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Abstract

The symmetrical properties in industrial components causes challenges in computer vision applica-
tions. While current dense feature matching methods excel in 6D pose estimation for asymmetric
objects, they struggle with symmetric ones. This paper presents a novel approach combining octree
encoding and Hough voting for robust 6D pose estimation of symmetric objects. Our method applies
symmetric-aware octree encoding to object vertices to ensure vertices with consistent features have
the same encoding. A deep neural network is trained to learn the encoding for each vertex. During
inference stage, Hough voting is leveraged to predict the object’s center based on the predicted encod-
ings. Then linear least square regression is used to obtain the rotational axis or symmetric plane of
the object. The final pose is refined through a symmetric-aware iterative closest point (ICP) algo-
rithm. Experiments on YCB-V dataset and T-LESS dataset demonstrate our approach’s superior
performance, achieving state-of-the-art results in pose accuracy.

Keywords: Symmetric object, 6D pose estimation, Octree encoding, Hough voting, squares fitting

1 Introduction

Pose estimation is fundamental for smart manu-
facturing applications including precision assem-
bly, intelligent sorting, and automated stacking.
Determining an object’s complete 6D pose con-
sists of three-dimensional position and three-
dimensional orientation, and this is a core chal-
lenge in computer vision and robotics, particularly
under variable illumination, partial occlusion, and
complex arrangements.

Deep learning methods for the estimation of
the 6D pose can be classified by sensor input: RGB
methods[1–5] are cost-effective but lack depth
information, while RGB-D methods[6–11] lever-
age 2.5D data for superior performance. As depth

sensors become increasingly affordable, this paper
focuses on 2.5D input-based approaches.

Existing 2.5D methods broadly fall into three
categories. Direct regression methods train
networks to predict rotation and translation
directly. However, object symmetries create one-
to-many mappings between images and valid
poses. ES6D[12] addresses this by analyzing the
symmetry classes and introducing symmetry-
sensitive distance metrics, while Cosypose[4] min-
imizes distance to the closest symmetric can-
didate. Probabilistic approaches model rota-
tion distributions through normalizing flows[13]
or implicit representations[14]. Recent diffusion-
based methods[15–17] use multimodal modeling
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capabilities to generate poses, although they still
struggle with occlusion. Dense voting meth-
ods such as PVNet[1], PVN3D[7], and FFB6D[8]
predict the direction or distance from each vis-
ible point to the center or key points of the
object. Although object centers are symmetry-
invariant, keypoint distributions exhibit ambigu-
ity under symmetry. GDRNet[5] partitions the
models into patches that vote for local positions
before predicting the centers, but cannot overcome
symmetry-induced ambiguities. These inconsis-
tent supervision signals hinder convergence and
accuracy, particularly for occluded objects, where
voting errors cause pose drift.

Dense matching methods learn the cor-
respondences between point clouds and model
points. SurfEmb[18] and GCPose[11] learn
implicit mappings via point-wise similarity, while
ZebraPose[2] and HiPose[9] assign explicit binary
codes to vertices, achieving state-of-the-art results
on non-symmetric objects. However, unique-
vertex encoding conflicts with symmetric object
ambiguity, degrading performance. Although
less affected by occlusion than voting methods,
similar features in symmetric regions introduce
interference during matching, requiring robust
outlier rejection like RANSAC.

For pose refinement, ICP[19] aligns estimated
and scene point clouds but suffers from local min-
ima due to the nearest-neighbor correspondence.
PFA[20] predicts dense correspondence fields non-
iteratively, though it remains ambiguous for sym-
metric objects and requires additional networks,
increasing complexity.

In this paper, we propose a novel symmetric-
aware octree encoding approach for dense match-
ing. By analyzing object symmetries—whether
axisymmetric or planar symmetric—we encode 3D
model vertices using octree structures ensuring
that identical features receive identical encodings,
enabling networks to learn without ambiguity.
During inference, we estimate object centers via
3D Hough voting, compute symmetry planes or
normal vectors through linear least squares, and
refine poses using symmetry-aware ICP.

Our main contributions are: (1) A symmetric-
aware octree encoding method ensuring conver-
gence for symmetric objects by assigning consis-
tent encodings to identical features. (2) A hybrid
post-processing pipeline that combines dense vot-
ing and matching advantages—using 3D Hough

Fig. 1 Pipeline of SO6D consists of three main compo-
nents: point cloud encoding, initial pose estimation, and
pose optimization. The implementation details are intro-
duced in Sections 2.3, 2.4, and 2.5 respectively.

voting for center estimation, linear least squares
for symmetry plane computation, and symmetric-
aware ICP for refinement. (3) Comprehensive eval-
uation of T-LESS and YCB-V datasets demon-
strating superiority over existing approaches, with
detailed analysis of network architectures, encod-
ing depths, and computational efficiency.

2 Method

In this section, we provide a detailed descrip-
tion of our proposed method. Inspired by other
dense feature point matching methods[9], we pro-
pose a symmetry-aware octree encoding method.
This encoding has the advantage of simultane-
ously possessing feature matching capabilities and
positional representation capabilities, allowing us
to adopt both dense voting and dense match-
ing approaches to achieve more accurate pose
estimation.

2.1 Problem Definition

For each symmetric object appearing in an RGB-
D image, our goal is to estimate its own coordinate
system relative to the camera coordinate system’s
translation and rotation. Translation can be repre-
sented as t ∈ R

3, and rotation can be represented
as R ∈ SO(3). Suppose that the target object’s
model M is given, which contains n vertices vi ∈
R

3, where i is the index. We need to encode each
vertex using a given algorithm and then train a
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neural network in a supervised manner, with the
input being the RGB-D image and the output
being the encoded value corresponding to each
point in the image. This encoded value represents
the correspondence between each point pj in the
RGB-D image and the vertex vi in the model.
According to the correspondence, we can calcu-
late the relative pose using a method such as least
squares:

min
R∈SO(3),t∈R3

∑

(i,j)∈C

∥pj − (Rvi + t)∥2, (1)

where C denotes the set of corresponding point
pairs, and (i, j) ∈ C indicates that the i-th model
vertex vi corresponds to the j-th image point pj .
Calculating (1) requires a prerequisite condition,
namely that C is a correspondence of one-to-one.
However, symmetric objects clearly do not satisfy
this requirement, which is the main reason why
current dense matching methods[2, 9, 11] perform
well on non-symmetric objects but fail to handle
symmetric objects.

2.2 Pipeline of SO6D

The pipeline of the proposed method is shown in
Fig.1. As in [2, 9], we first detect the object and
crop the corresponding RGB-D region, which is
then encoded with an octree-based representation
explicitly designed to handle object symmetries
(Section2.3). During supervised training, ground-
truth poses and segmentation masks are used to
assign octree encodings to object points in the
RGB-D image Irgbd. The image is processed by
a network F = Φfe(Irgbd) that combines a Point
Transformer and PSPNet for the extraction of
features, although these backbones are modular
and can be replaced by more advanced alter-
natives. The fused features are passed to two
parallel heads: a segmentation branch Φseg for the
foreground/background prediction and an encod-
ing branch Φe for the prediction of the octree
code. At inference time, the segmentation head
first selects object points, whose predicted octree
encodings are then used for pose estimation. An
initial pose Tinit is computed from these encod-
ings in a symmetry-sensitive manner (Section 2.4),
and the final pose is obtained through an iterative
refinement procedure described in Section 2.5.

2.3 Symmetry-Aware Octree

Encoding

HiPose[9] used k-NN to recursively bisect the
points on M, without considering the impact of
object symmetry. Additionally, the encoding infor-
mation of the vertices themselves is not correlated
with their 3D coordinates. Taking into account
these two points, we propose to use an octree to
encode the vertices. We primarily consider two
types of symmetry: axis symmetry and plane sym-
metry, as shown in Fig. 2. Our core objective is
to ensure that the symmetric vertices share iden-
tical feature representations. For axis-symmetric
models, assume that the symmetry axis of model
M is the z-axis. Let vi = (xi, yi, zi) ∈ R

3 be a
vertex in the Cartesian coordinates of the object.
Let Π : R

3 → R
2 be the transformation that

maps a vertex (xi, yi, zi) to its cylindrical projec-
tion (ρi, zi), where ρi =

√

x2
i + y2i represents the

radial distance from the z-axis. Then we encode
the coordinates using a binary octree method E :
R

2 → N
2, where the encoding functions for the ρ

and z coordinates are defined as:

Eρ(ρ) =

L
∑

l=1

b
ρ
l · 2

L−l, b
ρ
l ∈ {0, 1} (2)

Ez(z) =

L
∑

l=1

bzl · 2
L−l, bzl ∈ {0, 1}, (3)

where L denotes the maximum depth of the
octree, and at each level l, the binary digits bρl and
bzl are determined by:

b
ρ
l = I(ρ > ρmid), bzl = I(z > zmid), (4)

where I(·) is the indicator function, and
(ρmid, zmid) represents the midpoints of the cur-
rent subdivision at level l. The final encoding is
given by the tuple Ea = (Eρ(ρ), Ez(z)).

For plane-symmetric objects, the vertices
equidistant from the symmetry plane should share
identical encoding. Considering a Euclidean coor-
dinate system with the object’s center as origin
and a symmetry plane z = 0, a vertex pj =
(xj , yj , zj) and its symmetric counterpart p′j =
(xj , yj ,−zj) must map to the same encoding. To
achieve this, we transform the coordinate values
taking the absolute value of the z-coordinate: pj =
(xj , yj , |zj |). This transformation is applied to all

3



Fig. 2 Illustration of the proposed octree encoding
method. Grid cells with the same color share identical
encoding, which helps eliminate ambiguity issues during
model training.

vertices in the model to maintain planar symme-
try. This representation offers two key advantages:
(1) It encodes the symmetric features of the model
into identical forms. (2) The feature encoding
vanishes at the coordinate plane, enabling direct
fitting to determine the zero-value of the coordi-
nate axis. The corresponding encode function is
E : R3 → N

3, where the encode functions for the
coordinates x, y, and |z| are defined as:

Ed(d) =

L
∑

l=1

bdl ·2
L−l, bdl ∈ {0, 1}, d ∈ {x, y, |z|},

(5)
where L denotes the maximum depth of the
octree and bdl = I(d > dmid). I(·) is the indica-
tor function and (xmid, ymid, zmid) represents the
midpoints of the current subdivision at level l.
The final encoding is given by the tuple Ep =
(Ex(x), Ey(y), E|z|(|z|)). Following the computa-
tion of the octree encoding for each vertex vi
on the model M, we transform the model into
the camera coordinate system using the ground
truth pose Tgt provided in the training data set.
We then establish point correspondences between
the transformed model vertices and points in the
RGB-D image using nearest neighbor matching.
These correspondences enable us to assign appro-
priate encodings to each point of the object pi,
which serve as the ground truth encodings E i

gt

during the network training process. The detailed
pipeline of the octree encoding neural network is
illustrated in Fig. 3.

Fig. 3 Pipeline for the octree encoding network.

2.4 Pose Estimation based on

Hough Voting

Since the octree encodings is many-to-many,
rather than one-to-one, (1) cannot be directly
used for pose estimation. Therefore, this section
provides a voting method based on Hough to
calculate the initial pose Tinit. The octree encod-
ing inherently preserves the spatial positions in
the object coordinate. This positional information
allows us to implement the voting-based method
for estimating the object’s center.

2.4.1 Pose Estimation of

Axis-Symmetric Object

For objects with axial symmetry, Tinit can be
determined by identifying the center of the object
and its axis of rotation. The predicted encodings
Epred are first converted to cylindrical coordinates
pi = (ρ, z). Subsequently, for each point pi, we

compute its radial distance ri = |p⃗i| =
√

ρ2 + z2.
Each point pi casts votes in a discretized 3D voting
space G based on its predicted radius ri. The vot-
ing process accumulates evidence in G according
to:

pc = argmax
g∈G

N
∑

i=1

H(g, pi, ri) (6)

H(g, pi, ri) =

{

wi if ||g − pi| − ri| < ϵ

0 otherwise
, (7)

where g represents the 3D grid in the voting space,
ϵ is a voting tolerance threshold, and wi is a
confidence-based voting weight following a normal
distribution:

wi = exp

(

−
(|g − pi| − ri)

2

2σ2

)

. (8)

The grid with the highest accumulation of
votes in G is designated as the center of the object
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pc. The voting computation is implemented in
CUDA to enable parallel processing, significantly
reducing computational time.

Following the determination of pc, the estima-
tion of the rotational axis can be formulated as
an optimization problem: given a plane Lc passing
through point pc and a set of points pi ∈ R

3 with
their corresponding plane distances dl,i = zi, we
seek to determine the optimal plane normal vector
nl that minimizes point-to-plane distance errors.
The optimization objective function is formulated
as follows.

min
nl

n
∑

i=1

||(pi − pc)
Tnl − zi||

2. (9)

This optimization problem can be reformulated as
a linear least squares system:

min
nl

||Anl − b||2, (10)

where

A =







(p1 − pc)
T

...
(pn − pc)

T






,b =







z1
...
zn






. (11)

The optimal unit normal vector is obtained
through the following:

nl = (ATA)−1ATb. (12)

Given the calculated center point pc and the
normal vector nl, Tinit can be determined by
geometric transformation.

2.4.2 Pose Estimation of

Plane-Symmetric Object

The center computation procedure for plane-
symmetric objects is methodologically equivalent
to that utilized in axial-symmetric objects. Given
the discrete nature of the planar symmetry charac-
teristics defined by the symmetry plane, once the
symmetry plane is determined, the feature points
maintain one-to-one mapping relationships within
the subspaces partitioned by this plane. Follow-
ing the determination of the center pc by Hough
voting, the symmetry plane is computed using
linear least squares optimization. Based on the

computed symmetry plane, we partition the point
cloud into distinct subspaces and establish one-to-
one correspondences between these points and the
vertices within corresponding subspaces of the 3D
model. The initial transformation matrix Tinit is
subsequently obtained through the optimization
framework defined in (1).

2.5 Pose refinement

After obtaining Tinit, we iteratively optimize the
pose using symmetric-aware ICP optimization. In
contrast to conventional ICP algorithms that per-
form exhaustive nearest neighbor searches across
all vertices, our method exploits the’ octree encod-
ings of points to constrain the search space to
subsets of semantically corresponding vertex.

Based on the initial pose estimate Tinit, we can
assume that there exists a small transformation
∆T between the current pose and the final pose.
For each point pj in the point cloud, we first obtain
its octree encoding Ej

a, then locate all vertices in
the model M that share the same encoding:

Vp = {vi ∈ M | Ea(vi) = Ej
a}. (13)

Subsequently, we employ a nearest neighbor
search to find the vertex vi∗ in Vp that is closest
to pj :

vi∗ = arg min
vi∈Vp

||Tinitvi − pj ||
2. (14)

Based on established correspondences, we com-
pute the transformation matrix Tk that minimizes
point-to-point distances at each iteration k:

Tk = argmin
T

∑

j

||T · vi∗ − pj ||
2. (15)

This process is repeated iteratively until con-
vergence or a maximum number of iterations
is reached. The final transformation Tfinal is
obtained from the last iteration Tfinal = TK .
This formulation directly solves for the optimal
rigid transformation in each iteration using closed-
form methods such as SVD or quaternion-based
approaches, where K denotes the final iteration
number. This approach effectively leverages the
initial pose estimate and establishes reliable point
correspondences while accounting for symmetry,
thereby achieving robust pose optimization.
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3 Experiments

In this section, we first introduce the implemen-
tation details of our method, the datasets used
for testing, and the evaluation metrics. We then
compare our approach with recent pose estima-
tion methods. Finally,we analyze the contribution
of each component in our proposed method and
examine parameters such as runtime through abla-
tion studies.

3.1 Implementation Details

The octree encoding model Φfe combines Point-
TransformerV3 (PT3)[21] and PSPNet[22], where
PT3 extracts point cloud features, and PSPNet
extracts image features. Similarly to [2, 5], the net-
work takes a zoomed-in Region of Interest (RoI)
image and its corresponding depth map as input.
The image is processed through PSPNet, while
the point cloud converted from the depth map
is fed into PT3. Their outputs are merged and
transferred to a 2-layer MLP segmentation predic-
tion network Φseg and a 2-layer MLP emcoding
network Φencode. We supervise both segmentation
and encoding using binary cross-entropy loss. The
final loss function is defined as:

Ltotal = Lmask + αLcode, (16)

where α balances the two losses. We empirically
set α = 0.1 across all experiments. In particu-
lar, for the encoding loss, we only supervise points
that belong to the target object during training.
A separate model for each object is trained for 30
epochs with a batch size of 8. We use the AdamW
optimizer with sinusoidal learning rate scheduling
in one-cycle, starting at 1e−4, following the default
PT3 settings.

3.2 Datasets

We evaluate our method on two benchmarks. The
YCB-Video dataset contains recordings of 21 YCB
objects, 5 of which are symmetric. It is chal-
lenging because of varying illumination, strong
artifacts, and frequent occlusions. The dataset
consists of 92 RGB-D videos showing different
object combinations in indoor scenes; following
the standard protocol, we use 80 videos for train-
ing and 2,949 keyframes from the remaining 12
videos for testing.

The T-LESS dataset is a particularly challeng-
ing benchmark with 27 symmetric and 3 asym-
metric objects, making it well suited to assess-
ing symmetry-aware methods. We follow previous
work and use 10,000 real scan images for eval-
uation, adopting object detections provided by
GDRNPP [5] for fair comparison.

3.3 Evaluation Metrics

For YCB-Video, we report the AUC of the ADD-
S metric (using the symmetric variant of ADD)
with a maximum distance threshold of 10 cm, fol-
lowing [8, 9]. For T-LESS, we follow the BOP
benchmark and use MSPD (Maximum Symmetry-
Aware Projection Distance), MSSD (Maximum
Symmetry-Aware Surface Distance), and VSD
(Visible Surface Discrepancy). To better capture
symmetry-related performance, we additionally
report pose precision at fixed rotation and transla-
tion thresholds: R@2◦, R@5◦, and R@10◦ denote
the fraction of poses whose rotation error is below
2°, 5°, and 10°, respectively, while T@2 cm, T@5
cm, and T@10 cm measure the proportion of pre-
dictions within 2, 5 and 10 cm of the translation
of the ground-truth.

3.4 Comparison to State of the Art

In the following, we compare our method to the
state of the art using various metrics on YCB-V
and T-LESS datasets.

3.4.1 Results on YCB-V

The results of the 6D pose estimation on sym-
metric objects in YCB-V are shown in Table. 1.
The experimental results demonstrate that our
method outperforms the HiPose dense match-
ing approach by approximately 6%, effectively
addressing the correspondence ambiguity prob-
lems inherent in one-to-one feature matching
schemes. Compared to the second-best perform-
ing method, our approach achieves a perfor-
mance improvement of 1.4%, primarily due to our
symmetric-aware pose refinement strategy. This
enhancement can be attributed to our feature
matching mechanism, which inherently preserves
axial and planar symmetry constraints, thus min-
imizing the occurrence of incorrect correspon-
dences.
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Table 1 Comparison of ADD-S score with different 6D
pose estimation methods on symmetric objects in
YCB-V(%)

RGB RGB-D

GDRNPP ZebraPose FFB6D ES6D HiPose SO6D

bowl 85.7 37.1 96.3 96.4 84.2 96.8

wood 82.5 84.5 92.6 94.4 89.7 96.1

l clamp 89.3 85.6 96.8 61.0 81.3 97.1

xl clamp 93.5 92.5 96.0 59.6 94.3 97.5

foam 90.9 95.3 95.3 96.6 96.1 96.8

Avg. 88.4 79.0 95.4 81.6 91.1 96.8

3.4.2 Results on T-LESS

The comparative results of our method (SO6D)
against other state-of-the-art approaches on the
T-LESS dataset are presented in Table. 2, eval-
uated using multiple metrics, including MSPD,
MSSD and VSD. Our method demonstrates supe-
rior performance across all evaluation metrics.

Specifically, in terms of MSPD, which mea-
sures the 2D projection accuracy, SO6D achieves
0.901, surpassing the previous best result of 0.892
by ES6D. For MSSD, which evaluates 3D pose
accuracy, our method attains 0.875, showing a
notable improvement over HiPose’s 0.866. The
most significant enhancement is observed in the
VSD metric, where SO6D achieves 0.807, substan-
tially outperforming ES6D’s 0.751, representing a
5.6% improvement.

The Average Recall (AR) across all met-
rics further validates the effectiveness of our
approach, with SO6D achieving 0.861, compared
to 0.833 from HiPose, the second-best performer.
This comprehensive improvement of 2.8% in AR
demonstrates that our octree-based design effec-
tively addresses the symmetry-induced mismatch-
ing issues prevalent in the T-LESS dataset.

Table 2 Comparison of MSPD, MSSD, VSD score with
different 6D pose estimation methods on T-LESS

Metrics ZebraPose ES6D HiPose GCPose SO6D

MSPD 0.889 0.892 0.888 0.757 0.901

MSSD 0.740 0.841 0.866 0.735 0.875

VSD 0.696 0.751 0.746 0.681 0.807

AR 0.775 0.828 0.833 0.724 0.861

Table 3 Comparison of R@2, R@5, R@10, T@2cm,
T@5cm, and T@10cm score with different 6D pose
estimation methods on T-LESS(%)

Method R@2° R@5° R@10° T@2cm T@5cm T@10cm

GDRNPP 21.60 71.18 90.56 90.31 96.09 98.10
DiffPose 47.21 86.94 94.78 71.72 92.03 97.15
SO6D 49.38 89.15 95.81 92.14 96.46 98.31

Table. 3 presents a comprehensive evaluation
of translational and rotational accuracy metrics
across multiple threshold values. The quantita-
tive results demonstrate the efficacy of our pro-
posed method in comparison with state-of-the-art
approaches.

In terms of rotational precision, our method
exhibits substantial improvements across all error
thresholds. Notably, at the most stringent thresh-
old of 2 degrees, our approach achieves 49.38%
recall, surpassing GDRNPP and DiffPose by mar-
gins of 27.78% and 2.17%, respectively. This
enhancement in fine-grained rotational accuracy
demonstrates the robustness of our method in
handling complex geometric orientations.

Translational accuracy metrics further validate
the superiority of our approach. At the critical
2 cm threshold, our method achieves a recall of
92.14%, representing a substantial improvement
over DiffPose (71.72%) and GDRNPP (90.31%).
This increased precision in translational estima-
tion is particularly significant for industrial appli-
cations that require high-precision manipulation.

Qualitative examples of pose estimation results
are shown in Fig. 4. The proposed method demon-
strates robust pose computation even under par-
tial object occlusion. Failure cases occur primarily
under severe occlusion conditions (when the vis-
ible surface area is less than 20% of the total
surface of the object).

3.5 Ablation Studies

3.5.1 Submodule Analysis

In this section, we present a comparative anal-
ysis of symmetric-aware octree encoding versus
conventional octree encoding, along with an eval-
uation of pose initialization using Hough voting
and the commonly used RANSAC method. Pose
refinement using symmetric-aware ICP and con-
ventional ICP algorithm is also investigated on the
YCB-V dataset.
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Fig. 4 Qualitative results on T-LESS dataset.

Table 4 Ablation study on the main modules proposed
in SO6D. s-a denotes symmetric-aware and conv.
represents conventional.

Octree Encoding
s-a octree ✓ ✓ ✓

conv. octree ✓ ✓

Pose Init
Hough voting ✓ ✓ ✓

RANSAC ✓ ✓

Pose Refinement
s-a ICP ✓

conv. ICP ✓ ✓ ✓ ✓

ADD-S (%) 72.5 87.6 90.4 96.0 96.8

Table. 4 presents a systematic evaluation of
the components of our framework. The base-
line approach, which uses conventional positional
encoding with RANSAC, achieves an ADD-S
score of 72.5 for symmetric objects. Incorporat-
ing our symmetric-aware octree encoding demon-
strates marked improvement, elevating perfor-
mance to levels comparable with the HiPose
method. The integration of our proposed Hough
voting mechanism further enhances accuracy,
slightly exceeding the performance of the FFB6D
benchmark. Finally, the addition of symmetric-
aware ICP refinement culminates in a 1.4% per-
formance improvement over FFB6D, validating

the effectiveness of our complete symmetric-aware
pipeline.

3.5.2 Hyperparameter Tuning

The key hyperparameters that affect pose estima-
tion accuracy are the depth of the octree encoding
d and the radius error tolerance ϵ in the Hough
voting. We empirically determined these hyperpa-
rameters through an ADD-S metric evaluation on
the YCB-V dataset. As shown in Fig. 5(a), exper-
iments with depth of octree encoding demonstrate
optimal performance in d = 6. Lower depth values
result in coarse point classification, compromis-
ing precise localization. In contrast, greater depths
lead to training difficulties in the neural network,
increasing overall training error, and subsequently
degrading matching performance. For the error
tolerance ϵ in the Hough vote, we evaluated val-
ues ranging from 0.1 to 0.4. Detailed experimental
results are presented in Fig. 5(b).

(a) (b)

Fig. 5 (a) Octree encoding depth searching experiment.
(b) Error tolerance analysis of Hough voting.

3.5.3 Runtime Analysis

We evaluated our method’s runtime performance
on a single NVIDIA RTX 3090 GPU paired with
an AMD Ryzen Threadripper 2950X CPU. The
computational time is as follows: neural network
prediction of octree encoding takes 52 ms, Hough
voting for object center estimation requires 128
ms, symmetry plane or revolute object normal cal-
culation consumes 74 ms, and symmetric-aware
ICP computation takes 852 ms, totaling 1106 ms
per inference. Among methods employing iter-
ative ICP computations(as shown in Table. 5),
our approach demonstrates relatively competitive
computational efficiency.
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Table 5 Time Efficiency Comparison of Different Methods

Method SurfEmb GDRNPP ZebraPose HiPose FFB6D SO6D w/o
refinement

SO6D

Refinement custom[18] CIR[5] ICP[2] - - - symmetric-
aware ICP

Average Time (s) 9.04 6.37 1.79 0.16 0.19 0.25 1.1

4 Conclusion

In this paper, we present SO6D, a 6D pose estima-
tion method that performs dense feature matching
through symmetry-aware octree encoding. This
approach addresses the ambiguity issues in the
training of features for symmetric objects that
current dense feature matching methods face by
using explicit symmetry-aware feature representa-
tions. Our proposed method demonstrates signifi-
cant advantages in pose estimation on symmetric
object datasets compared to existing approaches.
The main limitation of our method is the require-
ment to train specific models for individual
objects. Future work will focus on developing
generalizable encoding forms, aiming to achieve
strong performance in the estimation of zero-shot
6D poses.
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