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 A B S T R A C T

Recent advances in multi-view 3D reconstruction, especially neural implicit surface methods, can recover 
high-quality geometry by representing shape with signed distance functions (SDFs). However, reconstructing 
complex objects with severe self-occlusion remains difficult when all images are captured under a single object 
pose, because the observed views often provide incomplete spatial coverage. We propose PoseFusion, a multi-
pose reconstruction framework that fuses neural implicit surfaces independently learned from different object 
poses into a unified 3D representation. PoseFusion follows a two-stage registration-and-fusion pipeline. First, 
we extract an oriented bounding box (OBB) from the mesh derived from each pose-specific SDF and use the 
OBBs, SDF samples, and multi-view image features to estimate a coarse inter-pose alignment. Second, we 
refine the alignment using image- and SDF-guided correspondences: cross-pose image matches are lifted to 3D 
using the learned SDFs and used to iteratively optimize the relative transformations. To facilitate evaluation, 
we construct a dataset of synthetic and real-world objects with complex geometry and strong self-occlusion, 
captured across multiple poses with calibrated multi-view images. Experiments show that PoseFusion is robust 
under challenging capture conditions and consistently produces high-fidelity reconstructions from multi-pose, 
multi-view inputs. Code and dataset are publicly available at https://raining00.github.io/PoseFusion-page/.
1. Introduction

Neural radiance fields (NeRF) [1] have revolutionized novel view 
synthesis by producing photorealistic images from arbitrary viewpoints. 
NeRF represents scene geometry as a volumetric density field and mod-
els appearance through view-dependent radiance, rendering images via 
volume integration. While this density-based implicit representation 
enables high-quality novel view synthesis, its often ambiguous density 
estimates and lack of clear geometric regularization limit its use in 
geometry-focused tasks such as editing, simulation, or physical analysis.

Neural implicit surfaces extend NeRF to 3D surface reconstruction 
by incorporating signed distance functions (SDFs) as the underlying 
geometric representation, such as NeuS [2] and VolSDF [3]. Unlike 
NeRF’s volumetric density field, SDFs define surfaces implicitly as 
the zero level set of a continuous function, providing a more precise 

I This article is part of a Special issue entitled: ‘SPM 2026’ published in Computer-Aided Design.
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and well-regularized geometric formulation. This representation allows 
for accurate surface normal computation, supports mesh extraction 
via techniques such as marching cubes, and facilitates gradient-based 
optimization with geometric priors. As a result, SDF-based methods 
enable high-fidelity reconstruction of complex surfaces with sharp fea-
tures and accurate topology. Building on this foundation, follow-up 
work has further improved efficiency and robustness. For instance, 
Voxurf [4] and NeuS2 [5] reduce training time through voxel grids and 
multi-resolution hash encodings. Other methods improve reconstruc-
tion accuracy by integrating 3D geometric priors [6,7], while Sparse 
NeuS [8] enhances robustness under sparse view settings. Together, 
these advances have pushed the frontier of neural implicit surface 
reconstruction in a variety of real-world scenarios.

However, existing neural implicit surface methods remain limited 
by a practical constraint: they typically assume that all input views 
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data mining, AI training, and similar technologies. 
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Fig. 1. Given multi-view images captured under multiple object poses, PoseFusion automatically registers and fuses the geometry and appearance learned from 
each pose into a unified neural implicit surface. The resulting representation supports both mesh extraction and novel-view rendering, recovering geometry in 
regions that are poorly observed from any single pose.
are captured under a single object pose. This assumption limits their 
ability to recover complete geometry, especially for objects with com-
plex structures or severe self-occlusion. In such cases, large portions 
of the object may remain unobserved, including regions in contact 
with a supporting surface or occluded by other parts of the geometry, 
resulting in incomplete or distorted reconstructions. To overcome the 
limitations of single-pose reconstruction, we introduce PoseFusion, a 
novel framework for multi-view 3D reconstruction from multi-pose cap-
tures. Instead of relying on a single viewing configuration, PoseFusion 
leverages multiple sets of multi-view images captured from different 
poses of the same object, each yielding an independently trained neural 
implicit surface. Our key idea is to register and fuse these independently 
learned implicit surfaces into a unified 3D representation that captures 
the full geometry of the object.

PoseFusion is a two-stage registration-and-fusion pipeline. In the 
first stage, we extract a mesh from each implicit neural surface and 
compute its oriented bounding box (OBB). These OBBs, along with 
corresponding SDF values and multi-view image features, are used 
to estimate an initial coarse alignment between poses. Although this 
coarse registration resolves global misalignment, residual local incon-
sistencies can still hinder high-precision fusion. The second stage intro-
duces a hybrid strategy that augments geometric cues with image-based 
correspondences to refine the alignment. By identifying cross-pose cor-
respondences in the multi-view images and lifting them into 3D space 
using the underlying SDFs, we iteratively optimize the relative pose 
transformations. This refinement significantly improves registration 
accuracy and leads to high-quality surface fusion, even in the presence 
of severe occlusions and missing regions in individual captures.

To demonstrate the effectiveness of PoseFusion, we construct a 
new dataset comprising both synthetic and real-world objects with 
challenging geometry and appearance. Each object is captured from 
multiple poses, and for each pose, we provide calibrated multi-view 
images. Extensive experiments show that PoseFusion produces more 
complete and accurate 3D reconstructions compared to existing single-
pose methods, especially for objects with complex geometry and severe 
self-occlusion. Fig.  1 shows the high-quality geometry and appearance 
reconstructed by PoseFusion on a challenging object. Our dataset offers 
a standardized benchmark for registration and is intended to stimulate 
further research in this area.

2. Related work

2.1. Neural radiance fields

NeRF [1] introduced a differentiable volumetric rendering frame-
work that represents 3D scenes with a continuous density field and a 
view-dependent radiance field, enabling high-quality novel-view syn-
thesis through volume rendering. To improve geometric accuracy, neu-
ral implicit surface methods such as NeuS [2], VolSDF [3], and their 
2 
successors incorporate SDFs into differentiable rendering, allowing sur-
faces to be represented as zero-level sets. Follow-up methods further 
improve efficiency and reconstruction quality. For example, NeuS2 [5] 
and Voxurf [4] accelerate training using multi-resolution hash encod-
ings and voxel grids, respectively. Recent octree-based approaches [9,
10] reduce expensive neural queries or incorporate 3D Gaussian splat-
ting [11], enabling efficient rendering and high-quality surface recon-
struction. Despite these advances, most neural implicit surface methods 
still assume that all input images are captured under a single object 
pose, which limits their ability to recover complete geometry when 
large self-occluded regions are not visible.

2.2. Neural-field registration

As illustrated in Fig.  2, our problem is related to several align-
ment settings. The first setting estimates relative camera poses from 
unposed images. Methods such as PoseDiffusion [12], RelPose [13], and 
Cameras as Rays [14] infer relative transformations between images 
or camera frames. Although these methods do not directly register 
reconstructed geometry, they address a closely related pose-alignment 
problem. The second setting is point-cloud registration, where methods 
such as FGR [15] and REGTR [16]  align unregistered 3D point sets. 
The third setting is neural-field registration, which aligns neural rep-
resentations reconstructed under different poses, as in nerf2nerf [17], 
DReg-NeRF [18], and Reg-NF [19].

NeRF-based methods can reconstruct high-quality geometry and 
appearance in well-observed regions, but they often struggle in view-
limited areas, leading to artifacts, incomplete surfaces, and missing 
details. In practical object-capture settings, a single object pose rarely 
exposes the full surface because of self-occlusion, contact with the sup-
port plane, and acquisition constraints. A natural solution is therefore to 
capture the same object under multiple poses and register the resulting 
reconstructions to improve spatial coverage.

The method nerf2nerf [17] addresses pairwise registration of neural 
radiance fields by distilling a ‘‘surface field’’ from a pretrained NeRF. 
This surface field estimates the likelihood that a 3D point lies on the 
object surface, and registration is formulated as a robust optimization 
problem that aligns the surface fields of two scenes. Despite its strong 
performance, nerf2nerf relies on manually annotated keypoints to guide 
the alignment, which limits its scalability and automation.

DReg-NeRF [18] removes this manual requirement by introduc-
ing a fully automatic registration pipeline. It first encodes pretrained 
NeRFs into spatial voxel grids by computing multi-resolution occu-
pancy grids from density fields. Multi-scale voxel features are then 
extracted using a feature pyramid network, and a transformer-based 
decoder predicts correspondences between feature points from different 
poses to estimate the relative transformation. However, DReg-NeRF 
still relies on iterative closest point (ICP) [20] for the final alignment, 
making it sensitive to initialization. As a result, it typically requires 
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Fig. 2. Three related alignment settings. From left to right: relative camera-pose estimation from unposed images, point-cloud registration, and multi-pose 
neural-field registration with both geometric and photometric cues. The corresponding outputs are relative camera poses, registered point clouds, and registered 
pose-wise neural fields, respectively.
a reasonably accurate initial pose; reported results indicate that the 
method often fails to converge when the initial rotational mismatch 
exceeds 10◦. Moreover, the quality of NeRF density fields depends 
strongly on view coverage during training. Under sparse or uneven 
view distributions, the reconstructed density fields may contain outliers 
or incomplete structures, leading to unreliable geometric features and 
degraded registration performance.

Reg-NF [19] instead uses SDFs as geometric guidance and intro-
duces a bidirectional registration loss with multi-view surface sampling. 
By operating on implicit surfaces rather than density fields, Reg-NF 
provides stronger geometric constraints and can handle registrations 
involving scale differences. However, its sampling strategy depends 
heavily on the distribution of input views. When sampled regions 
are poorly observed or have little overlap across poses, the corre-
sponding SDF values may be unreliable. As a result, sampled source 
points may not be transformed accurately onto the target surface, even 
when the estimated transformation is close to correct. This limitation 
becomes especially pronounced under low view coverage or severe 
self-occlusion.

2.3. 3DGS registration

Recently, 3D Gaussian Splatting (3DGS) [11] has emerged as an effi-
cient alternative to NeRF. By representing scenes as explicit anisotropic 
3D Gaussians and using point-based rasterization, 3DGS avoids compu-
tationally expensive volume rendering, significantly reducing training 
time and enabling real-time rendering. GaussReg [21] addresses regis-
tration between Gaussian fields using a coarse-to-fine alignment strat-
egy. It first performs coarse alignment through point-cloud registration 
and then refines the transformation with image-guided optimization 
based on rendered Gaussian-splatting images. Although GaussReg is 
efficient for aligning point-based representations, it does not directly 
provide an explicit surface representation. Therefore, additional surface 
extraction or post-processing is required for downstream applications 
that depend on complete mesh geometry, such as editing, simulation, 
or physical analysis.

2.4. Comparison

PoseFusion targets a different setting from existing NeRF- and 3DGS-
based registration methods: multi-pose, multi-view reconstruction of a 
single object with severe self-occlusion. Our goal is not only to align 
independently reconstructed neural fields, but also to fuse them into a 
complete SDF-based surface representation.

First, PoseFusion adopts a simple but effective oriented bounding 
box strategy for coarse alignment. When each pose provides sufficient 
view coverage, the learned geometry often captures the dominant 
3 
convex structure of the object, making the OBB a useful proxy for the 
global object frame. However, under partial or sparse view coverage, 
the learned geometry may be incomplete or distorted, and the OBB 
alone may no longer be reliable. To improve robustness, PoseFusion 
augments OBB-based geometric alignment with image features, which 
provide complementary cues in poorly reconstructed or low-coverage 
regions.

Second, although PoseFusion also uses SDFs for geometric repre-
sentation, it differs from Reg-NF [19] in how surface samples are 
selected. Rather than relying only on view-dependent surface sampling, 
PoseFusion uses image correspondences to guide the selection of points 
on the zero-level sets of the learned SDFs. This correspondence-guided 
strategy encourages the optimization to focus on regions that are 
visually matched across poses, making registration more robust when 
different poses observe different parts of the object.

Finally, unlike GaussReg [21], which aligns 3D Gaussian representa-
tions without directly producing explicit surface geometry, PoseFusion 
reconstructs an SDF-based neural surface from which a mesh can be 
extracted. This enables complete surface reconstruction and supports 
downstream tasks such as editing, simulation, and geometry-centric 
analysis.

3. Method

3.1. Overview

PoseFusion adopts a two-stage pipeline for reconstructing 3D ob-
jects from multi-pose captures. In the first stage, we perform coarse 
registration by aligning oriented bounding boxes computed from pose-
wise neural implicit surfaces. This alignment is guided by SDF values 
sampled on the OBB surfaces together with multi-view image features. 
In the second stage, we establish cross-pose correspondences using 
image information, lift matched pixels to the zero-level sets of the 
learned SDFs, and refine the initial alignment with SDF-based geomet-
ric constraints. After all poses are aligned, the corresponding neural 
implicit surfaces can be fused into a unified reconstruction. An optional 
retraining step further improves fine geometric details in the final 3D 
model. Fig.  3 illustrates the overall pipeline, and the two stages are 
detailed below.

3.2. Coarse registration

The goal of coarse registration is to align all poses to a common 
reference pose using an oriented bounding box alignment strategy. 
Without loss of generality, we select the first pose as the target pose, 
denoted by 𝑃𝑡. When more than two poses are available, registration is 
performed pairwise by aligning each source pose to the target pose. For 
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Fig. 3. Overview of the PoseFusion pipeline. PoseFusion reconstructs geometry and appearance from multi-view images captured under multiple object poses. (a) 
Input multi-view images from different poses. (b) Per-pose reconstructions using neural implicit surfaces. (c) Coarse alignment using oriented bounding boxes. (d) 
Fine alignment guided by image correspondences and SDF constraints. (e) Final fusion produces a complete 3D reconstruction with enhanced geometric details.
Fig. 4. SDF- and image-feature-augmented OBB alignment. (a) Sample points are randomly generated on the surface of a unit cube and mapped to the oriented 
bounding boxes of the source and target poses. The SDF values at the mapped points are used to compute the geometric alignment term. (b) For the selected 
source and target images, feature representations 𝑡 and 𝑠 are extracted using the third residual block, conv3, of a ResNet-18 network. These features are used 
to compute the image-based similarity term in the coarse-alignment objective.
clarity, we describe the two-pose case, where 𝑃𝑠 denotes the source pose 
to be aligned with 𝑃𝑡. For each pose, we use an existing neural implicit 
surface method to learn an SDF from the corresponding multi-view 
images. We then extract a mesh from the zero-level set of the learned 
SDF. To estimate a coarse object coordinate frame, we apply Principal 
Component Analysis (PCA) [22] to the mesh and compute an OBB. Let 
𝑠 and 𝑡 denote the OBBs of the source and target poses, respectively. 
Each OBB has eight vertices, yielding 24 possible vertex correspon-
dences between 𝑠 and 𝑡. Each correspondence defines a candidate 
rigid transformation 𝜏𝑖 for 𝑖 = 1,… , 24. To select the best initial 
alignment, we augment the OBB representation with both SDF values 
and image features. Let 𝑆𝑠 and 𝑆𝑡 denote the learned signed distance 
fields for the source and target poses, respectively. We also incorporate 
image features 𝑠 and 𝑡 to disambiguate OBB correspondences that 
may be geometrically plausible but visually inconsistent.

For each candidate transformation 𝜏𝑖, we randomly sample 𝑁𝑜
points on the surfaces of the OBBs 𝑠 and 𝑡. The SDF values of those 
sample points are denoted by {𝑆(𝑖)

𝑠 , 𝑆(𝑖)
𝑡 }𝑁𝑜

𝑖=1. We then evaluate all 24 
candidate transformations and select the optimal transformation 𝜏∗ ∈
{𝜏1,… , 𝜏24} that minimizes a combined geometric and visual objective:

𝐿coarse =
𝜆sdf
𝑁𝑜

𝑁𝑜
∑

𝑖=1

‖

‖

‖

𝑆(𝑖)
𝑡 − 𝑆(𝑖)

𝑠
‖

‖

‖

+ 𝜆img

(

1 −
𝜙(𝑡) ⋅ 𝜙(𝑠)

‖𝜙(𝑡)‖ ‖𝜙(𝑠)‖

)

(1)

where the first term measures the average distance between SDF values 
at corresponding sample points, normalized by the maximum absolute 
4 
difference 𝛿 to ensure scale invariance. The second term evaluates the 
cosine distance between global image features, where 𝜙(⋅) denotes the 
image feature extractor based on ResNet-18 [23], using the output of 
the third residual block as shown in Fig.  4(b). The weights 𝜆sdf and 𝜆img
control the relative contributions of geometric and visual terms. In our 
implementation, we empirically set 𝜆sdf = 𝜆img = 0.5.

3.3. Fine registration

The OBB-based coarse alignment provides an initialization for the 
fine registration stage, which further improves the alignment accu-
racy between poses. To address the limitations of previous sampling 
strategies, especially under low view overlap and large pose varia-
tion, we adopt an automatic correspondence-estimation approach using 
eLoFTR [24,25]. This allows us to establish robust 2D point correspon-
dences between images captured from different poses without manual 
annotation. Leveraging these correspondences, we then lift the matched 
pixels to 3D by projecting them onto the zero-level sets of the learned 
SDFs, providing surface samples for SDF-guided registration.

A key challenge is selecting suitable image pairs across different 
poses for eLoFTR matching. Random selection often yields pairs with 
little or no overlap, leading to unreliable matches. Conversely, selection 
based solely on image features may fail for symmetric or textureless 
objects. We therefore select image pairs based on camera-pose simi-
larity, which increases the likelihood that the chosen images observe 
overlapping object regions.
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Table 1
Quantitative comparison of registration accuracy on the synthetic benchmark. We report results for two source-to-target registration pairs, (source1, target) and 
(source2, target), with each entry formatted as source1∕source2. Metrics include rotation error 𝐑 in degrees and translation error 𝐓 scaled by ×102. Lower values 
indicate better performance. ‘‘–’’ denotes failed cases, and the best results are highlighted in boldface.
 Metric Method Bunny Book Nikon Heel Slipper Figurine A Tank Monster Figurine B Rubik’s Cube Lego  
 
R (◦, ↓)

Reg-NF 3.62/1.84 0.29/0.27 –/– –/– –/– –/– –/– –/– –/– –/–  
 DReg-NeRF –/– –/– –/– –/– –/– –/– –/– –/– –/– –/–  
 GaussReg 13.98/– 10.21/22.27 –/– 3.27/– –/– –/– –/– 25.29/– –/– –/–  
 Ours 0.09/0.02 0.11/0.18 0.09/0.11 0.12/0.07 0.01/0.03 0.14/0.09 0.03/0.03 0.04/0.06 0.08/0.11 0.05/0.20 
 
T(×102 , ↓)

Reg-NF 1.47/0.75 0.13/3.84 29.56/23.0 26.25/18.68 21.29/– –/– –/– –/– –/– –/–  
 DReg-NeRF 11.48/15.11 14.7/12.3 27.72/1.33 2.36/15.55 13.05/12.41 –/– –/– –/– –/– –/–  
 GaussReg 2.40/26.58 1.13/15.15 7.83/– 2.73/– 30.09/– –/– –/28.40 11.69/– –/– –/–  
 Ours 0.10/0.02 0.06/0.03 0.07/0.14 0.03/0.02 0.01/0.02 0.13/0.10 0.03/0.02 0.03/0.06 0.14/0.10 0.07/0.18 
We first apply the coarse transformation 𝜏∗ to transform the source 
camera extrinsics into the coordinate frame of the target pose. We 
then select matching image pairs by comparing the transformed camera 
poses with the target camera poses: 

trace(𝐄1𝐄′−1
2 ) < 𝜖, 𝐄′

2 = 𝜏∗𝐄2, (2)

where 𝐄1 and 𝐄2 denote the extrinsic matrices of image sets 𝐼1 and 𝐼2, 
respectively, as illustrated in Fig.  5. The trace function quantifies the 
similarity of two camera poses based on their relative transformation. 
The threshold 𝜖 controls the angular closeness. This selection procedure 
identifies image pairs with similar viewpoints across poses, ensuring 
robust 2D keypoint matching.

After eLoFTR produces 2D correspondences, we lift the matched 
keypoints to 3D by tracing along their camera rays and snapping 
them to the zero-level sets of the corresponding SDFs. Using these 
3D correspondences, we optimize the rigid transformation 𝐓 = (𝐑, 𝐭)
between poses by minimizing the following loss 

𝐿fine = 𝜅(𝐿sdf) + 𝜆𝐿rotation, (3)

where the SDF consistency term 𝐿sdf and the rotation regularization 𝐿𝑟
are defined as
𝐿sdf =

∑

𝐩∈𝑃source

|

|

|

𝑆target (𝐓𝐩)
|

|

|

+
∑

𝐪∈𝑃target

|

|

|

𝑆source(𝐓−1𝐪)||
|

,

and

𝐿rotation =
‖

‖

‖

𝐑𝑇𝐑 − 𝐈‖‖
‖

,

respectively. Here, 𝑃source and 𝑃target denote the sample points from 
the zero level sets of the learned SDFs for the source and target poses, 
respectively. The vectors 𝐩 and 𝐪 represent the coordinates of points 
from 𝑃source and 𝑃target. The robust loss kernel 𝜅, adopted from [26], is 
used to mitigate the influence of outliers. The SDF term 𝐿sdf encourages 
transformed source points to lie on the target zero-level set, thus 
aligning the two implicit surfaces. The rotation regularization term 
𝐿rotation encourages 𝐑 to remain orthogonal during optimization.

3.4. Fusion

After fine registration, all poses are aligned in a common coordinate 
system, yielding a unified representation of the object. Since each pose 
is initially reconstructed independently, we can use the aligned multi-
pose data to retrain a single implicit function from all available input 
images. Specifically, we transform the camera extrinsics of all views 
into the target coordinate frame and jointly train one neural implicit 
surface using the merged multi-view image set.

This fusion step is optional. For objects with relatively simple ge-
ometry, the fused mesh obtained directly after fine registration is often 
sufficient. Retraining the unified implicit function is most useful for 
objects with fine geometric details or severe self-occlusion, where in-
tegrating complementary observations from multiple poses can further 
improve reconstruction fidelity.
5 
4. Experiments

4.1. Dataset

To evaluate our multi-pose, multi-view reconstruction framework, 
we construct a dataset comprising 18 3D objects, including 11 synthetic 
models and 7 real-world captures. The objects exhibit complex shapes 
and severe self-occlusions, covering both controlled virtual settings and 
practical acquisition scenarios. Following a consistent capture protocol, 
each object is recorded under three different poses, with 30 to 40 multi-
view images per pose captured along an upper-hemisphere trajectory. 
Fig.  6 provides an overview of the dataset and the corresponding fusion 
results.

For the synthetic data, we use BlenderNeRF1 together with Blender 
to generate high-quality RGB images and ground-truth camera pa-
rameters. For the real-world data, we capture multi-view, multi-pose 
images using an iPhone. Since our method does not estimate or optimize 
object scale, scale consistency across poses is required for accurate 
registration. We therefore calibrate camera intrinsics and extrinsics 
using a 1m × 1m ArUco marker board rather than relying solely on 
COLMAP [27,28]. Given the known physical dimensions of the marker 
board, the recovered camera parameters share a common metric scale 
across all poses, eliminating the unit-scale discrepancy that would 
otherwise arise between independently reconstructed poses. As a result, 
all per-pose reconstructions are represented in the same coordinate 
system, which is a prerequisite for accurate registration.

4.2. Implementation details and runtime performance

We implement PoseFusion using PyTorch and conduct all experi-
ments on a single NVIDIA RTX 4090 GPU. While PoseFusion is compat-
ible with any NeRF-based method that supports SDF learning, such as 
NeuS [2], VolSDF [3], Neuralangelo [29], and HF-NeuS [7], we adopt 
Voxurf [4] as our backbone due to its efficiency and ease of use.

For all experiments, we uniformly sample 𝑁𝑜 = 100,000 points on 
the OBB surfaces of the input shapes. For zero-level set operations, we 
use a threshold of 1 × 10−3 to determine convergence during snapping. 
For feature matching, we use the pre-trained eLoFTR model without 
additional fine-tuning. The optimization is performed using the Adam 
optimizer with a learning rate of 1×10−4 and a total of 5000 iterations.

We report the computational cost of the Voxurf-based PoseFusion 
implementation. The dominant cost arises from the SDF reconstruction 
and fusion retraining stages, each of which takes approximately 30 min. 
In contrast, the registration stages are relatively lightweight: coarse 
registration takes 3.82 min on average, while fine registration takes 
0.73 min on average. Overall, the complete pipeline requires approxi-
mately 65 min, with similar runtimes for both synthetic and real-world 
cases (see Table  3). During registration, the peak GPU memory usage is 
about 8GB on a single NVIDIA RTX 4090, leaving sufficient headroom 
for deployment on a standard high-end GPU.

1 https://github.com/maximeraafat/BlenderNeRF.

https://github.com/maximeraafat/BlenderNeRF
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Fig. 5.  Overview of the fine registration stage. This stage refines pose alignment by combining 2D keypoint correspondences extracted by eLoFTR with SDF-based 
geometric constraints. The coarse transformation is first applied to the source camera extrinsics, and candidate source–target image pairs are selected according to 
camera-pose similarity. eLoFTR then extracts 2D correspondences from the selected image pairs. These correspondences are lifted to 3D by tracing along camera 
rays and snapping to the zero-level set of the learned SDFs. Finally, the source and target SDFs, 𝑆source and 𝑆target, are used to compute consistency losses that 
refine the inter-pose transformation.

Fig. 6. Overview of the dataset and PoseFusion results. Our dataset consists of 11 synthetic models and 7 real-world captures; the real-world captures are 
calibrated using a 1m × 1m ArUco marker board. For each object, we show a representative input image and a rendered view of the reconstructed 3D surface. 
These results demonstrate that PoseFusion effectively aligns and fuses pose-wise neural implicit surfaces across significantly different object poses. Two additional 
dataset models are shown in Fig.  10.
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Table 2
Ablation study of the proposed registration pipeline. We report quantitative registration results for two source-to-target pairs, (source1, target) and (source2, target), 
with each entry formatted as source1∕source2. ‘‘–’’ denotes failure cases. Removing fine registration significantly reduces accuracy, while removing coarse 
registration causes the pipeline to fail across all evaluated objects.
 Metric Method Bunny Book Nikon Heel Slipper Figurine A Tank Monster Figurine B Rubik’s Cube Lego  
 

R (◦, ↓)

w/o coarse reg. –/– –/– –/– –/– –/– –/– –/– –/– –/– –/–  
 w/o fine reg. 6.72/8.58 14.76/10.66 1.80/1.82 10.25/4.43 5.85/1.44 0.98/1.61 3.47/1.12 8.82/10.49 0.04/0.20 0.22/0.74  
 RANSAC + fine reg. 0.15/2.09 0.12/– –/– 0.13/1.66 0.07/0.25 0.16/0.23 –/0.17 0.06/0.22 –/– –/–  
 Coarse reg. + HLoc 3.29/1.47 14.12/9.99 13.99/1.94 3.49/4.58 4.70/0.90 1.43/1.20 0.49/3.45 5.88/7.99 0.09/0.15 –/–  
 Full model 0.09/0.02 0.11/0.18 0.09/0.11 0.12/0.07 0.01/0.03 0.14/0.09 0.03/0.03 0.04/0.06 0.08/0.11 0.05/0.20 
 

T(×102) ↓

w/o coarse reg. –/– –/– –/– –/– –/– –/– –/– –/– –/– –/–  
 w/o fine reg. 1.19/3.98 8.05/5.86 1.31/1.81 3.25/3.82 4.49/1.29 6.98/8.00 2.39/1.78 4.61/12.56 0.55/0.14 4.16/2.79  
 RANSAC + fine reg. 0.01/0.46 1.62/– –/– 0.09/0.50 0.13/0.25 0.11/0.07 –/0.43 0.04/0.05 –/– –/–  
 Coarse reg. + HLoc 0.60/0.14 3.46/3.14 0.48/0.13 1.06/1.45 2.70/0.49 2.10/0.59 1.21/3.53 1.03/0.34 –/– –/–  
 Full model 0.10/0.02 0.06/0.03 0.07/0.14 0.03/0.02 0.01/0.02 0.13/0.10 0.03/0.02 0.03/0.06 0.14/0.10 0.07/0.18 
Table 3
Running time of the coarse and fine registration stages. Time is measured in 
minutes on a single NVIDIA RTX 4090 GPU. We report results separately for 
synthetic and real-world cases, as well as the average runtime across both 
settings. 
 Category Coarse registration Fine registration 
 Synthetic 4.42 0.63  
 Real 3.02 0.85  
 Average 3.82 0.73  

4.3. Results and comparisons

In the following, we first validate PoseFusion on synthetic multi-
pose benchmarks to assess its robustness under controlled pose varia-
tions and large baselines. We then evaluate our method on real cap-
tured multi-pose sequences, comparing against state-of-the-art neural-
scene registration approaches, including DReg-NeRF [18], Reg-NF [19], 
and GaussReg [21], in terms of both registration accuracy and recon-
struction quality.

We conducted comparative experiments with two state-of-the-art 
neural registration methods: DReg-NeRF [18] and Reg-NF [19]. We 
do not compare with nerf2nerf [17] as it requires manual operation. 
Qualitative results are shown in Figs.  7, and 8 shows the detailed result 
of PoseFusion, compared to the result of the single-view reconstruction. 
Table  1 provides a quantitative evaluation of the synthetic dataset, fur-
ther confirming the strength and accuracy of our approach. As shown 
in the results, our method consistently achieves the most accurate and 
stable performance across all test cases.

DReg-NeRF does not align the three poses due to the significant dif-
ferences between them. In the initial reconstruction stage, the limited 
view coverage in our dataset leads to an occupancy grid with many 
outliers. These inaccuracies in the reconstructed geometry significantly 
reduce the quality of the following registration process, ultimately 
leading to failure.

Reg-NF performs reasonably well on simple objects, such as Bunny
and Book, but struggles with challenging cases involving severe self-
occlusion, such as Heel Slipper and Monster. This is because the method 
samples only on a certain area for each pose. When two sampling areas 
are hardly overlapped (which is common in models with severe self-
occlusion), it fails to align the three poses correctly. GaussReg also fails 
in these challenging cases because it is mainly designed for registration 
of indoor scenes, which exhibit a large amount of planar geometries 
(e.g., walls and furniture) and its geometry transformer is not suitable 
for object level cases, failing to identify sufficient matching feature 
point pairs of objects.

Further analysis shows that the failure cases of Reg-NF are mainly 
due to its reliance on coarse registration initialization. When the initial 
alignment is inaccurate, the method tends to get stuck in local minima, 
leading to significant registration errors. This issue is clear in the final 
results, such as the misalignment of the camera lens and the cloak of 
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Table 4
Quantitative comparison under different Top-𝑘 candidate settings. Each row 
reports the mean rotation and translation errors over all test cases. The 
configuration with 𝑘 = 10 achieves the lowest errors, indicating the best overall 
registration accuracy.
 Top-𝑘 setting 𝐑 (◦, ↓) 𝐓 (×102, ↓) 
 𝑘 = 1 0.9325 0.3956  
 𝑘 = 3 0.4106 0.1944  
 𝑘 = 5 0.4493 0.1933  
 𝑘 = 10 0.1373 0.1533  

the figurine. Despite these challenges, our method shows strength in 
handling objects with large pose variations, complex shapes, and severe 
self-occlusions, which are situations where other neural registration 
methods often struggle.

In addition to the registration accuracy reported above, we fur-
ther evaluate the final reconstruction quality from both geometric 
and rendering perspectives. Table  6 reports compact geometry metrics 
on ten representative cases, including bidirectional Chamfer distance 
(CD𝑏𝑖), bidirectional normal consistency (NC𝑏𝑖), and F-score under mul-
tiple thresholds. The fused result achieves the best CD𝑏𝑖 and NC𝑏𝑖
on most objects and maintains strong F-score performance across the 
evaluated thresholds. This indicates that the proposed registration-
and-fusion pipeline does not merely align pose-wise neural surfaces, 
but also improves the completeness and geometric consistency of the 
final reconstructed surface. Table  7 further compares the rendering 
quality of the fused result against the independently reconstructed 
single-pose results using PSNR and SSIM. Across all listed objects, the 
fusion result obtains the best PSNR and SSIM, while the strongest 
single-pose baseline varies from case to case. This trend confirms that 
the improvement comes from integrating complementary observations 
from multiple poses rather than relying on one favorable pose. The ad-
vantage is especially meaningful for objects with severe self-occlusion 
or pose-dependent visibility, where different individual poses miss 
different regions and the fused model benefits from the union of visible 
surface evidence. These additional experiments further demonstrate 
that PoseFusion maintains stable registration and fusion performance 
across both synthetic and real-world multi-pose reconstruction settings.

Table  5 summarizes the qualitative differences among several recent 
registration methods. We categorize them based on six criteria: whether 
manual initialization is required, the use of pose supervision, the level 
of registration (object or scene), the type of dataset used, the regis-
tration target (e.g., camera poses or surface geometry), and the input 
modality. As shown in this table, we quantitatively compare with DReg-
NeRF [18], Reg-NF [19], and GaussReg [21] because these methods 
are the closest to our setting in terms of multi-view neural-scene 
registration. While RelPose [13], PoseDiffusion [12], and Cameras-as-
Rays [14] focus on estimating object-level camera poses from unposed 
RGB inputs, REGTR [16] and FGR [15] target geometric alignment 
using point clouds. NeRFuser [30], VF-NeRF [31], and F2M-Reg [32] 
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Fig. 7. Qualitative registration comparison with DReg-NeRF, RegNF, and GaussReg. Each row shows the individual pose-wise reconstructions, ground truth, 
our aligned result, and baseline results. Colors indicate reconstructions from different object poses. The compared objects exhibit large pose variation, complex 
topology, partial symmetry, and strong self-occlusion. In challenging cases such as Heel Slipper, Reg-NF can converge to an almost 180◦ misalignment, while 
DReg-NeRF fails to correctly align the poses. In contrast, PoseFusion successfully aligns all three poses and produces coherent, complete reconstructions. Since 
nerf2nerf requires manually annotated keypoints, it is not directly applicable to our fully automatic multi-pose setting and is omitted from this comparison.  (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
further push registration directly into the NeRF space by aligning 
implicit radiance fields or jointly optimizing camera poses from RGB(-
D) sequences, while recent GS-based methods such as GaussReg [21] 
and RegGS [33] perform scene-level registration in the space of 3D 
Gaussian primitives. In contrast, PoseFusion operates at the object level 
on SDF-based neural surfaces and targets multi-pose fusion under large 
pose changes, thereby bridging traditional raw-sensor registration and 
neural-scene registration.

4.4. Ablation studies

To evaluate the necessity of each registration stage, we conduct 
ablation studies to disentangle the contributions of SDF-based coarse 
8 
registration, OBB alignment, and the fine registration stage that jointly 
optimizes SDF consistency and image features.

Quantitative results are reported in Table  2. Removing the fine reg-
istration module (w/o fine reg.) significantly reduces accuracy across 
all cases, especially on the Book and Nikon objects. In contrast, remov-
ing the coarse registration stage (w/o coarse reg.) resulted in complete 
registration failure across all evaluated objects, as indicated by the 
‘‘All failed’’ row in the table. We pick up one case as an example, 
shown in Fig.  9. This demonstrates the critical role of coarse align-
ment in providing a sufficiently close initialization for subsequent fine 
registration to succeed. We replace our coarse registration stage with 
RANSAC (RANSAC + fine reg.) and it fails on certain cases because 
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Fig. 8. Visual comparison of the final fused geometry and individual pose-wise reconstructions. Using the transformations estimated by PoseFusion, we express 
the camera extrinsics of all input views in the coordinate frame of the target pose. We then merge the multi-view images from all poses and jointly train a single 
neural implicit surface. Panel (a) shows a representative input image from the upright orientation; panel (b) shows the ground-truth mesh; panel (c) presents the 
final fused reconstruction; and panel (d) shows reconstructions trained from individual poses. The highlighted regions show details that are missing or distorted 
in individual reconstructions due to incomplete view coverage. In contrast, the fused reconstruction recovers these regions with improved geometric completeness 
and surface detail. Colors indicate reconstruction results from different individual poses.  (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)
Table 5
Qualitative comparison of recent registration methods. We compare each method by input modality, initialization requirement, supervision setting, application 
scenario, dataset type, and registration target. ‘‘R’’ and ‘‘S’’ indicate real captures and synthetic inputs, respectively.
 Method Input Initialization Registration Type Target Dataset 
 RelPose [13] Single-pose multi-view RGB images Auto Supervised Object Camera poses R & S  
 PoseDiffusion [12] Single-pose multi-view RGB images Auto Supervised Object Camera poses R & S  
 NeRFuser [30] Neural fields Auto Unsupervised Scene Neural fields R & S  
 VF-NeRF [31] Neural fields Auto Unsupervised Scene Neural fields R & S  
 Cameras as Rays [14] Single-pose multi-view RGB images Auto Supervised Object Camera poses R & S  
 REGTR [16] Point clouds Auto Supervised Scene Point clouds R & S  
 FGR [15] Point clouds Auto Unsupervised Scene Point clouds R & S  
 F2M-Reg [32] Single-pose multi-view RGB-D images Auto Unsupervised Scene Camera poses R & S  
 RegGS [33] Single-pose multi-view RGB images Auto Unsupervised Scene 3D Gaussians R & S  
 GaussReg [21] Multi-pose multi-view RGB images Auto Supervised Scene 3D Gaussians R & S  
 nerf2nerf [17] Multi-pose multi-view RGB images Manual Unsupervised Object Neural fields R & S  
 DReg-NeRF [18] Multi-pose multi-view RGB images Auto Supervised Object Neural fields S  
 Reg-NF [19] Multi-pose multi-view RGB images Auto Unsupervised Object Neural fields S  
 PoseFusion (ours) Multi-pose multi-view RGB images Auto Unsupervised Object Neural fields R & S  
Fig. 9. Ablation study of the coarse and fine registration stages. (a) Individual pose-wise reconstructions before registration. (b) Fine registration without coarse 
initialization fails to converge. (c) Coarse registration alone roughly aligns the poses but leaves noticeable residual misalignment. (d) The full PoseFusion model 
accurately registers the objects. (e) Close-up views comparing the coarse-only and full-model results, highlighting the improvement brought by fine registration.
of lacking image feature information. We ablate the fine registration 
by replacing our eLoFTR-based correspondence lifting with Hloc (Su-
perPoint + SuperGlue) while keeping a loss-based optimization(Coarse 
reg + HLoc). Matched pixels are lifted to 3D via differentiable sphere 
tracing on our SDF; we then minimize a weighted robust reprojection 
loss optionally combined with zero-level SDF consistency and depth 
visibility terms. This keeps the optimization in the same family as ours, 
9 
isolating the effect of the feature/matcher choice rather than switching 
to a closed-form pipeline. 

We further analyze the effect of the Top-𝑘 matched image pairs 
used as input to eLoFTR in the fine registration stage. As shown in 
Table  4, registration accuracy improves rapidly with 𝑘 and is best at 
𝑘 = 10, which we adopt as the default; smaller budgets (𝑘 ∈ {1, 3, 5}) 
leave too few valid 2D correspondences after zero-level-set lifting and 
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Fig. 10.  Failure cases. Left sub-figure shows our method fails due to ambiguous object geometry with multiple plausible OBBs. Column (a): The object can be 
enclosed by two spatially distinct OBBs. Column (b): 2D illustration of this ambiguity. Column (c): Input images of failure cases, including one real scan and one 
synthetic object. Column (d & e): Even after coarse registration, large rotational misalignment (over 30 degrees) remains between the two poses. Right sub-figure 
shows the failure case caused by low view overlap. (a) draws the individual reconstruction results before registration. (b) shows the coarse registration output. 
(c) illustrates the failure of the fine registration stage. (d) and (e) highlight incorrect correspondences predicted by eLoFTR due to the lack of overlapping regions.
Table 6
Quantitative evaluation of reconstructed mesh quality on ten representative objects. We report bidirectional Chamfer distance CD𝑏𝑖, shown in ×10−3, bidirectional 
normal consistency NC𝑏𝑖, and F-score at thresholds 0.005, 0.01, and 0.02. For each object and metric, the best result among Fusion, Pose-1, Pose-2, and Pose-3
is highlighted in boldface, and the second-best result is underlined. The fused results consistently outperform those obtained from individual poses.
 Setting Metric Bunny Book Nikon Heel Slipper Figurine A Tank Monster Figurine B Rubik’s Cube Lego  
 

Fusion

CD𝑏𝑖 (×10−3, ↓) 0.438 5.035 4.376 6.088 2.882 8.356 1.468 11.131 3.546 8.775  
 NC𝑏𝑖 (↑) 0.9921 0.8872 0.8944 0.9037 0.9281 0.7944 0.9255 0.8797 0.9541 0.6559 
 F0.005 (↑) 0.9998 0.7988 0.7594 0.7029 0.8715 0.6545 0.9336 0.5733 0.7302 0.4345 
 F0.01 (↑) 1.0000 0.8420 0.8115 0.8334 0.9166 0.7889 0.9670 0.7636 0.9136 0.7014 
 F0.02 (↑) 1.0000 0.8827 0.9414 0.9223 0.9559 0.8967 0.9923 0.8192 1.0000 0.8752 
 

Pose-1

CD𝑏𝑖 (×10−3, ↓) 1.077 5.937 5.521 6.988 3.177 11.736 2.390 10.631 7.583 11.033  
 NC𝑏𝑖 (↑) 0.9872 0.8633 0.8684 0.8759 0.9242 0.7687 0.9092 0.8683 0.9446 0.6415  
 F0.005 (↑) 0.9805 0.7025 0.6802 0.6550 0.8490 0.5708 0.8717 0.5495 0.6380 0.3818  
 F0.01 (↑) 0.9976 0.8176 0.7678 0.7937 0.9035 0.7055 0.9340 0.7398 0.8271 0.6217  
 F0.02 (↑) 0.9995 0.8787 0.9223 0.9009 0.9541 0.8332 0.9769 0.8088 0.9218 0.8256  
 

Pose-2

CD𝑏𝑖 (×10−3, ↓) 3.688 7.027 4.919 5.746 3.597 18.776 2.423 14.085 8.388 11.774  
 NC𝑏𝑖 (↑) 0.9474 0.8560 0.8862 0.8976 0.9136 0.7481 0.9058 0.8684 0.9436 0.6402  
 F0.005 (↑) 0.8891 0.7330 0.7061 0.6892 0.8264 0.5103 0.8717 0.4948 0.6046 0.3918  
 F0.01 (↑) 0.9076 0.7865 0.7910 0.8319 0.8815 0.6150 0.9337 0.7051 0.7946 0.6172  
 F0.02 (↑) 0.9374 0.8423 0.9383 0.9225 0.9444 0.7134 0.9799 0.7561 0.8985 0.8131  
 

Pose-3

CD𝑏𝑖 (×10−3, ↓) 2.867 6.383 9.070 5.918 3.139 10.619 2.583 9.898 7.390 10.612  
 NC𝑏𝑖 (↑) 0.9608 0.8628 0.8451 0.8997 0.9211 0.7749 0.9019 0.8727 0.9406 0.6357  
 F0.005 (↑) 0.9196 0.6871 0.6328 0.6660 0.8494 0.5871 0.8537 0.5758 0.6499 0.4006  
 F0.01 (↑) 0.9399 0.8177 0.6958 0.8038 0.9066 0.7254 0.9222 0.7593 0.8427 0.6499  
 F0.02 (↑) 0.9573 0.8804 0.8388 0.9141 0.9553 0.8438 0.9779 0.8287 0.9228 0.8416  
produce noticeably larger rotation and translation errors. Finally, we 
examine the optional retraining stage of the fusion module. Table  8 
compares the full pipeline (Fusion, with retraining) against Fusion (no 
retraining), a purely explicit alternative in which the three registered 
per-pose meshes are concatenated into a single multi-component mesh, 
with vertices and any resulting degenerate triangles merged at a toler-
ance of 5 × 10−5 of the object’s bounding-box diagonal. Both variants 
substantially outperform the best single-pose reconstruction on CD𝑏𝑖, 
NC𝑏𝑖, and F-scores, and retraining further improves over direct merging 
on most objects

4.5. Failure cases

Although our pipeline is robust for most object registrations, it 
may still fail in certain challenging scenarios. We summarize two 
representative failure cases as follows. The first case is multiple plau-
sible bounding boxes. Registration may also fail when the object has 
multiple plausible OBBs with significantly different spatial orientations. 
As shown in the left part of Fig.  10(a)–(b), the object can be enclosed 
by two valid OBBs located in distinct spatial regions, leading to failure 
in the coarse registration stage. (d)–(e) illustrate this ambiguity in 2D 
for better visualization, while (c) and (d) show the initial state and the 
10 
coarse registration result. We observe that although the object centers 
roughly align after coarse registration, the relative rotation between 
poses remains significantly large (exceeding 120◦).

The other case is insufficient view coverage When the coverage 
between two object captures is too low, registration becomes infeasible. 
In such cases, matched image pairs may exhibit large viewpoint dif-
ferences, resulting in a lack of reliable correspondences. Consequently, 
feature matching via local descriptors (e.g., eLoFTR) often leads to 
incorrect matches. As shown in the right part of Fig.  10, pose 1 captures 
the front side of the object, while pose 2 captures the back side, leaving 
almost no overlapping regions. Nevertheless, eLoFTR erroneously pre-
dicts matches between unrelated regions. It is important to note that 
large pose differences are acceptable, but at least one part of the object 
must appear in both poses (e.g., the head of a figurine) for successful 
registration.

5. Conclusion

We presented PoseFusion, a two-stage pipeline for registering and 
fusing multiple neural implicit surfaces of the same object captured un-
der different poses. In the first stage, PoseFusion uses oriented bound-
ing boxes as geometric proxies and incorporates both SDF samples and 
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Table 7
Rendering-quality comparison on representative cases. The fused results consistently outperform those obtained from individual poses, indicating that joint fusion 
improves rendering quality. For each object and metric, the best result among Fusion, Pose-1, Pose-2, and Pose-3 is shown in boldface, and the second-best is 
underlined.
 (a) Synthetic data.
 Setting Metric Bunny Book Nikon Heel Slipper Figurine A Tank Monster Figurine B Rubik’s Cube Lego  
 Fusion PSNR ↑ 28.4440 32.1437 33.9464 26.9313 30.5287 29.7910 31.7125 31.5415 34.4311 30.9647 
 SSIM ↑ 0.9382 0.9690 0.9587 0.9291 0.9642 0.9395 0.9354 0.9577 0.9703 0.9385  
 Pose-1 PSNR ↑ 28.3997 21.9916 24.9302 21.0697 24.1770 21.2619 24.0936 25.6936 23.9110 25.1429  
 SSIM ↑ 0.9244 0.8751 0.8898 0.8209 0.9179 0.8314 0.8473 0.9069 0.8749 0.8848  
 Pose-2 PSNR ↑ 27.8412 24.4882 23.3294 21.8896 25.3104 20.6126 23.8719 26.0259 21.2495 22.8247  
 SSIM ↑ 0.9235 0.9099 0.8813 0.8701 0.9302 0.8159 0.8572 0.9249 0.8496 0.8660  
 Pose-3 PSNR ↑ 27.8621 23.3804 24.7849 21.2658 22.5920 21.8648 23.5052 26.0529 25.7846 23.6938  
 SSIM ↑ 0.9125 0.8910 0.8669 0.8376 0.8972 0.8526 0.8435 0.9147 0.9145 0.8662

 (b) Real world data.
 Setting Metric Figurine C Figurine D Figurine E Figurine F Joystick Airplane 
 Fusion PSNR ↑ 25.8292 28.5216 29.8639 28.7642 24.0179 29.1024 
 SSIM ↑ 0.9254 0.9485 0.9609 0.9518 0.8724 0.9561  
 Pose-1 PSNR ↑ 21.5096 22.7843 22.1113 22.8398 21.9449 15.9110  
 SSIM ↑ 0.8725 0.9052 0.9092 0.9085 0.8382 0.8859  
 Pose-2 PSNR ↑ 20.6875 23.4906 21.6551 23.3337 21.7443 24.8296  
 SSIM ↑ 0.8633 0.8952 0.8908 0.9154 0.8476 0.9293  
 Pose-3 PSNR ↑ 21.8500 22.7877 24.0003 21.9944 22.0086 25.2358  
 SSIM ↑ 0.8717 0.8875 0.9103 0.9033 0.8390 0.9266  
Table 8
Ablation study of the fusion retraining stage. ‘‘Direct fusion’’ concatenates the registered pose-wise surface observations without retraining, while ‘‘usion retraining’’ 
learns one unified implicit surface from all aligned multi-pose images. We report CD𝑏𝑖 in ×10−3, NC𝑏𝑖, and F-score at multiple thresholds. Lower values are better 
for CD𝑏𝑖, while higher values are better for NC𝑏𝑖 and F-scores. All entries have 𝑃 valid

𝑓 = 1.0000.

 Bunny Book Nikon Heel Slipper Figurine A Tank Monster Figurine B Rubik’s Cube Lego Avg.  
 CD𝑏𝑖 ↓ (Direct fusion) 1.856 6.014 5.341 4.677 2.858 9.273 11.235 8.071 5.371 8.412 6.311  
 CD𝑏𝑖 ↓ (Fusion retraining) 0.438 5.035 4.376 6.088 2.882 8.356 1.468 11.131 3.546 8.775 5.204  
 NC𝑏𝑖 ↑ (Direct fusion) 0.9755 0.8645 0.8782 0.9054 0.9256 0.7836 0.8395 0.8750 0.9403 0.6492 0.8637  
 NC𝑏𝑖 ↑ (Fusion retraining) 0.9921 0.8872 0.8944 0.9037 0.9281 0.7944 0.9255 0.8797 0.9541 0.6559 0.8816 
 F0.005 ↑ (Direct fusion) 0.9564 0.7592 0.7352 0.7470 0.8765 0.6849 0.7532 0.6388 0.7122 0.5107 0.7374  
 F0.005 ↑ (Fusion retraining) 0.9998 0.7988 0.7594 0.7029 0.8715 0.6545 0.9336 0.5733 0.7302 0.4345 0.7458 
 F0.01 ↑ (Direct fusion) 0.9667 0.8221 0.7973 0.8611 0.9172 0.7969 0.8108 0.7880 0.8883 0.7461 0.8395  
 F0.01 ↑ (Fusion retraining) 1.0000 0.8420 0.8115 0.8334 0.9166 0.7889 0.9670 0.7636 0.9136 0.7014 0.8538 
 F0.02 ↑ (Direct fusion) 0.9759 0.8723 0.9281 0.9354 0.9557 0.8837 0.8625 0.8505 0.9555 0.8960 0.9116  
 F0.02 ↑ (Fusion retraining) 1.0000 0.8827 0.9414 0.9223 0.9559 0.8967 0.9923 0.8192 1.0000 0.8752 0.9286 
 F0.05 ↑ (Direct fusion) 0.9900 0.9999 0.9839 0.9965 0.9988 0.9550 0.9238 0.9675 0.9849 0.9835 0.9784  
 F0.05 ↑ (Fusion retraining) 1.0000 1.0000 0.9916 0.9736 0.9977 0.9661 1.0000 0.9126 1.0000 0.9814 0.9823 
image features to estimate a coarse yet reliable initial alignment. This 
initialization reduces the risk of converging to poor local minima, espe-
cially under large rotational differences between poses. In the second 
stage, PoseFusion refines the alignment using image correspondences 
lifted to the zero-level sets of the learned SDFs, yielding more accu-
rate final registration. Experiments on both synthetic and real-world 
objects demonstrate that PoseFusion effectively fuses partial pose-wise 
reconstructions into coherent and complete surface models.

Limitations. The current implementation does not explicitly handle 
photometric inconsistencies such as shadows, specular highlights, or 
view-dependent shading during pose fusion. Even under stable lighting, 
these effects can cause the same surface region to exhibit different 
appearances across poses, leading to pose-dependent reconstruction 
differences. This remains a common challenge for both NeRF and 3DGS-
based methods. Recent work addresses this issue by modeling BRDFs, 
view-dependent appearance, or relighting [34–36]. Integrating such 
techniques into PoseFusion could improve photometric consistency and 
visual realism, which we plan to explore in future work.
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