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Abstract

6D object pose estimation has shown strong generaliz-
ability to novel objects. However, existing methods often
require either a complete, well-reconstructed 3D model or
numerous reference images that fully cover the object. Es-
timating 6D poses from partial references, which capture
only fragments of an object’s appearance and geometry, re-
mains challenging. To address this, we propose UA-Pose,
an uncertainty-aware approach for 6D object pose estima-
tion and online object completion specifically designed for
partial references. We assume access to either (1) a lim-
ited set of RGBD images with known poses or (2) a single
2D image. For the first case, we initialize a partial ob-
ject 3D model based on the provided images and poses,
while for the second, we use image-to-3D techniques to
generate an initial object 3D model. Our method inte-
grates uncertainty into the incomplete 3D model, distin-
guishing between seen and unseen regions. This uncer-
tainty enables confidence assessment in pose estimation
and guides an uncertainty-aware sampling strategy for on-
line object completion, enhancing robustness in pose esti-
mation accuracy and improving object completeness. We
evaluate our method on the YCB-Video, YCBInEOAT, and
HO3D datasets, including RGBD sequences of YCB objects
manipulated by robots and human hands. Experimental
results demonstrate significant performance improvements
over existing methods, particularly when object observa-
tions are incomplete or partially captured. Project page:
https://minfenli.github.io/UA-Pose/

1. Introduction

6D object pose estimation, which determines the rigid 6-
degree-of-freedom transformation between an object and a
camera, is essential for various real-world applications such
as robotic manipulation [17, 38, 39, 49] and augmented re-
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Figure 1. Overview of UA-Pose. (a) We initialize an incomplete
object 3D model M (Sec. 3.2), which is a hybrid mesh that com-
bines texture, geometry, and uncertainty. (b) Given a sequence of
RGBD test images, our method estimates the 6D pose of the ob-
ject in each test image (Sec. 3.3) based on the incomplete model
M. (c) While more test images are captured, we store them with
estimated poses in a memory pool, which will be used for online
object completion (Sec. 3.4) to refine the incomplete model M.

ality [22, 29]. Recent research introduced model -based and
model-free approaches that can generalize to arbitrary novel
objects. These methods push the boundaries of pose estima-
tion for real-world applications and can be divided into two
scenarios based on the object information available before-
hand. Model-based methods [1, 2, 4, 11, 13, 16, 23, 24, 28]
require textured 3D CAD models of the object to estimate
6D object poses in 2D images by establishing 2D-3D cor-
respondences. In contrast, model-free methods leverage a
large set of posed reference RGB images [19], RGBD im-
ages [10, 41], or video sequences [7, 31] to estimate object
poses without the need for CAD models.

https://minfenli.github.io/UA-Pose/


To bridge model-based and model-free methods, Foun-
dationPose [41] proposes a unified framework that supports
both model-based and model-free setups, using 3D CAD
models or posed RGBD images (referred to as references).
While effective in generalizing to novel objects, Founda-
tionPose and similar model-free methods [7, 10, 31] still de-
pend on high-quality 3D models or sufficient posed RGBD
images that capture the object from sufficient viewpoints.
However, assuming the availability of high-quality 3D mod-
els is often impractical due to the vast number of objects
that remain uncaptured or unmodeled in real-world environ-
ments. Likewise, obtaining adequate posed RGBD images
is challenging, as real-world settings frequently involve lim-
ited viewpoints, occlusions from nearby objects, and com-
plexities in estimating camera poses in dynamic scenes.

To address these challenges, we present UA-Pose, an
uncertainty-aware approach for 6D pose estimation and on-
line object completion as shown in Fig. 1. Our approach
is designed to work with partial reference inputs that can
include valuable meta-information for robotic tasks, such
as grasping patterns, detection markers, or affordance la-
bels. We consider two scenarios: (1) When a limited set
of reference RGBD images with known poses is avail-
able, we initialize an incomplete 3D model using these im-
ages and poses; (2) When only a single unposed RGB im-
age is available, we apply image-to-3D techniques to gen-
erate an initial object 3D model for pose estimation. By
marking unseen regions as uncertain, we introduce a hybrid
representation (Sec. 3.2) that integrates texture, geometry,
and uncertainty. The uncertainty is utilized during our pro-
posed uncertainty-aware pose estimation (Sec. 3.3) to pro-
vide confidence for estimated poses. Additionally, we pro-
pose an uncertainty-aware sampling strategy to select in-
formative images for online object completion, iteratively
refining the object 3D model during testing (Sec. 3.4).

We evaluate our approach on the YCB-Video, YCBI-
nEOAT, and HO3D datasets. The results demonstrate sig-
nificant improvements over existing methods and highlight
the applicability of our uncertainty-aware approach in real-
world scenarios where fully captured 3D models are often
unavailable. To summarize, our contributions are:
• We propose an uncertainty-aware approach for 6D object

pose estimation (Sec. 3.3) and online object completion
(Sec. 3.4), which improves both pose accuracy and object
completeness when only partial references are available.

• We develop a hybrid representation (Sec. 3.2) incorporat-
ing uncertainty. The uncertainty enables confidence as-
sessment in pose estimation and supports an uncertainty-
aware sampling strategy for online object completion.

• We demonstrate pose estimation from a single RGB im-
age by leveraging single-image-to-3D methods, which
generate an initial model for pose estimation and provide
augmented data for online object completion (Sec. 3.5).

• Our method supports different partial object references
as input, which could be associated to meta-information,
making it feasible for real-world applications.

2. Related Work
2.1. Model-based Object Pose Estimation

Traditional model-based pose estimation methods can be
divided into two categories: instance-level [8, 9, 12, 25]
and category-level [3, 15, 32, 34, 46, 47]. Both types of
methods assume that a textured CAD model of the specific
object or similar object categories is available during train-
ing. However, these approaches are limited to objects seen
during training, significantly restricting their applicability
in real-world scenarios where many objects remain unseen
or unmodeled. To address this limitation, zero-shot meth-
ods have been proposed [2, 11, 13, 16, 28], which estimate
the pose of novel objects by providing their CAD models at
test time. These methods use object CAD models to either
render 2D images for feature matching and 2D-3D corre-
spondence estimation or leverage point clouds from CAD
models to estimate 3D-3D correspondences. While these
approaches improve generalization to unseen objects, they
still require access to high-quality 3D models at test time,
which is often impractical in real-world settings.

2.2. Model-free Object Pose estimation

Model-free methods eliminate the need for an explicit
textured CAD model. Gen6D [19] introduces a pipeline
to estimate object poses from RGB images with known
poses. However, due to limited training data, Gen6D
faces challenges with out-of-distribution test cases and im-
ages affected by occlusions. OnePose [31] and its exten-
sion OnePose++ [7] use structure-from-motion techniques
to reconstruct 3D point clouds from sequential RGB im-
ages and employ pre-trained 2D-3D matching networks
to estimate the pose of test images. FS6D [10] employs
a transformer-based architecture to extract features from
multi-view RGBD images for pose estimation. More re-
cently, FoundationPose [41], trained on a large synthetic
dataset, presents a unified framework that supports both
model-based and model-free setups. In its model-free set-
ting, FoundationPose requires posed reference images that
capture the object from sufficient viewpoints to reconstruct
3D models for robust pose estimation. In general, these
model-free pose estimation methods rely on either sequen-
tial RGB images with known poses or densely posed RGBD
images. However, assuming pre-captured posed RGBD im-
ages for unseen objects is impractical for two key reasons:
first, real-world applications often involve numerous unseen
objects, making it infeasible to pre-capture and collect im-
ages for each object; and second, even if sufficient images
of the novel object are available, accurately estimating cam-



era poses in dynamic environments is challenging.

2.3. Object Pose Tracking and Reconstruction

Assuming test images for pose estimation are sequential,
6D object pose tracking methods [36, 40] leverage temporal
cues to achieve efficient, smooth, and accurate pose predic-
tions across consecutive frames by estimating relative pose
transformations from each frame to the initial frame. For in-
stance, BundleSDF [40] is a 6D pose tracking method that
estimates poses from sequential RGBD images while simul-
taneously training a signed distance field (SDF) [45] repre-
sentation to maintain consistent pose estimates over time.
However, pose tracking methods are constrained to tracking
object poses within sequential images from a single video,
without support for using reference images for initial pose
estimation. In contrast, our method is designed to estimate
object poses based on given object references, which may
include metadata beneficial for robotic applications, such as
grasping patterns, barcodes, or affordance labels.

2.4. Single-Image-to-3D and Pose Estimation

Recently, single-image-to-3D methods have been devel-
oped to generate 3D models from a single image [18, 20, 21,
26, 27, 33, 43]. These methods offer potential for pose esti-
mation when textured CAD models are unavailable. For in-
stance, GigaPose [23] explored using generated models for
pose estimation; however, relying on generated 3D models
that are not closely similar to real objects can lead to im-
precise pose estimates. To address this, we apply a single-
image-to-3D approach [43] to synthesize a generated model
for early pose estimation. As real RGBD images are grad-
ually collected during testing, they are used to create a re-
fined object model, while the generated model from single-
image-to-3D methods is leveraged to produce augmented
data to improve object geometry in the uncaptured parts.
Incorporating these augmented data into the SDF training
yields more complete object models, ultimately improving
the robustness and accuracy of pose estimation.

3. Method
An overview of our method is illustrated in Fig. 1. We

begin by initializing an incomplete object 3D model M us-
ing partial references, which can be either: (1) a few refer-
ence RGBD images with known poses or (2) a single un-
posed RGB image of the object. In this work, we propose
a hybrid object representation (Sec. 3.2) that integrates tex-
ture, geometry, and uncertainty, serving as the incomplete
model M for uncertainty-aware pose estimation (Sec. 3.3).

Given a sequence of k RGB test images, I =
{I0, I1, . . . , Ik−1}, corresponding depth maps , and an
initial segmentation mask m0 for the object of interest
in the first image I0, our method estimates the 6D pose
of the object ξi in each subsequent test image Ii using

the proposed uncertainty-aware pose estimation approach
(Sec. 3.3), based on the incomplete 3D model M. During
testing, newly captured test RGBD images and their esti-
mated poses will be appended to a memory pool. These im-
ages will be used for online object completion (Sec. 3.4) to
refine the incomplete object 3D model M. Notably, when
the input reference is a single unposed RGB image, we em-
ploy a single-image-to-3D approach [43] to initialize a gen-
erated model M̂ to assist in pose estimation and object com-
pletion. More details are described in Sec. 3.5.

3.1. Background: Model-free Pose Estimation

Given RGBD reference images of a novel object and
their camera poses, the task of model-free pose estimation is
to determine the 6D object poses (i.e., the rigid 6D transfor-
mation from the object to the camera) of that novel object
in test RGBD images. FoundationPose [41] is a founda-
tional model for 6D pose estimation trained on a large-scale
dataset. In the model-free setup, it uses sufficient RGBD
reference images (e.g., 16 RGBD images) that fully cover
the object to train a Signed Distance Field (SDF) and then
extracts a mesh by marching cubes as the 3D object model.
Given the 3D object model to render object images, it intro-
duces a two-stage pipeline with two specialized networks: a
pose refinement network, which refines pose hypotheses by
estimating the relative pose between the test image and ren-
dered object images, and a pose selection network, which
identifies the best pose by comparing the test image with
rendered images based on these refined poses. However,
RGBD reference images that fully represent the object’s ap-
pearance and geometry are usually unavailable in real-world
scenarios. As a result, model-free methods may struggle to
provide accurate pose estimates when only incomplete ob-
ject models or sparse observations are available.

3.2. Hybrid Object Representation

To address the limitations, we introduce a hybrid object
representation that integrates the object’s texture, geometry,
and uncertainty, as shown in Fig. 2. This uncertainty marks
the seen and unseen regions of an incomplete 3D object
model and provides confidence in pose estimations, help-
ing to filter out less reliable results. Given a set of RGBD
images, object masks, and their camera poses, we train an
object-centric neural Signed Distance Field (SDF) [45] to
learn the partial object’s appearance and geometry.

We then extract a 3D mesh using the marching cubes al-
gorithm to explicitly model uncertainty. Inspired by Visual
Hull [14], we define object uncertainty based on visibility
inferred from 2D object masks. By projecting these masks
onto the mesh M, we label regions of M seen in the refer-
ence images as “certain” and those unseen as “uncertain”,
as shown in Fig. 2. This approach allows pose estimation to
account for both the seen and unseen parts of the object.
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Figure 2. Hybrid Object Representation Modeling. We pro-
pose a hybrid object representation (Sec. 3.2) that integrates the
object’s texture, geometry, and uncertainty. (a) First, a neural SDF
is trained and extracted as a mesh representing the object’s appear-
ance and geometry (Sec. 3.2.1). (b) Then, we check the visibility
of each mesh vertex from the viewpoint of each reference image
to create the uncertainty map (Sec. 3.2.2), which reflects the seen
and unseen regions of an incomplete 3D object model.

3.2.1 Neural SDF Training and Mesh Extraction

We follow SDF training methods similar to [40, 41] to
train a neural SDF for object modeling. The SDF defines
the object surface as the set of 3D points:

S = {x ∈ R3 | Ω(x) = 0}. (1)

where Ω : R3 → R is the SDF geometry function that maps
each 3D point x to a signed distance value s and s = 0 in-
dicates the object’s surface. Given RGBD images, object
masks, and their camera poses, we use a neural SDF to re-
construct the object’s appearance and geometry, represented
by two networks [45] as shown in Fig. 2. The geometric
network Ω : x 7→ s takes a 3D point x ∈ R3 as input
and outputs a signed distance value s ∈ R. The appearance
network Φ : (fΩ(x), d) 7→ c takes an intermediate feature
vector fΩ(x) from the geometric network along with a view
direction d ∈ R3 and outputs the color c ∈ R3 for the point.
Rendering. Given the object pose ξ, we render an image
by casting rays through each pixel. Along each ray r, 3D
points are sampled at multiple positions as follows:

xi(r) = o(r) + tid(r), (2)

where o(r) denotes the ray origin and d(r) denotes the ray
direction from the camera to the object determined by the
object pose ξ. The parameter ti ∈ R+ determines the point
position along the ray. Following the approach in [40], the
color c of a ray r is computed by integrating sampled points
near the object surface through volumetric rendering:

c(r) =

∫ z(r)+0.5λ

z(r)−λ

w(xi)Φ(fΩ(xi), d(xi))dt, (3)

w(xi) =
1

1 + e−αΩ(xi)

1

1 + eαΩ(xi)
, (4)

where w(xi) is a bell-shaped probability density func-
tion [35] based on the distance of each point from the im-
plicit object surface and α adjusts the sharpness of the den-
sity distribution. z(r) represents the ray’s depth from the

depth image and λ is the truncation distance. During volu-
metric rendering, z(r) and λ are used to exclude 3D points
far from the object surface, enhancing rendering efficiency
and preventing the SDF from overfitting to empty regions.

During training, we supervise this rendering by compar-
ing it to the reference RGB images with the color loss:

Lc =
1

|R|
∑
r∈R

∥c(r)− c̄(r)∥2 , (5)

where c̄(r) is the ground-truth color at the pixel through
which the ray r passes. For geometry learning, we leverage
depth information from the provided depth maps to super-
vise the neural (SDF) through two losses [40]: the near-
surface loss Ls and the empty space loss Le. Ls encour-
age the SDF surface to align closely with depth values and
Le enforces that points along the ray between the camera
and the surface remain empty. Additionally, we apply an
eikonal regularization loss Leik [5] to the near-surface SDF
to enforce smoothness. The total loss is represented as:

L = wcLc + weLe + wsLs + weikLeik, (6)

where wc, we, ws, and weik are weighting factors.
To explicitly model uncertainty, we convert the implicit

surface defined by the neural SDF into an explicit 3D mesh
E = (V,C, F ) with the vertices V , vertex colors C, and
faces F . To achieve this, we extract a mesh from the trained
neural SDF representation using the marching cubes algo-
rithm, which guarantees a closed-surface mesh including
vertices from any viewing angle. This allows us to model
the visibility of the object from any viewing angle even if
some parts are not visible in the reference images.

Each vertex vi ∈ V is assigned a color ci ∈ C, which
is computed using the appearance function Φ, which maps
the intermediate feature vector fΩ(vi) from the geometry
network and a view direction d ∈ R3 to the RGB color:

ci = Φ(fΩ(vi), d). (7)

3.2.2 Uncertainty Modeling

To model the uncertainty map that represents whether a
vertex is visible from the viewpoints of input references,
for each vertex vi ∈ V , we check its visibility from the
viewpoint of each reference image Īj ∈ Ī through the mesh
rasterization process, which rasterizes 3D vertices onto 2D
image pixels. We define an uncertainty score u(vi) based
on whether vi is visible from any of the viewpoints in the
reference images Īj . This uncertainty score u(vi) ∈ {0, 1}
labels vertices on the mesh as “certain” if they are seen in
any reference image (u(vi) = 0) and as “uncertain” if they
remain unseen (u(vi) = 1). The resulting uncertainty map
U = {u(vi) | vi ∈ V } is incorporated into our hybrid object
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Figure 3. Pipeline for Uncertainty-Aware Pose Estimation. Through uncertainty modeling (Sec. 3.2.2), we propose an uncertainty-aware
pipeline to assess the confidence of estimated poses (Sec. 3.3). For each estimated pose, we calculate its seen IoU, which measures the
overlap between the seen regions of the 3D model and the 2D object mask for the test image. When seen IoU is high, the pose is deemed
confident, and both the pose and its RGBD image are added to the memory pool for object completion. Conversely, if the estimated pose
has a low seen IoU, it is considered unreliable. In such cases, we employ an uncertainty-aware image sampling strategy to select images
from the memory pool for online object completion (Sec. 3.4), thus enhancing pose estimation by refining the object model during testing.

representation M = (E ,U), allowing the pose estimation
process to distinguish between seen and unseen regions.
Guidance from Uncertainty Map. Given an object pose
ξ ∈ R3×4, the model M can used to render an RGB image
I rend
ξ ∈ RH×W×3, a depth map Drend

ξ ∈ RH×W , a rendered
object mask mrend

ξ ∈ {0, 1}H×W , and an uncertainty map
U rend
ξ ∈ {0, 1}H×W at a resolution of H × W . To eval-

uate the validity and confidence of an estimated pose, we
introduce two metrics: uncertainty rate and seen IoU. The
uncertainty rate measures the proportion of the uncertain
pixels over the total pixels within the rendered object mask:∑

(U rend
ξ ⊙mrend

ξ )∑
(mrend

ξ )
, (8)

where ⊙ denotes element-wise logical multiplication. The
seen IoU measures the overlap between seen (certain) re-
gions of the rendered object mask and the object mask in
the test image, which is defined as:

IoU(¬U rend
ξ ⊙mrend

ξ ,mtest), (9)

where mtest is the object mask from the test image, ¬U rend
ξ ⊙

mrend
ξ identifies “certain” pixels within the rendered object

mask, and IoU represents the Intersection over Union func-
tion. Since pose estimation is more robust when based on
seen regions of the 3D model, a high seen IoU indicates
high confidence in the pose estimation, whereas a low seen
IoU suggests that the estimation is not reliable.

3.3. Uncentainty-aware Pose Estimation

After modeling the uncertainty, the hybrid object repre-
sentation could be used in our uncertainty-aware pose es-
timation pipeline, as shown in Fig. 3. In this work, we
leverage the pose refinement and the pose selection mod-
ules of [41] and assume that the test images are sequen-
tial. To obtain per-frame 2D object masks in test images
for calculating the uncertainty rate and seen IoU, given first
frame object mask m0, the object masks of the following

frames {m1,m2, . . . ,mk−1} is determined by off-the-shelf
segmentation methods [44].

Pose Initialization. Given an RGBD video, object masks
for each frame, and an incomplete object model M, we be-
gin by estimating the object pose for the first frame by gen-
erating multiple pose hypotheses. For each hypothesis, the
translation is initialized using the 3D point projected from
the center of the 2D object mask, determined by the me-
dian depth value within this region. For rotation, we uni-
formly sample Nv viewpoints from an icosphere centered
on the object and orient the camera to face the object’s
center. Subsequently, Nin in-plane rotations are sampled
and applied to each viewpoint, yielding Nv · Nin hypoth-
esized object poses. Each object pose can be represented
as [R | t] ∈ SE(3), where R ∈ SO(3) is the rotation and
t ∈ R3 is the translation.

Pose Refinement. After generating Nv ·Nin pose hypothe-
ses, we apply the refinement module [41] to improve pose
accuracy. Specifically, given a rendered RGBD image of
the object from each pose hypothesis and the test RGBD
image of the target object, the network outputs a pose up-
date ∆R ∈ SO(3) and ∆t ∈ R3 to refine the pose hy-
pothesis, aligning it more closely with the observed object
pose in the test image. Each refined pose is represented as
[R+|t+] ∈ SE(3), where t+ = t+∆t and R+ = ∆R⊗R.
This refinement process could be iteratively repeated. In
this work, each pose is refined five times for pose estima-
tion on the first frame and twice for subsequent frames.

Pose Selection. Given a set of refined pose hypotheses, we
apply our proposed metrics (Sec. 3.2.2) to filter out unreli-
able poses: the uncertainty rate, which measures the pro-
portion of uncertain pixels within the rendered object mask,
and the seen IoU, which quantifies the overlap between pre-
viously seen (certain) regions of the object and the object
mask in the test image. A pose hypothesis is discarded when
its uncertainty rate is above the threshold Tu or its seen IoU
is below the threshold Ts, ensuring that only reliable hy-
potheses that adequately cover seen object regions are con-



sidered. At last, we use the pose selection module [41] to
identify the most accurate pose as the final estimate.
Pose Tracking. Given the sequential nature of RGBD video
frames, object poses in adjacent frames are typically simi-
lar. For each frame following the initial one, we take the
estimated pose from the previous frame as the sole pose
hypothesis and refine it using the pose refinement module
to generate the estimated pose for the current frame. This
iterative process continues across the video sequence, lever-
aging temporal cues for stable and smooth pose estimation.
Memory Pool. To enhance pose estimation by completing
the object model during testing, we select test RGBD im-
ages with their estimated poses to incrementally refine the
object representation. For efficiency, we introduce a mem-
ory pool P = {ξ0, ξ1, ξ2, . . . , ξ|P|−1} that stores the most
informative |P| viewpoints to maintain a compact yet di-
verse set of test image frames for object completion, where
ξi is the estimated pose corresponding to a test image Ii.
The first frame ξi is automatically added to P , establishing
the canonical coordinate system for the novel object. Sub-
sequent frames are added when their viewpoints contribute
to the multi-view diversity in the pool. Specifically, before
adding a new frame, we calculate the rotational geodesic
distance between the new frame and the last frame added
to the pool. A frame is included in P only if this geodesic
distance exceeds a threshold Tgeo, ensuring that each frame
offers a unique viewpoint to enhance model completeness
while keeping P compact. Note that not all estimated poses
are reliable, adding inaccurate results to the memory pool
may cause noisy SDF training during object completion. To
mitigate this, we introduce an image-filtering strategy to fil-
ter out low-confidence estimations. As illustrated in Fig. 3,
when a pose is estimated, its confidence is evaluated using
our proposed metric, seen IoU, which measures the overlap
between the seen regions of the 3D model and the 2D ob-
ject mask in the test image. Since a high seen IoU indicates
greater confidence in an estimated pose, frames are added to
the memory pool only if their seen IoU exceeds a threshold
Tconf , ensuring that low-confidence poses are excluded.

3.4. Uncentainty-aware Object Completion

As shown in Fig. 3, online object completion is triggered
when the seen IoU of the current test frame falls below a
threshold Tcomplete, indicating that the current pose estima-
tion may no longer be reliable. As new frames are con-
tinuously added, the memory pool P can grow excessively
large, which may reduce SDF training efficiency. To man-
age this, we perform uncertainty-aware sampling to select
the K most informative frames for object completion.
Uncertainty-aware Sampling. Early in the video se-
quence, when |P| ≤ K, all frames in the pool are included
without selection. However, once the pool size exceeds K,
we apply an uncertainty-aware image selection strategy to

Estimation

Generated Images

Real Images
Reconstructed 

Model

Seen 
Parts

Unseen 
Parts

Render

Collect

Pick

w/o Generated Data

w/ Generated Data

Geometry

Generated Model

Estimated Results

Figure 4. Pipeline for leveraging generated models. In Sec. 3.5,
the initial model generated by image-to-3D techniques is used to
estimate poses for the first few frames. As more frames are cap-
tured, a refined object model is trained to replace the initial gen-
erated model, resulting in a more complete representation. To fur-
ther leverage the generated 3D model, we render RGBD images
from the image-to-3D generated model as augmented data for SDF
training. This supervision enhances the object geometry in unseen
regions, providing more complete information for pose estimation.

maximize the coverage of unseen object regions. This pro-
cess selects a subset, P ′ ⊂ P , that reveals the most unseen
areas of the object. The selection process begins by includ-
ing the initial and most recent frames in the pool to establish
the starting and ending viewpoints. Next, an iterative strat-
egy is employed: at each iteration, we select the pose that
reveals the largest unseen region. This continues until K
poses are selected.

3.5. Leveraging Image-to-3D Generation

Given a single unposed RGB image, we employ image-
to-3D techniques to generate an initial object 3D model M̂
for pose estimation. The viewpoint associated with the ini-
tial RGB image is labeled as “certain,” while other areas that
are inferred by the image-to-3D method are marked “uncer-
tain”. The generated model is then rescaled to align with
the object size in the test images. Specifically, we use the
depth map and object mask from the first frame of the test
image to approximate a rough model size. We then sample
slightly larger and smaller models, generate pose hypothe-
ses, and employ the pose selection module [41] to select the
optimal pose hypothesis and corresponding model size.

Refer to Fig. 4, the initial generated model is used to es-
timate poses for the first few test frames until the rotational
geodesic distance between the initial pose and a new esti-
mated pose exceeds a threshold Tgen. As more frames are
captured, a refined object model is trained to replace the
initial generated model, resulting in a more complete rep-
resentation. To further leverage the generated 3D model,
we render RGBD images from the image-to-3D generated
model as augmented data for SDF training. This supervi-
sion enhances the object geometry in unseen regions, pro-
viding more complete information for pose estimation. See
the supplementary materials for additional details.



4. Experiment
4.1. Datasets

YCB-Video [42]: The YCB-Video dataset contains RGBD
video sequences of everyday objects from the YCB objects,
widely used for benchmarking 6D object pose estimation.
YCBInEOAT [37]: YCBInEOAT extends the YCB-Video
dataset with RGBD sequences of YCB objects manipulated
by a dual-arm robot. This dataset focuses on real-world sce-
narios involving robot-object interactions.
HO3D [6]: The HO3D (Hand-Object 3D) dataset contains
RGBD sequences of human hands interacting with objects,
capturing complex hand-object interactions and occlusions.

4.2. Experimental setup

Baselines. We evaluate our method against state-of-the-art
RGBD model-free 6D pose estimation methods [10, 30, 41]
under two scenarios where partial object references are
given as (1) A limited set of reference RGBD images (2
views) that include known poses. (2) A single unposed
RGB object image. In scenario (2), we leverage image-to-
3D techniques [43] to generate an initial object 3D model
and iteratively estimate the object pose during testing.
Metrics. We consider ADD and ADD-S metrics for 6D
pose estimation, which measure the accuracy of estimated
poses. The Area Under the Curve (AUC) is calculated and
reported for both the ADD and ADD-S metrics, following
the protocols in [40–42]. Furthermore, to demonstrate the
effectiveness of our method for online object completion,
we report the Chamfer Distance (CD), which measures the
average distance between points of the reconstructed model
and the ground-truth model.

4.3. Comparison Results on YCB-Video

We first evaluate UA-Pose on the YCB-Video [42]
dataset, a widely used benchmark for 6D pose estimation,
and compare our approach with state-of-the-art model-free
methods [10, 30, 41] with a limited set of reference images.

As presented in Tab. 1, our method significantly out-
performs FoundationPose [41] with only 2 reference im-
ages in all metrics. Moreover, both our method and Foun-
dationPose outperforms LoFTR [30] and FS6D-DPM [10]
with 16 reference images with a large margin. This shows
that FoundationPose is the strongest baseline for our fur-
ther analysis. When only a single unposed RGB image of
the object is available, we apply a single-image-to-3D ap-
proach [43] to generate an initial 3D model for pose es-
timation. Experimental results, shown in Tab. 1, indicate
that directly using the generated model with Foundation-
Pose may not yield optimal results, as these models may not
accurately represent real objects. In contrast, UA-Pose uses
the generated model only for initial pose estimation and for
rendering RGBD images as augmented data to aid object

Table 1. Quantitative results on the YCB-Video dataset.
“Comp.” indicates whether the method includes online comple-
tion, and “-” denotes that the method does not reconstruct object
shapes. Results for [10, 30] are adopted from [41]. Experiments
for ”single RGB + Image-to-3D” are conducted on a subset of the
YCB-Video dataset. See supplementary materials for details.

Input Comp. Mean
ADD ADD-S CD

LoFTR [30] 16 references No 26.2 52.5 -
FS6D-DPM [10] 16 references No 42.1 88.4 -

FoundationPose [41] 2 references No 87.4 94.3 0.57
Ours 2 references Yes 92.8 96.5 0.53

FoundationPose [41] single RGB + Image-to-3D No 88.9 93.6 0.67
Ours single RGB + Image-to-3D Yes 93.2 96.9 0.62

Table 2. Quantitative results on the YCBInEOAT dataset.
“Comp.” indicates that the method performs online completion.

Input Comp. Mean
ADD ADD-S CD

FoundationPose [41] 2 references No 68.52 84.80 0.60
Ours 2 references Yes 89.99 94.35 0.57

FoundationPose [41] single RGB + Image-to-3D No 83.39 90.66 0.61
Ours single RGB + Image-to-3D Yes 89.24 93.99 0.60

completion, as described in Sec. 3.5. This approach recon-
structs a model more closely aligned with the real object,
leading to improved pose estimation accuracy.

4.4. Comparison Results on YCBInEOAT

We evaluated UA-Pose on the YCBInEOAT [37] dataset
to assess its performance in challenging robotic scenarios in
real-world where objects are manipulated by robotic arms.

In Table 2, when 2 reference images are provided,
UA-Pose demonstrates superior performance compared
to FoundationPose, highlighting the effectiveness of our
uncertainty-aware mechanisms and online object comple-
tion for robust pose estimation in robotic scenarios. As il-
lustrated in Fig. 5, simply using the incomplete model gen-
erated from the partial references often leads to inaccurate
estimations. In contrast, our method achieves robust pose
estimation with uncertainty-aware mechanisms and online
object completion. When only a single unposed RGB im-
age of the object is available, UA-Pose also consistently
surpasses FoundationPose across all metrics. This demon-
strates the flexibility of UA-Pose to utilize diverse partial
references, which could carry useful meta-information.

4.5. Comparison Results on HO3D

We evaluated UA-Pose on the HO3D dataset to assess its
effectiveness in complex hand-object interaction scenarios
where objects are frequently rotated and occluded.

As shown in Tab. 3, when 2 reference images are pro-
vided, FoundationPose fails to make accurate estimations
when objects in the test video exhibit frequent and strong
rotations. In contrast, UA-Pose accurately estimates ob-
ject poses under the challenging hand-object interaction
scenarios. As for utilizing the generated models from the
single-image-to-3D approach for pose estimation, UA-Pose
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Figure 5. Qualitative comparison on the YCBInEOAT. Ob-
ject image (left) and depth map (right) pairs are rendered based
on the estimated object poses using the incomplete model. With-
out uncertainty-aware mechanisms and Online Object Completion
(referred to as “w/o OOC”), the incomplete model often leads
to inaccurate estimations. In contrast, our method (referred to
as “w/ OOC”) achieves robust pose estimation by incorporating
uncertainty-aware mechanisms and online object completion.

achieves more accurate estimations than FoundationPose.
Note that even if the generated models in Tab. 3 show
lower Chamfer Distance (CD) than refined models obtained
from object completion, directly using generated models
for FoundationPose results in considerably lower ADD and
ADD-S. This indicates that even though generated models
have good geometry (low CD), geometry alone cannot accu-
rately represent real objects for pose estimation because the
textures of generated models are not good enough in unseen
areas that are not covered by the initial partial references.

4.6. Ablation Study

Key Components. Tab. 4 presents an ablation study for key
components of UA-Pose on the YCBInEOAT dataset. All
experiments start with the initialized model based on two
reference images and are evaluated using ADD, ADD-S,
and CD. Additionally, we report Nrebuild, the total number
of times object completion is applied across test sequences
to refine the incomplete model M. The “w/o object com-
pletion” setup disables online object completion, illustrat-
ing its importance for achieving accurate pose estimation.
In “w/o uncertainty-aware object completion”, object com-
pletion is applied every time a new test image is added to the
memory pool, instead of completing the model only when
the seen IoU threshold is below Tcomplete. This leads to
poorer performance and a higher Nrebuild count, increas-
ing unnecessary computation for object completion. The
“w/o image-filtering strategy” experiment omits the image-
filtering strategy (Sec. 3.3) for excluding unreliable poses,
allowing low-confidence poses to be added to the mem-
ory pool and resulting in decreased pose accuracy. In “w/o
uncertainty-aware sampling”, we use the geodesic distance-
based sampling strategy from [40] instead of our proposed
uncertainty-aware sampling strategy (Sec. 3.4) to sample
images for object completion. The results demonstrate
our proposed sampling method is better at selecting infor-

Table 3. Quantitative results on the HO3D dataset. “Comp.”
indicates that the method performs online completion.

Input Comp. Mean
ADD ADD-S CD

FoundationPose [41] 2 references No 45.67 61.57 0.78
Ours 2 references Yes 91.51 95.56 0.69

FoundationPose [41] single RGB + Image-to-3D No 72.06 87.87 0.76
Ours single RGB + Image-to-3D Yes 83.23 93.59 0.88

Table 4. Ablation study. We demonstrate the importance of UA-
Pose’s key components on the YCBInEOAT dataset.

Mean
NrebuildADD ADDS CD

w/o object completion 68.52 84.80 0.60 -
w/o uncertainty-aware object completion 85.83 92.39 0.72 181

w/o image-filtering strategy 87.70 93.37 0.71 87
w/o uncertainty-aware sampling 87.88 93.39 0.68 59

Ours (full) 89.99 94.35 0.57 58

Table 5. Additional study. We compare our method with Foun-
dationPose [41] and pose tracking methods [36, 40] on the YCBI-
nEOAT dataset. “Comp.” means the method performs online com-
pletion, and “*” denotes using cropped ground-truth meshes [40],
which exclude invisible parts in the test sequence, to calculate CD.

Input Comp. Mean
ADD ADD-S CD

BundleTrack [36] first-frame RGBD No 87.34 92.53 2.81*
BundleSDF [40] first-frame RGBD Yes 86.95 93.77 1.16*

FoundationPose [41] first-frame RGBD No 74.34 84.58 1.12*
Ours first-frame RGBD Yes 88.38 93.82 0.75*

mative images for accurate pose estimation. Finally, the
“Ours (full)” setup that incorporates all our key components
achieves the best performance across ADD, ADD-S, CD,
and the fewest Nrebuild for object completion.
Additional Study. When no external reference images
are available, we demonstrate that we could initialize the
object model for pose estimation using the first frame of
the test RGBD image sequence. Besides the strongest
model-free pose estimation baseline [41], we also com-
pare our method with strong model-free pose tracking ap-
proaches [36, 40, 48] on the YCBInEOAT dataset. Refer
to Tab. 5, our method achieves the highest performance
across ADD, ADD-S, and CD metrics. Note that unlike
pose-tracking methods which are limited to estimating rel-
ative poses from sequential frames within the same RGBD
video, our method can incorporate object reference images
as input for useful meta-information.

5. Conclusion
We introduced UA-Pose, an uncertainty-aware approach

for 6D object pose estimation that addresses the limitations
of previous model-free methods in the scenarios in which
input object references are incomplete or partially cap-
tured. Incorporating mechanisms to handle uncertainty and
leverage online object completion to complete object mod-
els, our method demonstrates substantial performance im-
provements on the YCB-Video, YCBInEOAT, and HO3D
datasets. We demonstrate UA-Pose is a robust solution for
practical real-world applications where full 3D object mod-
els and extensive image references are usually unavailable.



References
[1] Philipp Ausserlechner, David Haberger, Stefan Thalhammer,

Jean-Baptiste Weibel, and Markus Vincze. Zs6d: Zero-shot
6d object pose estimation using vision transformers. ICRA,
2024. 1

[2] Andrea Caraffa, Davide Boscaini, Amir Hamza, and Fabio
Poiesi. Freeze: Training-free zero-shot 6d pose estimation
with geometric and vision foundation models. ECCV, 2024.
1, 2

[3] Dengsheng Chen, Jun Li, Zheng Wang, and Kai Xu. Learn-
ing canonical shape space for category-level 6D object pose
and size estimation. In CVPR, 2020. 2

[4] Jianqiu Chen, Zikun Zhou, Mingshan Sun, Rui Zhao, Li-
wei Wu, Tianpeng Bao, and Zhenyu He. Zeropose: Cad-
prompted zero-shot object 6d pose estimation in cluttered
scenes. TCSVT, 2024. 1

[5] Amos Gropp, Lior Yariv, Niv Haim, Matan Atzmon, and
Yaron Lipman. Implicit geometric regularization for learning
shapes. In ICML, 2020. 4

[6] Shreyas Hampali, Mahdi Rad, Markus Oberweger, and Vin-
cent Lepetit. Honnotate: A method for 3d annotation of hand
and object poses. In CVPR, 2020. 7

[7] Xingyi He, Jiaming Sun, Yuang Wang, Di Huang, Hujun
Bao, and Xiaowei Zhou. OnePose++: Keypoint-free one-
shot object pose estimation without CAD models. NeurIPS,
2022. 1, 2

[8] Yisheng He, Wei Sun, Haibin Huang, Jianran Liu, Haoqiang
Fan, and Jian Sun. PVN3D: A deep point-wise 3D keypoints
voting network for 6DoF pose estimation. In CVPR, 2020. 2

[9] Yisheng He, Haibin Huang, Haoqiang Fan, Qifeng Chen, and
Jian Sun. FFB6D: A full flow bidirectional fusion network
for 6D pose estimation. In CVPR, 2021. 2

[10] Yisheng He, Yao Wang, Haoqiang Fan, Jian Sun, and Qifeng
Chen. Fs6d: Few-shot 6d pose estimation of novel objects.
In CVPR, 2022. 1, 2, 7

[11] Junwen Huang, Hao Yu, Kuan-Ting Yu, Nassir Navab, Slo-
bodan Ilic, and Benjamin Busam. Matchu: Matching unseen
objects for 6d pose estimation from rgb-d images. In CVPR,
2024. 1, 2
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