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Abstract—This work focuses on the problem of 6D pose estima- [
tion for novel objects when a reference 3D model or posed reference I
images are not available. While existing methods can estimate the :
precise 6D pose of objects, they heavily rely on curated CAD models |
or reference images, the preparation of which is a time-consuming :
and labor-intensive process. Moreover, in real-world scenarios, 3D |
models or reference images may not be available in advance and I
instant robot reaction is desired. In this work, we propose a novel :
framework named HIPPo, which eliminates the need for curated |
CAD models and reference images by harnessing image-to-3D :

I
I
I
I
I
I
I
I
I
I

' Previous 6D Pose Estimation Methods M

Existing Object SLAM Methods

Single Frame Limited Frames

priors from Diffusion Models, enabling model-free zero-shot 6D
pose estimation. Specifically, we construct HIPPo Dreamer, a rapid
image-to-mesh model built on a multiview Diffusion Model and
a 3D reconstruction foundation model. Our HIPPo Dreamer can
generate a 3D mesh of any unseen objects from a single glance in just
afew seconds. Then, as more observations are acquired, we propose
to continuously refine the diffusion prior mesh model by joint opti-
mization of object geometry and appearance. This is achieved by a
measurement-guided scheme that gradually replaces the plausible
diffusion priors with more reliable online observations. Conse-
quently, HIPPo can instantly estimate and track the 6D pose of a
novel object and maintain a complete mesh for immediate robotic Single Frame
applications. Thorough experiments on various benchmarks show
that HIPPo outperforms state-of-the-art methods in 6D object pose
estimation when prior reference images are limited.
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I. INTRODUCTION Fig. 1. Compared to existing SOTA 6D pose estimation methods [1], [2],

. . . . . [3], HIPPo eliminates the need for a textured 3D model or reference images in
6D POSE estimation [1], [2], [3] is crucial for robotic  advance, while also optimizing the reference 3D model online. Compared to

app]ications such as graspjng, nangatjon, exp]oration, existing object SLAM methods [4], [5], HIPPo sustains a complete 3D model
from the first glance of the object, enabling immediate robotic applications.

and collision avoidance. Although many 6D pose estimation
methods [1], [2], [3], [6], [7], [8] exist, as shown in Fig. 1,
they often demand the textured CAD model of the object in
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Overview of HIPPo. The HIPPo framework consists of three components. (1) HIPPo Dreamer (Section III-A) is responsible for initializing HIPPo by

instantly generating a 3D mesh from the detected first frame. (2) Pose estimation network (Section I1I-B) estimates the 6D pose based on the reference mesh.
(3 Mesh update module (Section ITI-C) refines the mesh by updating the diffusion prior with more reliable online measurements.

boost 6D pose estimation without relying on CAD models or
reference images.

Yet this task is challenging due to the two limitations of
existing image-to-3D methods [11], [12], [13]. First, 6D pose
estimation [1] requires the reference 3D model to have the same
scale as the real-world object, whereas image-to-3D methods
do not account for the scale of the generated model. Second,
the image-to-3D problem is inherently ill-posed [13]: given
a conditioned image, the uncaptured views can exhibit many
plausible appearances and geometries, causing discrepancies
between the generated 3D model and the actual views. Unfortu-
nately, existing image-to-3D methods focus solely on generating
a complete 3D model, rather than adapting to new observations.
In addition, 6D pose estimation methods [1], [9], [10] treat object
reconstruction as a preprocessing step for pose estimation and
do not consider the optimization of the reference model during
pose estimation. Although the object SLAM methods [4], [5] can
conduct simultaneous 6D pose estimation and model refinement,
as shown in Fig. 1, they often produce incomplete models from
limited views, making their models less suitable for immediate
robotic applications.

In this work, we propose HIPPo, a novel framework that
leverages image-to-3D priors for model-free zero-shot 6D pose
estimation. As shown in Fig. 1, compared to existing 6D pose
estimation methods [1], [2], [3], HIPPo eliminates the need for
preparing a textured CAD model in advance. It can be initialized
from any first glance of the object and simultaneously estimates
the 6D pose while optimizing the 3D model of the object online.
For the initialization of HIPPo, we design HIPPo Dreamer, a
rapid image-to-mesh strategy based on a multiview Diffusion
Model [11] and a 3D reconstruction foundation model [15]. It
generates a 3D mesh of an unseen object from a single reference
image in just a few seconds and can recover the mesh’s physical
scale. Recognizing that the diffusion-based mesh has limited
reliability in uncaptured views due to the ill-posed nature [13],
we further develop a measurement-guided algorithm to continu-
ously optimize the mesh. Specifically, a viewpoint sphere tracks
the relative pose changes between frames. Mesh optimization is
triggered when a keyframe is recognized to replace the diffusion
prior with more reliable online measurements of appearance
and geometry. We conduct extensive experiments on various

challenging benchmarks. Experimental results demonstrate that
the proposed method significantly outperforms state-of-the-art
(SOTA) 6D pose estimation methods [1], [2], [3] when prior
reference images are limited.

The contributions of this work are:

® We develop a novel 6D pose estimation framework (see
Fig. 2), named HIPPo, that is able to estimate the 6D pose
of an unseen object even without a textured CAD model or
a dense set of posed reference images.

e We propose an instant image-to-mesh strategy called
HIPPo Dreamer. HIPPo Dreamer acts as an alternative
method to BundleSDF [5], the most widely used method
for collecting 3D models for pose estimation. Compared
to BundleSDF, which requires several minutes and dense
observations to reconstruct a complete object, HIPPo
Dreamer generates a 3D model in a few seconds and
consistently maintains a complete 3D mesh from the first
glance.

e We design a measurement-guided method to optimize the
mesh online, enhancing mesh fidelity with more observa-
tions and surpassing the diffusion prior mesh.

II. RELATED WORK

Instance-level Image-to-3D Methods: Instance-level
image-to-3D approaches [11], [12], [13] aim to generate 3D
representations from a single image. Specifically, Diffusion
Models [11], [12] have demonstrated strong zero-shot prediction
abilities, benefiting from training on large-scale datasets such
as Objaverse [14]. Since reconstruction quality is usually
prioritized over efficiency, they take several minutes and even
tens of minutes to reconstruct 3D models, which limits their
applicability in real-time scenarios. While some methods [12],
[13] can achieve faster image-to-3D generation, they generally
do not incorporate incremental optimization of the 3D model.

6D Pose Estimation Methods: The implementation' of most
existing 6D pose estimation methods, such as Foundation-
Pose [1], GigaPose [3], SAM6D [2], FoundPose [6], ZS6D [7],
and MegaPose [8], requires a textured CAD model in advance,

I Their pose estimation networks require dense posed reference images, which
are sampled from a textured CAD model in their pipelines.
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which requires intensive time and labor to craft [16]. For ex-
ample, when handling an unseen object, FoundationPose [1]
requires running BundleSDF [5] to generate the reference 3D
model, which takes tens of minutes to complete. Similarly,
OnePose [10] and OnePose+-+ [9] propose recording a video
scan of the object and utilizing Structure-from-Motion (SfM)
to reconstruct the object. However, the prior operation involv-
ing the reference 3D model or reference image sampling may
be impractical in real-world settings, especially when instant
robotic action is required at first sight of the object. Recently,
Zerol123-6D [17] proposes leveraging the Diffusion Model for
6D pose estimation. However, the category-level pose estimation
strategy of Zero123-6D does not fully utilize the instance-level
object generation ability of Diffusion Models [11] and, like
previous methods [1], [2], [3], [9], [10], does not consider further
model optimization during pose estimation. In contrast, object
SLAM methods [4], [5] reconstruct objects in real-time without
prior knowledge, tracking and optimizing the geometry [18] and
appearance [19] from scratch. However, they struggle to provide
complete models when observations are scarce.

III. METHODOLOGY
A. HIPPo Dreamer

Despite the existence of many image-to-3D methods [11],
[12], some technology gaps remain in utilizing them to instantly
generate 3D reference models for the 6D pose estimation appli-
cation. In this section, we first analyze the existing technology
gaps, which then inspire the design of corresponding modules
in HIPPo Dreamer to address them. Our analysis and detailed
solutions to these gaps constitute the key contributions of HIPPo
Dreamer.

1) Scale Recovery Problem Analysis: The correct scale of the
reference 3D model is the prerequisite for 6D pose estimation.
In this work, scale recovery refers to finding the constant scale,
s, represented by:

$ = Gmax /Tmax (1)

where gn,ax denotes the maximum side length of the oriented
bounding box (OBB) [20] of the generated model, while 7y«
represents that of the real-world object. Suppose that the camera
intrinsics are known, r,,x can be obtained at the first frame
through depth measurement after object segmentation. But it
should be noted that r,,,x corresponds to the OBB that encloses
the partial point cloud of the real-world object captured from the
view of the first frame, denoted by the original view. Therefore,
to recover the scale, we need to compute gn,ax by leveraging
the estimated depth of the original view. For this reason, In-
stantMesh [12], though addressing the instant image-to-mesh
problem, is not applicable here as it generates fixed views
independent of the original view and does not provide direct
depth estimation for it. Consequently, it is necessary to develop
a new image-to-mesh framework that supports scale recovery.
2) Framework Design: (1) Object Segmentation. Given a
frame of an unseen object, we use a guiding prompt and Ground-
ing DINO [21] to segment the object first from the RGB image
and then use the same mask to segment the object from the depth
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Fig. 3. Comparison of the vanilla MASt3R (a), (b), and (c) and our modified
MAS3R (d). (a): A low threshold preserves too many background points. (b): A
high threshold results in an incomplete model by masking out some foreground
object points. (c): Even with careful fine-tuning, artifacts may remain around the
object, affecting the judgment of its scale. (d): Our modified MASt3R generates
artifact-free 3D models without requiring fine-tuning of the hyperparameter.

image. (2) Instant Image-to-multiview-to-mesh Generation.
Inspired by InstantMesh [12], we apply an image-to-multiview-
to-mesh strategy. In particular, we first employ the multiview
Diffusion Model ? from Wonder3D [11] for image-to-multiview
generation. This is because the first view among the multiple
views generated by Wonder3D always matches the original
view. If the depth of the first view is estimated, scale recovery
follows from (1). Thereafter, we adopt a modified MASt3R [15],
a 3D reconstruction foundation model, for simultaneous depth
estimation for scale recovery and multiview-to-mesh conver-
sion. We modify MASt3R since it considers the background
in optimization and relies on a hyperparameter, the minimum
confidence threshold, to remove the background from the 3D
reconstruction result. Unfortunately, as shown in Fig. 3(a), (b),
and (c), this hyperparameter requires careful fine-tuning for each
object. To address this problem, we modify the background point
masking process in the vanilla MASt3R by integrating SAM [22]
into the process to generate accurate object masks, instead of
simply masking out all points with matching confidence below
the threshold. Then, to further remove the artifacts, we apply the
Statistical Outlier Removal (SOR) filter, defined as

Ilp — pll > ko (2)

where p is a point in the cloud, p is the mean position of its
N nearest neighbors, o is the standard deviation of distances,
and k denotes threshold (kK = 300 in practice). Accordingly,
as shown in Fig. 3(d), our modified MASt3R can robustly
generate 3D point clouds free of background points, without
requiring hyperparameter fine-tuning. (3) Scale Recovery. An
estimated partial point cloud of the object can be obtained
through the estimation of depth and intrinsics of the original
view by MASt3R. By computing the OBB of it, g;,ax, as shown
in (1), is acquired and the scale is determined through through
(1). However, we experimentally found that for both measured
and estimated depth images, even when employing SAM [22]
to provide object masks, the partial point clouds of the object
remain noisy, particularly around the edges, affecting the values
of "max and gmax. Therefore, we apply the SOR filter, as shown
in (2), to denoise both the measured and estimated point clouds
before computing the scale. Although straightforward, this SOR
denoising step is effective and necessary for scale recovery.

2 Although Wonder3D [11] provides a complete solution for image-to-mesh,
we only adopt its Diffusion Model for two reasons. First, its multiview-to-mesh
step takes several minutes, which is not instant. Second, it does not directly
provide depth estimation of the first (original) view.
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Fig. 4. An illustration of the HIPPo Dreamer pipeline. Step 1: The object is
segmented using Grounding DINO [21], and the same mask is used to segment
the object’s depth image. Step 2: The Multiview Diffusion Model [11] and
modified MASt3R [15] transform the object’s RGB image into a 3D point cloud
instantly, and the depth image of the original view is estimated. Step 3: Using
the camera intrinsics, the measured and estimated depth images are converted
into 3D point clouds. After denoising with the SOR filter, the scale is determined
by comparing the point clouds, and Poisson surface reconstruction generates the
3D mesh.

Finally, we convert the scaled 3D point cloud into a 3D mesh
using Poisson surface reconstruction.

In summary, Fig. 4 shows the major steps of the proposed
HIPPo Dreamer.

B. 6D Pose Estimation

Once a textured 3D mesh is generated by the proposed HIPPo
Dreamer, we employ the Pose Refinement network from Foun-
dationPose [1] for 6D pose estimation due to its SOTA perfor-
mance. The network takes two inputs: one is a rendering of the
generated object conditioned on the most recent pose estimate,
and the other is a cropped observation from the camera. The
Siamese Network comprises two feature embedding networks
with shared weights that extract feature maps from the two RGB-
D input branches. These feature maps are then concatenated
and fed into additional CNN blocks, where they are tokenized
by dividing them into patches with positional embeddings. A
transformer then predicts a pose update, iteratively refining the
pose estimation over a few iterations.

C. Mesh Update Module

Due to the ill-posed nature of the image-to-3D problem,
HIPPo Dreamer may generate varying predictions of unseen
views with low-fidelity rendering and geometry. This is unfavor-
able for 6D pose estimation, as the inconsistency between the
reference model and the real-world object disrupts the matching
between the rendered and measured views (see Section III-B).
Thus, as more observations become available, it is desirable
to update the reference mesh. To enable rapid reference mesh
updates, a problem not considered in previous pose estimation

Key Frames

Regular Frames

First Frame

(1) Initialization (2) Viewpoint changes monitoring (3) Mesh Update
® Occupied O Unoccupied e Current Viewpoint OThreshold

Fig. 5. An illustration of the viewpoint sphere. (1) A viewpoint sphere is
initialized at the first frame, and an arbitrary viewpoint on it is occupied. (2)
Relative viewpoint changes are monitored. If the current viewpoint does not
align with any unoccupied viewpoints, it is considered a regular frame, indicating
that no mesh update is required. (3) If the alignment between the current frame
and an unoccupied viewpoint exceeds a predefined threshold, it is recognized as
a key frame, and a mesh update is triggered.
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Fig. 6. Anillustration of the proposed mesh update method. It consists of two
steps. In step one, the measured point cloud and diffusion prior point cloud are
aligned. In step two, the diffusion prior is replaced with measurements based on
nearest point searching.

and image-to-3D research [1], [2], [3], [11], [12], [13], we
propose using viewpoint variation as a trigger for mesh updates.

We first design a viewpoint sphere to select new perspec-
tives with significant viewpoint shifts and filter out redundant
poses. As shown in Fig. 5, there are N viewpoints uniformly
distributed on the viewpoint sphere. Then, frames are classified
as keyframes for updates when they align with unoccupied
viewpoints. We set a tolerance threshold to account for slight
misalignments, ensuring effective yet controlled updates. The
pose of the first frame is aligned with an arbitrary viewpoint on
the sphere and we only monitor the relative rotation between
frames. The corresponding viewpoint on the sphere is marked
as occupied after conducting mesh update and will not trigger
further mesh updates.

Next, we propose a mesh update method based on the modality
of the 3D colored point cloud, as shown in Fig. 6.

(1) Step One: We register all the measured points into the
first frame and apply the SOR filter to denoise the point cloud.
Then, we transform the measured points into the object frame
using the pose estimation result of the first frame. In this way,
as seen in step one of Fig. 6, both the 3D models provided by
HIPPo Dreamer and the online measurements are registered in
the object frame, with their scales matched in Section III-A2.

(2) Step Two: We further build a KDTree on the diffusion
prior 3D point cloud. For each point in the measured point
cloud, we search for the nearest point in the diffusion prior
mesh and replace the 3D position and color of the prior point
with those of the measured point. Thereafter, the updated 3D
colored point cloud is transformed into a mesh using Poisson
surface reconstruction. In practice, we apply Farthest Point
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TABLE I
QUANTITATIVE COMPARISON WITH SOTA METHODS ON YCB-V [23], LM-O [24], T-LESS [25], AND TUD-L [26]. IMG. REFERS TO THE NUMBER OF REFERENCE
IMAGES
GigaPose SAM-6D FoundationPose
Dataset Method g[3] 2] [1] Ours
Img. 1 8 16 1 8 16 1 8 16 1
YCB-V ADD 1642 | 2470 | 61.71 | 23.85 | 38.67 | 90.06 | 35.32 | 51.59 | 96.56 | 89.07
ADD-S 32.85 43.73 82.23 40.62 71.28 98.54 79.71 90.24 99.47 97.00
LM-O ADD 15.87 30.62 66.53 21.16 37.00 87.53 34.64 42.64 92.20 88.49
ADD-S 31.89 54.45 87.45 39.70 70.35 93.00 68.16 82.23 97.17 92.92
TLESS ADD 28.77 31.27 63.22 33.62 43.20 84.33 37.37 45.82 90.10 85.27
ADD-S 44.29 54.45 86.4 70.11 75.15 95.00 82.16 88.33 98.31 94.70
TUD-L ADD 32.27 42.22 76.33 41.67 56.61 89.33 56.21 62.21 95.30 90.23
ADD-S | 52.21 | 72.65 | 9225 | 7690 | 83.31 | 98.22 | 72.33 | 80.51 | 97.20 | 95.22

Sampling [18] to downsample the measured point cloud if the
number exceeds 30,000 to ensure that the mesh update can be
completed within a few seconds.

IV. EXPERIMENTS
A. Comparison With SOTA 6D Pose Estimation Methods

Benchmarks and Experimental Setup: We evaluate the pro-
posed HIPPo on four popular datasets: YCB-V [23], LM-O [24],
T-LESS [25], and TUD-L [26]. In particular, for each object,
we have three levels of reference images: 1, 8, and 16. One
reference image represents a single glance of the object. For a fair
comparison, the reference image provided to all methods is taken
from the object in the first detected frame. If the object is severely
occluded in the first frame, we render a reference image using
the ground-truth relative pose and object model. Next, using the
ground truth object pose from the first frame and the ground truth
object model, we render 8 and 16 images by rotating the virtual
RGB-D camera around the z-axis of the object frame in Blender.
Then, we apply BundleSDF [5] to reconstruct the textured CAD
models from the reference images. Following [1], 16 reference
images are sufficient to construct a complete model, while the
3D shape is relatively incomplete when reconstructed from 8
images and extremely incomplete when using just 1 image. We
set 36 key points on the viewpoint sphere (see Fig. 5).

Competitors and Metrics: We compare HIPPo with three
SOTA 6D pose estimation methods: FoundationPose [1], SAM-
6D [2], and GigaPose [3]. The implementations of the com-
petitors require textured CAD models. Following [1], we use
the Area Under the Curve (AUC) of ADD and ADD-S [23] as
metrics to evaluate 6D pose estimation performance.

Experimental Results and Analysis: Qualitative and quan-
titative comparisons of our approach against SOTA methods [1],
[2], [3] are presented in Fig. 7 and Table I, respectively. As shown
across the four datasets, although the SOTA methods [1], [2], [3]
achieve very promising results when 16 reference images are
available, which indicates access to a complete reference mesh,
their performance degrades significantly as the number of refer-
ence images decreases. In contrast, our method, which always
uses only one reference image, is slightly inferior to Founda-
tionPose [1] and SAM-6D [2], but outperforms GigaPose [3]
when they are provided with 16 reference images. However,
when reference images are insufficient, which is expected to

Ground Truth

GigaPose (16)

7
2y

Fig.7. Qualitative comparison of the proposed method against SOTA methods
on the YCB-V dataset [23]. The number in brackets refers to the number of
reference images known in advance.

occur in immediate robotic applications, the proposed method
demonstrates significantly superior performance over the SOTA
competitors. Despite the decent results, we also found that severe
object occlusion can hinder the performance of our approach. A
discussion is provided in Section IV-E.

B. Comparison With Object 3D Reconstruction Methods

Benchmark and Experimental Setup: In this section, we
test HIPPo on a custom dataset to evaluate its object reconstruc-
tion quality and efficiency. In particular, this dataset contains
RGB-D frames of four objects: three rendered using Blender
and one collected in the real world. The first three objects,
YCB3 (sugar box), YCBj5 (mustard bottle), and YCB15 (power
drill), belong to the YCB object set [27]. They are rendered
with a virtual RGB-D camera at a resolution of 512 x 512,
following a loop trajectory to capture 16 evenly spaced frames
per object. The ground truth shapes are their CAD models from
the YCB object set [27]. The experimental setup to scan the
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Fig. 8. An illustration of the experimental setup. The frames are captured by
an Intel D435 RGB-D camera (1280 x 720) mounted on a 7-DoF Franka Emika
robotic arm.

BundIeSDFl ; F w '

Frame 4
Time 103 3s  210.1s 296 5s 334 5s 453 7s
cbx 1000 7.81 6.67 4.70 3.94 2.75
onestv - N/A
Frame 1 4 8 12 16
Time N/A 26.35 54.5s 104.2s 143.4s
cDx 1000 N/A 9.89 843 7.32 6.51
Frame
Time 8. 25 7.2 9.8 9.9 9.9
cbx 1000 3.72 3‘61 3.38 3.22 3.20
Fig. 9. Qualitative comparison with BundleSDF [5] and One-SfM [9] under

different numbers of frames.

real-world object is shown in Fig. 8. The ground truth shape of
the mug is constructed using BundleSDF [5] with dense obser-
vations consisting of 240 RGB-D frames, taking approximately
20 minutes to complete. In particular, the robotic arm follows
multiple pre-designed ring-view trajectories to scan the mug
at different relative altitudes, completing the first 360-degree
loop at the 16th frame. Moreover, the rendered depth images
are noise-free, while the real-world sampled depth images are
noisy. All experiments are conducted on the same platform.
Competitor and Metrics: Although many object 3D re-
construction methods exist, we focus only on those designed
for collecting 3D models for 6D pose estimation. Thus, the
competitors are BundleSDF [5] and the 3D object reconstruction
approach proposed in OnePose++ [9], denoted as One-SfM.
For the competitors, ground-truth object poses are perfectly
known for rendered frames, while relative poses for real-world
sampled frames are obtained using SfM. In contrast, HIPPo
always uses its own pipeline to estimate relative poses. We use
the depth information to recover the scale of the 3D point cloud
reconstructed by One-SfM. We apply the Chamfer Distance
(CD) to evaluate the quality of the reconstructed object. The
objects are normalized into a unit sphere before computing the
CD, and the CD values are multiplied by 10® for display.
Experimental Results and Analysis: The qualitative and
quantitative comparisons of HIPPo against BundleSDF [5] and
One-SfM [9] are presented in Fig. 9 and Table II, respectively.
Specifically, Fig. 9 shows that our method always maintains
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TABLE IT
QUANTITATIVE COMPARISON WITH BUNDLESDF AND ONE-SFM

. . Number of Frames
Object Method Metric T 7 3 ™ 6
CD x10° | 619 | 521 | 427 | 360 | 252
YCBis | BundleSDF e 110.6 | 1142 | 123.6 | 1358 | 1423
CD x10° | - 901 | 834 | 695 | 641
Power | One-SIM 1 —p e~ ———T24 497 [ 964 | 1271
Drill Ours CD x10° | 353 | 344 | 319 | 308 | 297
Time (s) | 8.1 31 58 | 87 | 96
CD x10° | 562 | 469 | 388 | 3.13 | 2.8
YCBs | BundleSDF e 11055 | 1093 | 117.2 | 1214 | 1355
CD x10° = 9.17 8.48 7.09 6.35
Mustard | One-SIM. - | —p e ————T75 486 | 923 | 1231
Bottle Ours CD x10° | 312 | 301 | 289 | 286 | 2.77
Time () | 8.1 T8 | 46 | 73 | 93
IR CD x10° | 448 | 352 | 275 | 227 | 201
YCB; | B DF Time &) [ 1028 | 1099 | 123.2 | 133.6 | 1369
CD x10° = 894 | 715 6.88 6.11
Sugar One-SM - =S = 212 | 447 | 91.6 | 113.8
Box Ours CD x10° | 310 | 305 | 2.68 | 215 | 2.63
Time () | 8.1 T4 | 36 | 61 92
CD x10° | 781 | 667 | 470 | 394 | 275
Real | BundleSDF |5 1033 [ 210.1 | 2965 | 334.5 | 4537
CD x10° | - 989 | 843 | 732 | 651
World | One-SIM - -—m e ————63 545 [ 1042 | 1434
Mo Ours CD x10° | 372 | 3.61 | 338 | 322 | 320
e Time () | 82 | 72 | 98 | 99 | 99
TABLE III
COMPUTATIONAL TIME ANALYSIS OF HIPPO
Process Object Image-to- | Multiview-to 6D Pose Mesh
> Segmentation | -Multiview -Mesh Estimation | Update
Time (s) 0.04 2.01 6.05 0.03 9.87

a complete 3D model from the first frame compared to com-
petitors, with significantly better efficiency. Although One-SfM
shows better efficiency than BundleSDF, it is not applicable
when only a single frame is available and produces a relatively
noisy 3D model compared to both BundleSDF and our method.
Table IT demonstrates that the 3D model fidelity of our method is
superior to that of the competitors when the number * of frames
is fewer than 16. The inference time of our method on the first
frame is always 8 s, as the proposed HIPPo Dreamer processes
a normalized input through a fixed pipeline. Our inference
time on other frames is fewer than 10 s since we downsample
the accumulated measured point cloud to 30,000 points if it
exceeds this number. As introduced in Section III-C, the only
time-consuming process in mesh update is the KDTree-based
nearest point searching. An ablation study regarding this is pro-
vided in Section IV-C. Moreover, the continuous improvement
in our model’s fidelity demonstrates the benefit of the proposed
mesh update module. BundleSDF [5] outperforms our method
when the number of frames is 16, but its efficiency is notably
lower than ours. An analysis is presented in Sec IV-E. One-
SfM [9] is inferior to our method in both quality and efficiency
across all settings.

C. Computational Time Analysis and Ablation Studies

Computational Time Analysis: We first report the computa-
tional time of the major steps of our method in Table III, where
the results correspond to the tests shown in Table I. As seen,
HIPPo can estimate the 6D pose of a novel object at around
15 FPS (object segmentation and 6D pose estimation) after the
initialization of HIPPo Dreamer (image-to-multivew-to-mesh),

3Note that the number of frames is a different concept from the number of
reference images in Section IV-A. Frames are the consecutive RGB-D frames
provided to the methods. Reference images are known images used to reconstruct
the model prior to 6D pose estimation.
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TABLE IV
ABLATION STUDY ON THE EFFECT OF MESH UPDATE FREQUENCY

Num. of Viewpoint 1 25 36 64
ADD 86.57 | 88.71 | 89.07 | 90.31
ADD-S 94.62 | 96.55 | 97.00 | 97.21
TABLE V

ABLATION STUDY ON THE EFFECT OF THE NUMBER OF PRESERVED POINTS
AFTER DOWNSAMPLING FOR MESH UPDATE

Num. of Points | 5000 | 10,000 | 20,000 | 30,000 | 40,000
Time (s) 1.73 3.52 7.26 9.87 14.34
CD x10° 3.55 3.42 3.30 3.17 3.13

TABLE VI

ABLATION STUDY REGARDING SCALE RECOVERY AND THE SOR FILTER

w/o Scale Recovery
w/o SOR Filter
15.77
3143

w/o Scale Recovery
w/ SOR Filter
41.20
75.64

w/ Scale Recovery
w/o SOR Filter
80.87
92.35

w/ Scale Recovery
w/ SOR Filter
89.07
97.00

Method

ADD
ADD-S

which takes around 8 seconds. The most time-consuming pro-
cess is the mesh update, and a more detailed analysis of this
process is provided in the following ablation studies.

Effect of Mesh Update Frequency: We first study the ef-
fect of mesh update frequency. In particular, the frequency is
controlled by the number of viewpoints on the sphere shown in
Fig. 5. The result on YCB-V [23] is presented in Table IV. As
seen, increasing the mesh update frequency can slightly improve
the 6D pose estimation performance. However, considering that
mesh update also consumes time, it is not practical to update the
mesh with a high frequency in real applications. We choose 36
viewpoints for the balance of accuracy and efficiency. Moreover,
one viewpoint on the sphere indicates that no mesh update
is needed, and HIPPo can consistently run at 15 FPS after
initialization. This is a feasible solution for scenarios where no
time is allowed for mesh updates or collecting the object’s asset
is not necessary. However, Fig. 9 demonstrates the necessity of
mesh updates for collecting high-fidelity 3D assets.

Effect of the Number of Points on Mesh Update: We
then study the impact of the number of preserved points after
downsampling. In Table V, we report the effect of the number
of preserved measured points after downsampling, as the effi-
ciency of the mesh update is determined by it. We use the mug
scenario shown in Fig. 9 as an example and focus on the mesh
optimization case with 16 frames. As shown, preserving more
points, though beneficial for improving reconstruction quality,
leads to a longer inference time. Thus, we opt to preserve 30,000
points for the quality-efficiency balance.

Effects of Scale Recovery and the SOR Filter: We study
the effects of scale recovery, introduced in Section I1I-A2, and
the SOR filter, which is used for denoising point clouds. The
result on YCB-V [23] is presented in Table VI. As seen, since
the correct scale of the reference mesh is a prerequisite for 6D
pose estimation, removing both the scale recovery and the SOR
filter leads to severe performance degradation. In particular,
scale recovery impacts the performance more, as the SOR filter
only removes the effect of noise on scale, while scale recovery
directly determines the scale. The results demonstrate that both
of them are necessary components in HIPPo Dreamer.
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Initial View GigaPose SAM-6D  FoundationPose Ours

Fig. 10. A qualitative comparison with the SOTA methods [1], [2], [3].
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An illustration of HIPPo’s immediate robotic application.

Fig. 11.

D. Demonstration of Robotic Application

First, we present a qualitative comparison with the SOTA
competitors [1], [2], [3] in the following scenario: the robot
needs to instantly estimate the 6D pose of a novel object,
while movement around the object to observe it is not allowed.
Therefore, the only available information is the first RGB-D
frame of the object. The SOTA competitors have to utilize the
incomplete model of the object built from this single frame. In
contrast, HIPPo can instantly construct the complete 3D model
by harnessing image-to-3D priors and carry out this task. The
qualitative comparison is shown in Fig. 10. Then, we present
an application demo in Fig. 11. The task is to grasp a novel
object while also obtaining its 3D oriented bounding box for
further planning. The frames are captured by a static calibrated
RGB-D camera. If we employ FoundationPose [1] for this task,
we have to reconstruct [5] the object first, which could take
several minutes. In comparison, by leveraging HIPPo, the robot
only needs to wait a few seconds to execute the task. Moreover,
thanks to the robust zero-shot prediction ability of the proposed
HIPPo Dreamer, as shown in Fig. 12, our method can estimate
the 6D pose of novel real-world objects.

E. Limitations

Most image-to-3D methods struggle with severe object occlu-
sion because they only learn in an image-to-image manner [13].
As seen in Fig. 13, occlusion hinders the generation of a 3D
mesh with correct scale and geometry, and thus affects the pose
estimation result. A possible solution to this problem is to apply
a vision-language model as in [13]. Efficiency is prioritized
in HIPPo, so 3D colored point clouds are used for mesh up-
dates. Consequently, when observations are sufficient and time
consumption is not considered, its reconstruction performance
is inferior to the method [5] focusing on rendering quality.
Our work currently focuses only on initializing from a single
image, rather than from few-shot unposed images, for which
few-shot-to-3D generation methods [28] could be a solution.

V. CONCLUSION

We propose a new HIPPo framework that harnesses image-
to-3D priors for model-free zero-shot 6D pose estimation. We
design a novel instant image-to-mesh strategy, called HIPPo
Dreamer, to generate a 3D mesh from the first glance of the object
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IEEE Robotics and Automation Letters (RA-L) paper, presented a

Fig.12. Demonstration of HIPPo’s zero-shot pose estimation ability. From top
to bottom: Fire Extinguisher, Great Value Mustard, Germs Be Gone Sanitizer,
Lysol Wipes, and Purell Sanitizer. At the bottom of each image, six sub-images
are displayed: rendered RGB, measured RGB, rendered depth, measured depth,
RGB residual, and depth residual.

No Occlusion Severe Occlusion
Al > B}

Job

Moderate Occlusion

Ground Truth

HIPPo

Fig. 13.  Anillustration of the effect of object occlusion on 3D mesh generation
and 6D pose estimation. The sub-images in the top-left show object observations
and the corresponding generated meshes in the top and bottom rows, respectively.

in mere seconds. In addition, we develop a measurement-guided
formulation that gradually updates the diffusion prior with
more reliable online measurements of geometry and appearance.
HIPPo needs no 3D textured model or reference images in
advance and maintains a complete mesh from the first glance.
Qualitative and quantitative evaluations on various benchmarks
show that the proposed approach outperforms the state-of-the-art
6D pose estimation methods when prior reference images are
scarce.
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