce noise and to ensure
frame-to-frame consistency. From a previous frame’s segmentation, morphological operations are used to generate
minimal and maximal masks. These masks are combined with the refined mask from the current frame to produce
the final segmentation output. Specifically, any pixel in the current mask that lies outside the maximal mask
is excluded from the segmented hand. Conversely, any pixel within the minimal mask that is not already in
the current mask is incorporated into it. This smoothing step is applied to all frames except the first, ensuring
accurate and consistent segmentation results for registration tasks (see Fig. 3).

3.3 2D-3D Registration
3.3.1 Objective Function & Optimization

The objective of our 2D-3D registration method is to find the optimal 3D pose parameters 8, that align our
3D wrist model (Fig. 2) with the patient’s actual wrist as seen in the 2D intra-operative images. To achieve this
objective, we employ a gradient-based optimization approach, inspired by render-and-compare techniques,''>17 18
to refine the pose of the 3D wrist model across multiple stages. In this framework, the alignment is driven by an
objective function L(0, V), which evaluates the dissimilarity between the rendered projections of the transformed
3D wrist model and the actual silhouette images of the patient’s wrist. This objective function is defined as:

3

=1

where the function T'(8,V) performs a non-rigid transformation that applies the pose parameters, 8, to the
vertices, V, of the 3D wrist model, the rendering function, p;, generates a binary silhouette image of the



transformed 3D wrist model as viewed from the i*" camera, and I; denotes the binary segmented image from
the same camera. The dissimilarity function D compares the rendered image with the segmented image. In
our approach, we use the Jaccard Index!? as the dissimilarity measure, and a differentiable renderer for p;
implemented using a soft rasterizer.® The differentiable rendering enables gradient propagation through the
rendering pipeline, allowing the gradients of the loss function L(€, V) to be analytically computed and used by
gradient descent optimizers.

The estimated wrist pose, 8, is defined as one that minimizes the objective function L in Equation 3:

6 = argmin L(0,V) subject to 1b < 6 < ub, (4)
0

where Ib = [-1,-1,0.5, —180, —90, —180, —70, —20] and ub = [1,1, 1.5, 180, 90, 180, 75, 35] are vectors containing
the previously-defined lower and upper bounds of the pose parameters 6.

3.3.2 Multi-Stage Optimization

Directly solving this objective function in a single step is challenging due to the non-linearity introduced by
the 3D-to-2D projection, which can potentially lead to local minima.* To mitigate this challenge, a multi-stage
optimization approach, inspired by block coordinate descent (BCD),?" is adopted. In this multi-stage approach,
the optimization problem is divided into N smaller sub-problems that sequentially optimize subsets of parameters,
1. We refer to these parameter subsets as blocks and we define our optimal 3D wrist pose parameters as the
sum of these parameter blocks across all optimization stages:

=34, ®)

where each block, 1, is a vector of the same size as 8 but with the non-optimized parameters fixed to zero.
For each stage j, the optimization of the block parameters follows the same objective function minimization as
defined earlier:

= arg;nin L(,Vj_1) subject to 1b; <1 < uby, (6)

where 1b,;[k] = ub,[k] = 0 for indices k corresponding to pose parameters in € that are not optimized in stage
j, and the remaining lower and upper bounds are adjusted at each optimization stage based on the estimated
pose parameters of previous stages. The vertices of the 3D wrist model, V;_;, are also transformed using the
pose parameters estimated from previous stages.

3.3.3 Multi-Stage Ensemble Optimization (MSEO)

Finally, the choice of parameter blocks remains to be defined. While multi-stage optimization methods have been
used in medical image registration (e.g., rigid — affine — deformable), they often rely on manual grouping of pose
parameters based on domain knowledge. Such manual groupings may be sub-optimal because the interactions
between pose parameters can influence the loss function in unpredictable and subject-specific ways. To overcome
these limitations, we propose using a parallel ensemble of gradient descent optimizers at each stage.!' Each
optimizer estimates values for a different, randomly-selected subset of pose parameters. Once all optimizers have
converged, the pose parameters that produce the minimum loss across the ensemble are retained and used to
update the optimization process. The full multi-stage ensemble optimization (MSEQ) process is presented in
Algorithm 1.

Each optimizer in the ensemble uses an Adam optimizer with an initial learning rate of 0.002. The learning
rate is adapted dynamically during optimization by monitoring the loss function. If the loss remains unchanged
for 4 consecutive iterations, the learning rate is reduced by a factor of 0.2. This process continues until the
learning rate falls below the termination threshold of 0.00001. Convergence is determined to have occurred
when the learning rate falls below this threshold. Our MSEO method was implemented using the PyTorch3D
framework?! on a high-performance workstation equipped with an NVIDIA GeForce RTX 3080 Ti GPU and
using CUDA to accelerate the rendering and optimization processes.



Algorithm 1 Multi-Stage Ensemble Optimization for Articulated 2D-3D Image Registration

Input: 3D wrist model faces F and vertices Vg, initial pose parameters 8y, segmented wrist images I; (from
cameras i = {1,2,3})
Output: Estimated pose parameters ]
for each stage j =1,---,N do
Update lIb; and ub; based on 8;_;
for each optimizer p in ensemble do
Generate random binary 8-vector m,,
lbj’p — lbj [O) m,,
ub, , < ub; ®©m,
P, arg;nin L(¥,V;_1) subject to lb;, <t <ubj;,, (Eq.6)

Calculate loss ¢ ,, < L({bj,p,Vj_l), (Eq. 1)
end for .
Select block 1; with minimum loss £} = min ¢; ,
P

0,060,114+ 1/Jj, (Eq. 5)
Vj < T(gj,Vo)

end for

Return 6y

4. EXPERIMENTS

To evaluate the performance of our MSEO registration method, we conducted experiments on both synthetic
and real datasets, each serving a distinct purpose. These datasets were chosen to comprehensively assess the
registration accuracy, robustness, and computational efficiency of MSEO under both controlled and realistic
conditions.

For both the synthetic and real datasets, comparisons were made against four established optimization strate-
gies to benchmark the MSEQ’s performance:

1. Simultaneous Optimization (SO):* All pose parameters were optimized simultaneously using the Adam
optimizer.

2. Rigid-Articulated Grouping (RAG):1° Parameters were grouped into rigid (translation and rotation)
and articulated (joint angles) blocks, with a final stage optimizing all parameters together.

3. Intuitive Grouping (IG):! Parameters were grouped using domain knowledge and optimized in the
following order: (a) translation, (b) yaw and radial/ulnar deviation, (c) pitch and flexion/extension, (d)
roll, and (e) all parameters together.

4. Diff-Dope:!! Optimizes all parameters concurrently with Adam using varying learning rates, with the
results being aggregated for enhanced robustness.

4.1 Synthetic Data Experiment

To evaluate MSEQ’s registration accuracy with known ground truth pose parameters, a synthetic data set of
36 random wrist poses was generated with the help of the 3D wrist model. Each scenario in this dataset was
created by placing the 3D wrist model in a random pose and rendering this pose into each of the three cameras.
These renderings are then used as the segmentations Ij,Is,I3. Subsequently, a random transformation, 8,
was applied to the 3D wrist model: translations were applied to the wrist model in the t,, ¢,, and ¢, axes,
with displacements ranging approximately between —100mm and 100mm units; rotational perturbations were
introduced using Euler angles (o, 8,7), with angular variations between —11.5° and 11.5°; and the wrist joint
angles, representing flexion-extension (¢rg) and radial-ulnar deviation (¢ry), were adjusted within the range of



—8.6° to 11.5°. These transformations ensured the synthetic dataset captured plausible wrist movements while
maintaining anatomical realism.

The goal of the synthetic data experiment is then to align the transformed 3D wrist model to its original
renderings. The resulting pose parameters are then compared to the ground truth transformation, which in this
case is —0, using the root mean squared error (RMSE) metric.

4.2 Real Data Experiment

We extended our evaluation using a real dataset comprising of 160 image triplets captured by the multi-camera
system described in the Materials section. The data was collected from eight mock percutaneous scaphoid
fixation surgeries in a surgical environment at the operating room of AZ Monica Hospital (Antwerp Campus). A
total a 4000 image triplets were recorded, but most images showed similar poses due to limited patient motion.
To balance computational efficiency with sufficient temporal variability, one image triplet out of every 25 was
sampled from the complete sequence (i.e., 160 of the 4000 recorded image triplets), thereby reducing redundancy
in the dataset as well as the processing load. To initialize the registration algorithm, we take advantage of the
fact that the 160 image triplets were recorded sequentially, a manual initialization was performed for the first
image triplet, while subsequent image triplets were initialized using the registration result from the previous
image triplet.

For this real dataset, where ground truth annotations were unavailable, we assessed the performance of
our method (MSEO) using four complementary loss metrics: Jaccard Loss (i.e., the loss function used in all
optimizations), Chamfer Loss,?? Dice Loss,?® and Pixel Correspondence Metric (PCM)?* Loss. These metrics
were carefully selected to capture diverse aspects of performance, including pixel-level similarity,2® edge-based
similarity,?? and overlap-based similarity.?? Statistical t-tests are then used to compare the loss function values
of MSEO against the competing optimization methods.

5. RESULTS
5.1 Synthetic Dataset Results

The estimated pose parameters for the 36 synthetic wrist poses were compared to the ground truth values using
the root mean squared error (RMSE) metric, which quantified the alignment accuracy. The results, summarized
in Table 1, show that our method, MSEQ, generally outperforms competing optimization strategies, achieving
improvements ranging from 13.59% to 33.95%. The lone exception is with the flexion-extension angle, where
Rigid-Articulated Grouping (RAG) performed slightly better. On average MESO provided registrations with
less than 3 mm of translation error and 10° of rotational error.

Table 1: RMSE values for different methods on a synthetic dataset of 36 random wrist poses. For translations,
values are in millimeters (mm), and for rotations, values are in degrees (°).

Parameter SO RAG I1G Diff-Dope MSEO
Translation (x) [mm] 996 860 10.58 2.93 2.87
Translation (y) [mm] 3.46 3.41 3.36 3.35 2.63
Translation (z) [mm] 18.68 13.78 17.38 3.67 2.59
Rotation (roll) [] 6.28 648 595 6.76 5.81
Rotation (pitch) [°] 6.33 6.04 5.73 5.90 4.90
Rotation (yaw) [’] 1036 9.76  9.02 9.89 6.73
Flexion / extension [°] 9.10 8.78 8.89 9.36 8.91
Radial / longitudinal deviation [] | 8.73  8.32  8.12 7.90 7.67

5.2 Real Dataset Results

Fig. 4 shows the distributions for all four loss functions on the 160 image triplets on the real dataset. For all four
loss functions, MSEQ achieves a significantly lower loss than competing methods. Subsequent t-tests confirmed
that these improvements by MSEOQO are statistically significant across all loss functions, with the highest observed
p-value being 5.3 x 10736, and the remaining p-values even lower.
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Figure 4: Boxplot comparison of the loss values obtained using different optimization methods across the 160
image triplets in the real image dataset. Each box represents the interquartile range (IQR), spanning from the
25th percentile (lower boundary) to the 75th percentile (upper boundary), with the line inside indicating the
median (50th percentile). The whiskers extend to the most extreme data points within 1.5 times the IQR, while
the circles represent outliers beyond this range. Note that MSEO significantly outperforms competing optimizers

on the dataset.

In Fig. 5 we show the loss function results across all 160 image triplets in our dataset. We observed that
MSEO achieved superior performance in 100% of image triplets for the Jaccard, Dice, and PCM Loss metrics,
while achieving the lowest loss values in 88.96% of image triplets for the Chamfer Loss. These results show a
registration improvement by MSEQO that is generally consistent across wrist poses.

Finally, Fig. 6 presents a qualitative comparison of alignment results before and after applying MSEO. The
alignment improvements illustrate MSEQ’s effectiveness in adapting to real-world variations and achieving a
good wrist alignment, even in the absence of ground truth annotations.

6. DISCUSSION

Our results demonstrate that the proposed method outperforms existing approaches in aligning a 3D wrist model
with patient anatomy, achieving higher accuracy in registration. However, as outlined in the introduction, the
ultimate goal is to achieve real-time, sub-millimeter accuracy to enable precise visualization of internal bone
structures in image-guided surgical environments. While our method marks significant progress, it does not yet
meet this stringent requirement, highlighting the need for further advancements.

Nevertheless, one of the primary strengths of our method lies in its direct optimization framework, which
eliminates the need for annotated Al model training datasets. This feature makes the method robust in scenarios
where obtaining high-quality labeled data is challenging or infeasible. The ability to directly optimize in a 2D-
3D space also enables flexibility and opens up avenues for future research. For instance, this approach allows
for exploring smarter grouping and sequencing of parameters during optimization, potentially improving both
efficiency and accuracy. We also obsrved that our MSEO registration was robust to certain types of noise,
such as segmentation inaccuracies, thanks to its reliance on silhouette-based alignment rather than precise point
correspondences. Furthermore, the differentiable rendering framework combined with ensemble and multi-stage
optimization introduces a modular design that can be expanded or customized to specific applications, making
it a versatile tool for 3D-2D registration tasks.

Despite its strengths, the method has several limitations that can be addressed in future work. The first, the
linear blend skinning used in the 3D wrist model is only an approximation of the real geometrical changes that
occur on the skin surface due to wrist motion. This approximation can introduce inaccuracies in the registration
process. Additionally, the method’s performance, like those of competing methods, is sensitive to initialization:



poor initial estimates of the pose parameters can lead to suboptimal alignment or even failure to converge.
Moreover, the silhouettes generated by the soft rasterizer, and those obtained through segmentation, are not
perfectly matched even when ground-truth data is used. This discrepancy is due to differences in quantization
and discretization as the soft-rasterizer provides a smoothed wrist silhouette whereas the image segmentation
produces a crisp silhouette. These discrepancies can adversely affect the optimization process. So too can
segmentation errors in the image processing. Accurate segmentation of the wrist region also remains a challenge,
as accurately distinguishing the wrist region from the surrounding hand anatomy is not trivial.

However, the most notable limitation may be the algorithm’s computation time, which currently runs at
approximately 20 minutes per registration. Rendering, a core component of the method, is computationally
expensive. The multi-stage, ensemble-based approach we employ involves iterative rendering across several
stages, which significantly increases computational time. For real-time applications, such as providing surgeons
with updated bone poses during surgery, this latency is a critical bottleneck.

While our method has limitations, there are clear pathways for improvement. For example, integrating
auxiliary data sources, such as real-time ultrasound tracking,?® can help refine bone pose estimation by capturing
subtle movements that are difficult to model with a purely silhouette-based approach. Additionally, improving
the skinning in the 3D wrist model to better represent the complex changes in wrist geometry due to motion could
also produce improvements. In this respect, the statistical modeling of wrist geometry may prove useful.?” 28
Similarly, incorporating advanced initialization strategies could mitigate some of the current shortcomings for
this and other 2D-3D image registration techniques.
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Figure 6: Comparison of the registration results before (top row) and after (bottom row) using our MSEO
method. The green dashed line represents the segmentation contour, and the red dashed line represents the
rendered mesh contour. Note that MSEO provides a reasonable result even in the presence of segmentation
errors.

Future work could also explore alternative optimization strategies to further reduce sensitivity to local min-
ima, such as hybrid approaches combining gradient descent with global optimization techniques, like genetic
algorithms. Finally, optimizing the efficiency of the rendering process, either through algorithmic improvements
or hardware acceleration, could make this method more suitable for real-time surgical applications.

7. CONCLUSIONS

This study presents a flexible multi-stage ensemble optimization (MSEQ) strategy for articulated 2D-3D regis-
tration in image-guided wrist surgery. By leveraging direct optimization over machine learning, we are able to
register a 3D wrist model to 2D intra-operative images without the need for a large database of labeled training
examples. By employing a modular design incorporating differentiable rendering, ensemble optimization, and a
multi-stage approach, MSEO demonstrates clear improvements over existing techniques on both synthetic and
real datasets. These results highlight the potential of MSEO to address challenges in alignment accuracy through
its superior performance across multiple evaluation metrics.

Despite its strengths, the method does not yet achieve the real-time, sub-millimeter accuracy required for
precise visualization of internal bone structures in surgical environments. Challenges such as initialization sensi-
tivity, skinning limitations in the 3D wrist model, and computational overhead from iterative rendering remain
areas for improvement. Additionally, discrepancies between the silhouettes generated by soft rasterization and
those obtained through segmentation introduce potential inaccuracies in the optimization process. Incorporating
auxiliary data sources, such as real-time ultrasound tracking, could refine pose estimation by accounting for sub-
tle bone movements. Improvements to the geometric accuracy of the 3D wrist modeling, and the development of
advanced initialization strategies, could further address current limitations. Finally, exploring hybrid stochastic
gradient-based optimization approaches to may further reduce sensitivity to local minima, while optimizing the
rendering process for real-time performance could make MSEQO more suitable for surgical applications.

In conclusion, while further refinement is necessary, the proposed MSEO framework provides a solid foun-
dation for advancing 2D-3D registration in medical imaging. Its adaptability, modularity, and demonstrated
accuracy position it as a promising tool for improving surgical guidance and for broadening the scope of medical
image registration applications.
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