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Abstract
Symmetric objects are common in daily life and industry, yet their inherent orientation ambiguities that impede the training
of deep learning networks for pose estimation are rarely discussed in the literature. To cope with these ambiguities, existing
solutions typically require the design of specific loss functions and network architectures or resort to symmetry-invariant
evaluationmetrics. In contrast, we focus on the numeric representation of the rotation itself, modifying trigonometric identities
with the degrees of symmetry derived from the objects’ shapes.Weuse our representation, SARR, to obtain canonic (symmetry-
resolved) poses for the symmetric objects in two popular 6D pose estimation datasets, T-LESS and ITODD, where SARR
is unique and continuous w.r.t. the visual appearance. This allows us to use a standard CNN for 3D orientation estimation
whose performance is evaluated with the symmetry-sensitive cosine distance ARC . Our networks outperform the state of
the art using ARC and achieve satisfactory performance when using conventional symmetry-invariant measures. Our method
does not require any 3D models but only depth, or, as part of an additional experiment, texture-less RGB/grayscale images as
input. We also show that networks trained on SARR outperform the same networks trained on rotation matrices, Euler angles,
quaternions, standard trigonometrics or the recently popular 6d representation – even in inference scenarios where no prior
knowledge of the objects’ symmetry properties is available. Code and a visualization toolkit are available at https://github.
com/akriegler/SARR.

Keywords Symmetry · Rotation representation · Pose estimation · Evaluation metrics

1 Introduction

6D pose estimation is a prerequisite to enable robot grasping
and manipulation tasks such as bin picking, as well as vir-
tual and augmented reality applications. With the adoption
of deep learning approaches and the usage of large training
datasets, significant progress has been made for object pose
estimation (Chen et al., 2023; He et al., 2022; Irshad et al.,
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2022; Liu et al., 2021; Pitteri et al., 2021; Periyasamy et al.,
2022; Pitteri et al., 2019), yet the challenges related to rota-
tionally symmetric objects, specifically the ambiguities that
arise, are rarely discussed thoroughly.
It is sometimes possible to resolve these ambiguities by using
symmetry-breaking visual features from the RGB domain
such as non-symmetric color patterns like distinctive design
elements onmanufacturedgoods.At the same time, an impor-
tant motivation of our work is that texture-less objects are
common in industrial or robotics applications (Drost et al.,
2017; Hodaň et al., 2017; Kalra et al., 2024). Furthermore,
depth cameras or 3DLiDARpointclouds are commonmodal-
ities in robotics (Raj et al., 2022). Thus, we focus on the
challenging task of object pose estimation where geometric
symmetries are intrinsic properties due to an object’s shape
(Brégier et al., 2018; Periyasamy et al., 2022) and assume no
symmetry-breaking RGB texture to help resolve the ambi-
guities.
These ambiguities are prohibitivewhen optimizing a network
to estimate the orientation (Hara et al., 2017), since the bijec-
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Fig. 1 Comparing rotation representations on a symmetric shape.
Using a rotation of 5◦ as reference (I), rotating the rectangle by another
180◦ creates ambiguities due to visual equality but numeric differences
(II). A space restriction can resolve this, numerically treating the object
as if it were rotated by 5◦ (dashed arrow) (III). Yet this does not ensure

continuity for visually similar poses close to the restriction boundary
(175◦ ↔ 5◦) (IV). Contrarily, our formulation is both unique across the
rotation space and continuous across the symmetry boundary transition.
✓ marks a correct/similar representation, ✗ is incorrect. “6d” denotes
the 6d representation proposed by Zhou et al. (2019)

tive relation between the visual representation V( p), e.g. an
image of an object in pose p, and the corresponding numeric
rotation representationN( p), e.g. a rotationmatrix, no longer
holds: multiple orientations represent the same visual input
and the resulting multi-modal distribution cannot be learned
unambiguously. To better understand the problems raised by
symmetric objects, let us consider the rectangles in columns I
and II of Fig. 1. For other rotation representations – we con-
sider Euler angles, rotation matrices, the 6d representation
(Zhou et al., 2019), quaternions and trigonometric identities
– two numerically different representations apply to visually
identical poses pI, pII:

V( pI) = V( pII) but N( pI) �= N( pII). (1)

While the rectangles are visually indistinguishable, “physi-
cally” they are oriented differently (marked by the yellow
arrow) and thus have different numeric representations.
There is therefore no function F: V( p) �→ N( p) for all pos-
sible p ∈ SO(3). As Pitteri et al. (2019) state, an attempt to
learn such a function with a Machine Learning (ML) algo-
rithm such as a Convolutional Neural Network (CNN) would
fail formany loss functions, as the network converges naively
to the mean of possible poses (if at all). This is true not only
for rotation matrices but also other rotation representations
(Huynh, 2009).

Current pose estimation methods typically attempt to
solve this problem in twoways: Firstly, the network architec-
tures and/or loss functions are modified to resolve ambigui-
ties. Thiswas originally proposed by Pitteri et al. (2019), who
split the rotation space into multiple bins, train a regression

network for each bin as well as a classifier to pick the regres-
sor to invoke. A disadvantage of this discretization approach
is that it requires multiple networks and thus extends training
times. Secondly, evaluation often relies on metrics that are
symmetry-invariant; i.e. metrics that give a full score as long
as the network predicts 1 out of the n correct poses. Exam-
ples include the VSD, MSSD and MSPD metrics (Hodaň et
al., 2020), which have become standard for pose estimation
through theBOPbenchmark (Hodaň et al., 2018). Thismeans
there is less incentive formethods to consider the ambiguities
that stem from object symmetries - something we consider
problematic, in line with Bregier et al. (2017)’s reluctance to
rely on ambiguity-invariant error functions.

A third approach deals with the representation N itself
by restricting the rotation space to only the canonic object
poses (Rad & Lepetit, 2017), see column III of Fig. 1. The
angle is clamped to the canonic space, numerically setting
the orientation as marked by the dashed arrow. This restores
uniqueness, i.e.:

V( pI) = V( pIII) ⇔ N( pI) = N( pIII), (2)

however themathematical properties and consequences were
not analysed in detail in that work. Most obviously, any
representation built on angles from this canonic space is dis-
continuous across the boundary of the space, e.g. 180◦ ±
ε ↔ 0◦ ± ε for the shown rectangle. We take inspiration
from their approach as we explore these object symmetries
more formally and propose the Symmetry-Aware-Rotation-
Representation (SARR), which implements a space restric-
tion while remaining continuous across the boundary (col-
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umn IV in Fig. 1). We evaluate SARR using the symmetry
classes of the texture-less objects in theT-LESS (Hodaň et al.,
2017) and ITODD (Drost et al., 2017) datasets. These have,
as part of the BOP benchmark suite, become highly popular
choices for evaluating object pose estimation methods. Our
contributions are therefore:

1. We formally describe the ambiguities due to object sym-
metries, targeting the symmetries and rotations of T-LESS
and ITODD objects

2. Wepropose SARR, a rotation representation that is unique
and continuous for those objects

3. We present rotation estimation results, comparing to
methods from the benchmark and networks trained on
common representations

After reviewing related works on symmetry and pose estima-
tion in Sect. 2, we provide a formal problem description and
introduce the SARR representation in Sect. 3. We present
extensive evaluation results on T-LESS and ITODD in Sect.
4, before concluding in Sect. 5.

2 RelatedWork

Pose estimation methods for symmetric objects can be split
into two families (Periyasamy et al., 2022), a categorization
we also follow.Methods from the first category typically esti-
mate only one pose (2.1), whereas methods from the second
category estimate the full distribution of valid poses (2.2).
We finish with a brief discussion on the desirable properties
of rotation representation for machine learning tasks (2.3).

2.1 Single Valid Pose

Rad and Lepetit (2017)’s work was one of the first to explic-
itly consider the problem of ambiguities due to symmetries.
For their solution, they halve the rotation space of an object
with a symmetry of degree 2 and train a classifier to detect
if a given object falls outside this restricted space. If so, the
image and predicted pose are mirrored. For higher degrees
of symmetry, a similar discretization of the viewing sphere
was done by Corona et al. (2018). Pitteri et al. (2019) provide
an analytic solution and implement a mapping algorithm for
ambiguous rotations. In their work multiple regressors have
to be trained dependent on an object’s symmetry. A classi-
fier is additionally required, which gets invoked to choose
the correct regressor. Mapping to a canonic pose and intro-
ducing empirically set balance parameters was done in Chen
et al. (2021), with four such parameters required to control
network training.

Morrison et al. (2020) have recognized the usefulness of
the trigonometric representation to learn a grasping angle

which is symmetric at±π
2 . They restrict the angle to [−π

2 , π
2 ]

and compute the vector v = (sin 2θ, cos 2θ) for network
training. The same approachwas taken byAyoub et al. (2023)
for grasping tree-logs. Nevertheless, only one axis of sym-
metry was considered in both of these works that use the
trigonometric representation.

Another popular idea is to use a specific distance met-
ric (Labbé et al., 2020; Mo et al., 2022; Shi et al., 2021;
Wang et al., 2019; Zhao et al., 2023), implemented via a
custom loss that fits closely to the evaluation metric. For
example, Mo et al. (2022) proposed the symmetry-invariant
metric A(M)GPD (average (maximum) grouped primitives
distance) which we also include in our experiments for eval-
uation. Shi et al. (2021) had to train two separate networks,
one for symmetric objects and one for asymmetric objects,
each with a proper loss.

It is also possible to implicitly learn representations via
an Autoencoder, as was done by Sundermeyer et al. (2018,
2020). The learned latent representation is (presumably)
ambiguity invariant, as visually identical poses will map to
the same code. Unfortunately, their method relies strongly
on accurate 3Dmodels. Haugaard et al. (2023) more recently
proposed a way to learn 2D-3D correspondence distributions
from color images without prior knowledge about symme-
tries. The authors admit that these distributions are accurate
only “up to” symmetry ambiguities and postulate that such
global symmetries could be modeled explicitly. In our work
we specifically propose such a solution to model the sym-
metries of T-LESS and ITODD objects with a well-defined
rotation representation.

2.2 Distribution of Pose Hypotheses

Methods of this family estimate not just one pose, but the full
set of potential poses according to the object’s symmetry.
This is commonly done through correspondence matching
with a probabilistic approach, where multiple likelihoods for
the pose hypotheses are estimated. For example, Zhao et al.
(2023) learn many-to-many correspondences in two input
point clouds, or Li et al. (2024) use a render-and-compare
approach and soft labels for the classification task. The pos-
sible distribution of 3D orientations was learned in the form
of a SO(3) encoder in (Cai et al., 2022). As Li et al. (2024)
mention, the performance of matching-based methods can
degrade significantly for imperfect CAD models. As these
methods do not resolve to a single canonic pose, they have to
resort to reporting results using a symmetry-invariant met-
ric. In contrast, we train our networks without using any 3D
models and report results using a symmetry-sensitive metric.
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2.3 Desired Properties of a Rotation Representation

While uniqueness may be sufficient for analytic settings, for
optimization algorithms such as deep neural networks, the
target-variables and thus the target functionF should also be
continuous. This continuity property is desirable, as discon-
tinuities can inhibit learning (Hara et al., 2017). Xu and Cao
(2005, 2004) have shown that functions that are smoother or
have stronger continuity properties also have lower approx-
imation errors for a given number of neurons. None of the
common representations fulfill this, as they do not consider
the symmetries of an object but only its orientation in the
form of an abstract, three-dimensional Cartesian coordinate
system.

To summarize, the works most closest to ours include Pit-
teri et al. (2019)’smapping to canonic poses, but our proposed
SARR requires only a single regressor and preserves conti-
nuity, as well as the modified trigonometric representations
used by Morrison et al. (2020) and Ayoub et al. (2023), but
we generalize their concept tomultiple axes of symmetry and
higher degrees of symmetry.

3 Methodology

Wefirst formally describe the notions of uniqueness and con-
tinuity (3.1) before reviewing the BOP datasets and selecting
T-LESS and ITODD for our analysis (3.2). For the remainder
of Section 3 we focus on the symmetric objects in T-LESS
(3.3)1. We then present our rotation representation SARR
(3.4) and its inverse mapping (3.5). The section concludes
with a visual validation of our representation (3.6) and a dis-
cussion of its limitations (3.7).

3.1 Problem Description

Types of symmetries include translational, reflectional or
rotational symmetry in 2D (see Stewart (2013), pg. 3). Yet
in 3D, a reflectional symmetry can be understood as rota-
tional symmetry and translational symmetry is less relevant
for Computer Vision, since translationally symmetric objects
(e.g. a long building with identical parts) are uncommon and
CNNs are generally accepted to be translation equivariant
(Lenc & Vedaldi, 2019). We therefore limit our discussion to
geometric symmetries that arise purely from rotations. We
refer to the finite set of symmetric poses of an object as
“discrete” and use “continuous” for the infinite circular sym-
metries such as those of a cone or sphere. Note that a cylinder
actually has both discrete and continuous symmetries, as we
define this property per axis. For the subsequent task of pose

1 See Appendix A for ITODD objects and 3D primitives.

estimation, since we focus on rotational symmetry, we disre-
gard object translation. That is, we analyse the 3D orientation
of objects and not their full 6D pose, i.e. assume p ∈ SO(3).
Then, let V( p) be the visual representation of an arbitrary
object in pose p, for example a depth image d ∈ R

w×h (or
anRGB image of a texture-less object). An object is said to be
symmetric if there exist one or more rigid motions r which,
if applied to the object pose, do not change the appearance
of the object (Pitteri et al., 2019). In this case there exists a
non-empty set R:

R ={r ∈ SO(3) \ I3 s.t.

∀ p ∈ SO(3): V( p) = V(r · p). (3)

Unlike Pitteri et al. we exclude the identity motion I3 as
otherwise every object could be considered symmetric. For
a rotation representation N to be considered unique, i.e. to
resolve the ambiguities (I and II in Fig. 1), we require that:

V( p) = V(r · p) ⇔ N( p) = N(r · p). (4)

Operating on the numerical representation level, this can
be done by restricting the rotations to the space of only
canonic object poses C ⊂ SO(3). Such a restriction is
both necessary and sufficient to satisfy Eq. (3). However,
this effectively disregards all object symmetries and treats
objects as non-symmetrical. An obvious drawback is the
introduced discontinuity: objects near the symmetry bound-
ary look visually similar (due to their symmetry) yet their
numerical representations are drastically different (due to the
clamping). More formally, we require that for small rotations
ε which result in small visual changes, the numeric represen-
tations must only differ slightly - within the canonic space
and across its boundary - to be considered continuous:

V( p
∣
∣
C ) ≈ V(ε · r · p∣∣C ) ⇔ N( p

∣
∣
C ) ≈ N(ε · r · p∣∣C ). (5)

Pitteri et al. (2019) partially solve this problem by training
multiple regressors and an additional classifier. Each regres-
sor is continuouswithin its respective domainCn and invoked
via the classifier prediction. They then evaluate their method
on T-LESS objects. Our method requires no space discretiza-
tion and we evaluate not only on the T-LESS dataset.

3.2 Symmetries in BOP Datasets

The BOP benchmark features 17 datasets (at the time of writ-
ing) with numerous objects – column # in Table 1 gives the
total number of objects. For every dataset i , let Si denote the
set of its symmetric objects, i.e. all objects with non-empty
R. Si itself was never published by the BOP organizers.
Organizers did identify Si – by using the HALCON software
and calculating the Hausdorff distance h between vertices of
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Table 1 BOP datasets overview Dataset # |S′
i | |Si,t | u GTV GTT

HANDAL (Guo et al., 2023) 40 7 7 2 ✓ ✗

HB (Kaskman et al., 2019) 33 5 3 2 ✓ ✗

HOPE (Tyree et al., 2022) 28 28 0 0 ✓ ✗

HOT3D (Banerjee et al., 2025) 33 21 10 6 ✓ ✗

IC-BIN (Doumanoglou et al., 2016) 2 1 1 1 ✗ ✓

IC-MI (Tejani et al., 2014) 6 3 2 1 ✗ ✓

IPD (Kalra et al., 2024) 10 5 5 5 ✓ ✓

ITODD (Drost et al., 2017) 28 18 18 11 ✓ ✗

ITODD-MV (Drost et al., 2017) 28 18 18 11 ✓ ✗

LM (Hinterstoisser et al., 2013) 15 3 3 2 ✗ ✓

LM-O (Brachmann et al., 2014) 8 2 2 1 ✗ ✓

RU-APC (Rennie et al., 2016) 14 8 1 1 ✗ ✓

T-LESS (Hodaň et al., 2017) 30 27 27 5 ✗ ✓

TUD-L (Hodaň et al., 2018) 3 0 0 0 ✗ ✓

TYO-L (Hodaň et al., 2018) 21 13 8 2 ✗ ✓

XYZ-IBD (Huang et al., 2025) 15 9 9 5 ✓ ✓

YCB-V (Calli et al., 2017) 21 14 7 5 ✗ ✓

an object model in the canonical and transformed locations,
identifying a symmetry if h < max(15mm, 0.1d), where d is
the diameter of the model2 – yet Si is not made public3. We
estimated the setsS′

i instead via visual inspection of the CAD
models. Column |S′

i | gives the size of these sets, i.e. the total
number of symmetric objects. Different fromour approach of
considering symmetries defined solely by an object’s geom-
etry, the BOP organizers used texture to derive Si,t ⊆ Si .
Specifically, Si,t consists of objects with “symmetry trans-
formations that cannot be resolved by the model texture”4.
For some datasets such as HOPE, which contains objects
with highly distinctive textures, this removes the majority
of objects from consideration (column |Si,t |). Nevertheless,
we consider Si,t as the starting point for our analysis, as to
not deviate from established conventions (Si,t is provided
with every dataset). For every dataset, column u := u(Si,t )
gives the number of unique symmetry classes amongst all
the objects in that dataset. Observing columns |Si,t | and
u, T-LESS, ITODD, ITODD-MV (ITODD with additional
multi-view images), HOT3D, XYZ-IBD and TYO-L all fea-
ture a large and diverse set of objects and symmetries. We
disregard TYO-L, because the leaderboard has been inac-
tive since 2019, HOT3D, because only RGB fisheye image
streams are available as amodality (no depth) andXYZ-IBD,
because training images were rendered with CAD models

2 See 7.2 at https://bop.felk.cvut.cz/challenges/bop-challenge-2019/
(Accessed: 2026-01-12)
3 See https://github.com/thodan/bop_toolkit/issues/50 (Accessed:
2026-01-12).
4 See 7.2 at https://bop.felk.cvut.cz/challenges/bop-challenge-2019/
(Accessed: 2026-01-12).

whose object origins are defined differently than those from
the test set, causing a mismatch. Instead we focus on T-LESS
and ITODD, both highly active datasets on the leaderboard.
T-LESS has ground-truth 6D pose labels available for its test
set (column GTT ), whereas these labels are only provided
for the validation set in ITODD (column GTV ).

3.3 Symmetries in T-LESS

Mo et al. (2022) categorized the symmetric objects in
T-LESS and YCB-V following the Hausdorff distance of
model vertices, using a clustering algorithm for simplifica-
tion while relying on a relaxation-threshold for continuous
symmetries. We also classify the symmetries of T-LESS
objects (see Table 2), but use the original BOP information
without any extra parameters to resolve continuous sym-
metries. All 30 objects are split into one of 5 symmetry
classes i ∈ {I, II, III, IV,V} following u. Symmetry class
I includes all non-symmetric objects. Class II and III are
for objects with two-fold and four-fold discrete symmetry
about z, respectively. Class IV contains all objects with con-
tinuous symmetry about z, while class V exhibits a two-fold
symmetry about y. This leads to another way of expressing
an object’s symmetry properties using the symmetry-vectors
κ i = [κ i,α, κ i,β , κ i,γ ], made up of the degrees of symme-
try per object axis. For class II, κ II = [1, 1, 2] can be read
as: “within a full 360◦ rotation about z, there are two poses
that are visually identical (γ = 0◦, γ = 180◦); only one
such pose exists for axes x and y (no symmetry)”. These
30 T-LESS objects appear in a rotation space that is already
restricted to partially eliminate duplicate images due to sym-
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Table 2 Symmetry classes of T-LESS objects. Each of the five sym-
metry classes has a representation SARRi , vector κ i , a symmetry type,
a set of rotations Ri and a rotation space Ti . T-LESS class IDs of the

visualized objects are indicated bold in the bottom row. The default
3D coordinate frame, as shown for class II, is oriented the same for all
objects

Class I II III IV V

SARRi SARRI SARRII SARRIII SARRIV SARRV

κ i κ I = [1, 1, 1] κ II = [1, 1, 2] κ III = [1, 1, 4] κ IV = [1, 1,∞] κV = [1, 2, 1]
Type None Discrete Discrete Continuous Discrete

Ri {} Rγ
z |γ ∈ {π} Rγ

z |γ ∈ { π
2 , π, 3π

4 } Rγ
z |γ ∈ {R} Rβ

y |β ∈ {π}
Ti T T T T T1

T-LESS
IDs 21, 22, 18

11, 5, 6, 7, 8, 9, 10,
12, 25, 26, 28, 29

27
2, 17, 1, 3, 4, 13,
14, 15, 16, 24, 30

23, 19, 20

metry (Hodaň et al., 2016). To analyse this, we build up
the rotation space T ⊂ SO(3) of the T-LESS training set.
Image acquisitionwas divided into two steps,where rotations
α1 ∈ {5, 15, . . . , 85}◦, β1 = 0◦, γ1 ∈ {0, 5, . . . , 355}◦ and
α2 ∈ {275, 285, . . . , 355}◦, β2 = 0◦, γ2 ∈ {0, 5, . . . , 355}◦
describe all object poses p|T : T1 = {Rγ1

z′′ R
β1
y′ R

α1
x } and

T2 = {Rγ2
z′′ R

β2
y′ R

α2
x }, with T = T1 ∪ T25. T represents a

“full view sphere” (Hodaň et al., 2016) of these objects with
|T | = 1296 training images per object class. The jump of
180◦ in α was not done for two objects, IDs 19, 20, meaning
for those T = T16. The fact that p|T still includes ambiguous
poses, and that the default T-LESS annotations do not satisfy
Eq. (4) let alone Eq. (5), can be verified by looking at the
images in Fig. 3; it also becomes apparent when consider-
ing, for example, that γ ∈ {0, 5, . . . , 355}◦ for continuously
symmetric objects of class IV.

3.4 SARR Representation

To motivate our representation SARR, let us consider object
11 from symmetry class II (see Table 2) and only a rotation
about axis z.Wecan then imagine some function f (for exam-
ple a perceptual hash) that computes the similarity between
the visual representations of the object in its default, unro-
tated pose and a second, rotated pose: f (V( p),V(Rγ

z · p)).
5 Intrinsic rotations in “XYZ”-order: Rα

x then Rβ

y′ and Rγ

z′′ .
6 The combined α and γ rotations effectively implement a 180◦ flip
about that object’s symmetry axis, axis y, since objects 19 and 20 belong
to symmetry class V. According to Hodan et al.’s own definition, object
23 also belongs to class V, yet images of object 23 in T2 rotations
do exist. We consider this an oversight, as images from T1 and T2 are
visually identical (ignoring texture/lighting changes), and thus disregard
these T2 images.

It follows that f is periodic, being maximal at symmetrical
poses, i.e. where γ ∈ {0, π, . . . , 2nπ

κ II,γ
} ≡ {nπ}, n ∈ Z. Sim-

ilarly, f is minimal exactly halfway, where the object poses
are orthogonal. Considering f instead of only the setRII, one
can derive that the numeric representation should be designed
to show a similar periodic behavior. This is both intuitive for
humans to understand and desirable from an optimization
standpoint, as it does not introduce any discontinuities since
f is smooth. Analogous arguments can be made for all sym-
metry classes of T-LESS: the degree of symmetry for every
axis defines the frequency of f for rotations about that axis.
For example, the frequency of f for class III and z rotations
is 2nπ

4 since κ III,γ = 4.
Wepropose a rotation representation that implements such

periodic behaviour by modifying trigonometric identities
v = (sin θ, cos θ), where v represents a point on the unit
circle as seen in (Hara et al., 2017). To this end, we formal-
ize and generalize the concept used in (Ayoub et al., 2023;
Morrison et al., 2020). In contrast to those works, SARR
is formulated generically and can be used to treat different
axes of symmetry (y, z) and different degrees of symmetry.
For the trigonometric representation Ntrig the composition
of trigonometric identities v of angles α, β, γ defines the
orientation of an object:

Ntrig(α, β, γ ) =
[

sin α sin β sin γ

cosα cosβ cos γ

]

. (6)

CombiningEq. (6)with the discussion on f , we can define
the rotation representation SARRi for all objects of all five
symmetry classes in T-LESS as:
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SARRi (α
∣
∣
Ti

, β
∣
∣
Ti

, γ
∣
∣
Ti

) =
[

si,α si,β si,γ
ci,α ci,β ci,γ

]

:=
[

sin(κ i,αα|Ti ) sin(κ i,ββ|Ti ) sin(λiγ |Ti )
cos(κ i,αα|Ti ) cos(κ i,ββ|Ti ) cos(λiγ |Ti )

]

.

(7)

To resolve the continuous symmetry of class IV, we define

λi =
{

0 if i == IV

κ i,γ otherwise.
(8)

This formulation allows extension to other object symmetries
and datasets. Specifically, the representation for symmetry
classes of ITODD objects and 3D primitives is presented in
Appendix A.

3.5 SARR Inverse Mapping

While SARR is designed for machine learning tasks, evalu-
ation and visualization requires an inverse mapping to Euler
angles αi |C , βi |C and γi |C , fromwhich other representations
such as rotation matrices can be derived:

θi
∣
∣
C =

⎧

⎪⎨

⎪⎩

0 if i == IV,
1

κ i,θ
(2π − arccos(ci,θ )) if si,θ < 0,

1
κ i,θ

arccos(ci,θ ) otherwise,
(9)

for θ ∈ {α, β, γ } (angles are in radians). Angles
αi |C , βi |C , γi |C are now restricted to the subspace ·|C and
any representations derived from them do not have the con-
tinuity property of SARR, but are unique since they define
canonic object poses and are thus pertinent for evaluation.
Any permutations of these rotations that look visually iden-
tical are resolved. Algorithm 1 in Appendix B shows the full
process of forward and inverse mapping.

3.6 Validation of the Representation

Figure 2 shows a visual validation for symmetry class II, sym-
metric about z. A cuboid-like object, with a detail to break
the symmetry for axes x and y, is rotated across the space T
represented by the grid, with some angular sparsity to avoid
cluttering the plot. The colors of this grid follow a heatmap,
representing the values of sII,γ . Visually identical objects
have dots of equal color (uniqueness), whereas visually sim-
ilar objects, such as those near the symmetry-boundary at
180◦ (horizontal orange line), have similarly colored dots
(continuity). This is shown in more detail in the right-hand
plot. The visualization tool used to create these plots, which
we also make publicly available, can be used to analyse new
symmetry classes and extended rotation spaces.

Fig. 2 Visual verification of SARRII. The entire plot for sII,γ is shown
in (a) and zoomed in near the symmetry boundary (orange line) in (b).
Color of the grid represents the values of sII,γ

3.7 Limitations

Uniqueness and continuity of SARR for these symme-
try classes is guaranteed within T but not necessarily for
the full space of rotations SO(3). This is because rota-
tions about two non-symmetric axes can result in an object
that is visually identical to one rotated about its symme-
try axis, for example VV(180, 0, 180) = VV(0, 180, 0) but
SARRV(180, 0, 180) �= SARRV(0, 0, 0). Early results show
that an additional space restriction, or mapping to an auxil-
iary, intermediate representation, can alleviate this problem.
Regarding other symmetries, SARR is also valid for objects
with multiple axes of symmetry, such as the ITODD objects
or 3D primitives, although additional terms in the represen-
tation are necessary and inverse mapping can require extra
steps.

4 Experiments

We use the SARR representation to train neural networks
to estimate the orientation of objects in images from the T-
LESS and ITODDdatasets, using depth as the principal input
modality. To this end, we first present results of mapping T-
LESS rotation annotations R to R|C , as a formof sanity check
to verify the correctness of SARR (4.1). We then describe
evaluation metrics (4.2) and outline the experimental setup
(4.3). For the estimation task we compare against both other
methods from the leaderboard as well as our network but
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trained with different rotation representations. We present
results on the T-LESS 4.4 and ITODD 4.5 datasets, including
an ablation study of SARR-networks trained and tested using
other input modalities besides depth. The section concludes
with a summary and discussion of our results 4.6.

4.1 T-LESS AnnotationMapping

To illustrate the advantage of using our rotation represen-
tation over default T-LESS annotations, Fig. 3 presents
mapping results for the symmetry classes with ambiguous
object poses in T : II, III, IV. For every class there are two
rows of object images in poses that are visually (nearly)
identical, yet numerically, at least according to the T-LESS
annotations, very different. For rows 5 and 6 this discrepancy
is especially noticeable: class IV requires a discretization
using T-LESS annotations, per default resulting in 315 dis-
tinct yet correct rotation matrices. The columns show (a) the
real, pre-processed depth maps d we use for training our
networks (see Appendix C.1), (b) the RGB training images
used in our ablation study with two of the multiple ambigu-
ous T-LESS rotation matrices R overlayed, (c) our unique
annotations R|C , derived from the canonic Euler angles
αi |C , βi |C , γi |C (d) network predictions R̂ using our anno-
tations and (e) depth difference δ as false color maps. Depth
difference was computed between rendered depth images7 of
objects in poses according to our ground truth R|C (dOurs)
vs. T-LESS ground truth R (dT−LESS):

δ =
∑

O

∑

d∈D

∑

px∈mask

|dOurs − dT-LESS|, (10)

for all 30 objects O , all depth images D of those objects
and all pixels px inside the respective visibility masks. We
report an average depth discrepancy of δ = 0.5mm across
the dataset, proving that our process of mapping followed by
inversemapping results in poses that are visually identical, up
to deviations due to symmetry imperfectionswhich fall below
the threshold used in the HALCON scripts (see Sect. 3.2).
Per-object depth difference is highest for object 25, which is
a light switch defined to be symmetric, yet the tilted switch-
panel noticeably breaks this symmetry in many views. We
also report a much higher average difference between real
camera depth and rendered T-LESS depth of δCam, T-LESS =
7.4mm as well as δCam, Ours = 7.8mm for camera depth and
our rendered depth due to the camera depth showing various
artifacts and corruptions.

7 These depth images were rendered only for the presented calculation.

4.2 EvaluationMetrics

For the orientation estimation experiments we calculate
five different error functions: e, VSD, MSSD, MSPD and
A(M)GPD from which we derive three evaluation metrics
ARC , ARB and ARG .

In line with the BOP benchmark, we report ARB as the
average of recalls under VSD, MSSD, and MSPD scores
(Hodaň et al., 2020) to evaluate object orientation estimates
R̂. We use the official BOP toolkit8 to calculate these results,
leaving all parameters unchanged.

We also calculate the rotational error e ∈ [0, 180]◦ derived
from the cosine distance (Hodaň et al., 2016):

e(R̂, R
∣
∣
C ) = arccos

(

Tr(R̂R|C−1) − 1

2

)

180

π
. (11)

In the rare event that a method did not provide a prediction
we assign themaximum error of 180◦9.We then calculate the
average recall ARC taking the average of recall scores across
the e thresholds {2, 5, 10, 15, 25, 40}◦ (Kriegler et al., 2023,
2022).

We also provide results using the A(M)GPD metric pro-
posed byMo et al. (2022), which we denote ARG for brevity.
ARG is a pose distance metric that uses the ground-truth
and estimated poses, the object class and predefined sets
of grouped primitives. These grouped primitives incorpo-
rate information on symmetry permutations andwere derived
from the 3D model by Mo et al.. We reimplemented the cal-
culation of the ARG metric using Equations 12 and 13 from
(Mo et al., 2022) as well as their source-code10. We can only
report ARG results on T-LESS, because the sets of grouped
primitives were not defined for the ITODD objects.

Metrics ARB and ARG are both symmetry-invariant by
design due to the properties of their underlying error func-
tions, meaning that any one of the n potential poses for the
same visual appearance is accepted. In contrast, for ARC

there is always only one correct orientation: R|C . In the con-
text of this work, we consider ARC to be a stricter metric,
punishing methods that are ambiguous in their estimations.

8 See https://github.com/thodan/bop_toolkit, specifically the script
eval_bop19_pose.py (Accessed: 2026-01-12).
9 When evaluating our networks we encountered two T-LESS depth
maps that had NaN values. For other methods listed in Table 3 it is
unknown why some estimates are missing.
10 Specifically, we created a stand-alone, GPU-independent
reimplementation of the eval_metric function from
file tless_gadd_evaluator.py: https://github.com/
GANWANSHUI/ES6D/blob/master/lib/tless_gadd_evaluator.py. This
reimplementation is available in our repository: https://github.com/
akriegler/SARR/blob/main/source/metrics/amgpd.py. (Accessed:
2026-01-12).
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Fig. 3 SARR annotation mapping of T-LESS symmetry classes II, III and IV
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ARB and ARG on the other hand are tolerant towards such
ambiguous orientation estimations.

Lastly, we report results for two tasks: estimating the ori-
entation for only the most visible instance of every object
class in every image (SiSo), as well as for the n-most visible
instances (ViVo), where n is provided with the annotation
and is different for every object and image. When calculat-
ing results for the ViVo task, it is necessary to match the sets
of pose ground-truths and pose estimates, for all instances of
each object class apparent in any image. We treat this as a
linear assignment problem, where the sets resemble the two
partites, and solve it via minimum weight matching, com-
puting a cost matrix using the error function e from Eq. (11).
We do this for metrics ARC and ARG , while the BOP toolkit
handles the matching for ARB . We also report the average
inference time of the orientation estimation for the ViVo task,
where measurement starts right after an input sample i is
loaded and ends when the orientation prediction R̂i is avail-
able (as the final 3 × 3 rotation matrix).

4.3 Experimental Setup

Columns “Training” and “Test” in Table 3 provide informa-
tion regarding the training/validation data used for T-LESS,
Table 5 shows the same information for ITODD. Specifically,
for training our networks on T-LESS we use the real “Prime-
Sense” depth images as input and no 3D-models, while
for our ablation study we train the SARR-networks using
RGB images from the same “PrimeSense” sensor instead.
For training on ITODD we use the synthetic images from a
physically-based renderer (PBR) instead: depth images per
default and RGB images converted to grayscale for the abla-
tion study (Appendix C.1 explains the data preprocessing
steps).

We evaluate on the real test depth/RGB images of T-LESS
and the real validation depth/grayscale images of ITODD.
The ITODD validation/test sets include no RGB but only
grayscale images, and we use the validation set because we
require ground truth 6D pose labels to calculate ARC , ARB

and ARG , which are not publicly available for the test but
only the validation set (see Table 1). We use ground-truth
translation for all results that we report: the networks we
trained ourselves as well as results from other methods. For
other methods we downloaded the original result files from
the leaderboard and replaced the estimated translation with
the ground-truth.

Considering other works from the benchmark leader-
board, it is common practice to train one network for every
single object class, sometimes also across the entire dataset.
We extend this approach and train multiple additional net-
works, one for every symmetry class, and thus identify these
different scopes for our experiments:

object : one CNN for each object class, hence 30 for
T-LESS and 28 for ITODD,
symmetry : one CNN for each symmetry class, hence 5
for T-LESS and 9 for ITODD,
dataset : one CNN for T-LESS, one for ITODD,
dataset∗ : one CNN for T-LESS, one for ITODD – both
with an additional symmetry classification task.

Dataset-networks in the literature are sometimes designed
in such a way that they do not require external object class
information during inference. But since we need to know the
symmetry-class for inverse mapping SARR, which we nor-
mally derive from the object-class, we define the additional
scope dataset*. Here the SARR-dataset* networks have to
predict the symmetry class of a given object from dataset i
from the symmetry classes u(Si,t ).

We use PyTorch (Paszke et al., 2019) to train a modified
CenterNet (Zhou et al., 2019) network with HardNet (Chao
et al., 2019) as backbone and optimize using Adam (Kingma
&Ba, 2017).We use cosine distance and L1 loss for optimiz-
ing the rotation parameters. We do not use the geodesic loss
(Mahendran et al., 2017) for rotation matrices as this would
require modifying the network, e.g. by adding another layer
(Salehi et al., 2019), which would result in an unfair com-
parison. We use FocalLoss (Lin et al., 2017) for the dataset*
networks since we embed the symmetry classification task
in heatmaps. For more information regarding implementa-
tion and loss functions see Appendix C.2 and Appendix C.3,
respectively.

4.4 T-LESS

We compare to some of the best performingmethods from
the BOP T-LESS leaderboard in Table 3. This includes not
only RGB-D based methods, which have historically per-
formed the best, but also RGB-only methods, which have
become increasingly better in recent times, as well as depth-
only methods. Under metric ARB , SARR–Depth networks
achieve satisfactory results, especially considering that we
use only a small number of real depth (D: R) images but
no 3D models (see columns “Training” and “Model”) and
we did not place significant emphasis on using the lat-
est network architecture. Our networks already outperform
some existing methods under ARG and finally outper-
form all other methods under the symmetry-sensitive metric
ARC . The SARR–Depth-dataset* network, trained with the
additional task of symmetry classification, performed only
marginally worse in terms of orientation estimation than the
SARR–Depth-dataset network, while achieving amean clas-
sification accuracy of 78.6% for the SiSo task, and 77.8% for
ViVo (seeAppendixD, specifically Fig. 5a to Fig. 5d ).As can
be seen in column ‘Symm.’, besides Drost et al. (2010) and
Vidal et al. (2018), our method is the only one to augment the
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Table 4 T-LESS representation comparison. SARR is best suited for pose estimation of symmetric objects, outperforming the other representa-
tions across the different scopes, tasks and evaluation metrics

Representation SiSo - ARC SiSo - ARB SiSo - ARG

object symmetry dataset(*) object symmetry dataset(*) object symmetry dataset(*)

Euler 16.1 8.50 7.80 39.5 39.3 44.1 54.1 47.1 49.7

Rotation-Matrix 6.80 4.40 3.30 14.7 28.5 27.6 46.1 46.8 41.7

6d 5.70 7.40 1.10 16.9 27.8 19.6 35.1 38.1 34.5

Quaternion 7.80 9.10 1.40 41.9 51.0 21.0 52.3 52.6 30.6

Trigonometric 9.90 6.90 10.5 42.4 43.2 43.1 56.7 49.0 58.1

Euler|C 32.2 30.3 22.5 39.9 48.3 46.9 56.1 53.9 53.5

Rotation-Matrix|C 38.8 41.3 24.2 42.5 54.0 46.1 64.1 63.7 51.3

6d|C 34.8 40.7 41.5 41.6 48.0 51.1 58.4 63.3 65.0

Quaternion|C 33.7 38.0 28.5 47.4 53.3 57.6 60.2 61.6 56.8

Trigonometric|C 40.0 43.7 41.1 46.7 54.5 49.4 63.9 66.3 64.1

SARR–Depth 45.0 47.5 48.0(46.7) 48.0 56.3 50.3(54.9) 68.4 70.0 69.8(68.8)

Representation ViVo - ARC ViVo - ARB ViVo - ARG

object symmetry dataset(*) object symmetry dataset(*) object symmetry dataset(*)

Euler 15.3 8.00 7.70 44.4 37.7 41.3 54.9 49.1 52.0

Rotation-Matrix 6.00 3.60 3.30 29.1 24.2 24.5 44.9 48.8 43.7

6d 5.30 7.10 1.10 26.1 27.5 23.0 38.3 40.3 37.6

Quaternion 6.90 8.30 1.40 38.9 41.1 23.2 52.3 53.2 35.3

Trigonometric 8.50 6.10 9.10 44.6 39.5 47.6 56.5 49.8 57.4

Euler|C 30.5 29.7 20.9 46.2 45.3 44.0 56.9 56.4 54.5

Rotation-Matrix|C 36.3 38.7 22.2 52.1 54.0 40.6 63.7 64.1 52.9

6d|C 32.3 38.3 38.6 47.4 53.7 55.5 56.7 63.9 64.2

Quaternion|C 31.1 36.2 25.9 47.6 51.5 46.1 59.6 62.6 57.2

Trigonometric|C 37.2 41.0 38.3 52.9 56.4 54.9 62.5 66.6 63.4

SARR–Depth 41.9 44.0 44.8(42.9) 58.1 60.1 60.0(59.0) 67.0 69.4 69.4(66.7)

1st, 2nd and 3rd best methods are given in bold, underlined and italic respectively

numeric rotation representation itself to deal with symmetry
ambiguities11. Other methods rely on the evaluation met-
rics, network/loss modifications or additional data. The last
four rows show the 3D object orientation estimation results
obtained using RGB images instead. Performance decreases
notably compared to SARR–Depth for the object and symme-
try scope networks, but for the dataset(*) networks, trained
on a much larger single training set, performance stays
comparable. See Fig. 6a through Fig. 6d for symmetry clas-
sification confusion matrices of the SARR–RGB-dataset*
network.

To show themerit of usingSARRfor rotation estimationof
symmetric objects in comparison to other representations,we
trained 30 additional networks using depth as inputmodality:
One for each of the five other rotation representations (Euler
angles, rotation matrices, the 6d representation from (Zhou

11 Vidal et al. actually used the representation proposed by Drost et al.
to handle the symmetries.

et al., 2019), quaternions12 and trigonometrics) and for each
of the three scopes, with annotations derived from either the
ambiguous T-LESS rotation matrices or our canonic Euler
angles ·|C . Table 4 shows these results for both tasks, SiSo
on the top and ViVo on the bottom. With the exception of
the ARB score of Quaternion|C -dataset on SiSo, networks
trained on the SARR representation outperform all other rep-
resentations across the different scopes, evaluation metrics
and tasks. The table highlights the merit of paying respect
to object symmetries, as all networks trained on unrestricted
representations (upper halves in the SiSO and ViVO blocks)
performed poorly, especially under the metric ARC but also
using the symmetry-invariant metrics ARB and ARG .

12 For quaternions wemap the redundant double cover to the “canonic”
single cover, see https://docs.scipy.org/doc/scipy/reference/generated/
scipy.spatial.transform.Rotation.as_quat.html (Accessed: 2026-01-12).
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Table 5 ITODD orientation estimation. SARR–Depth-networks outperform SC6D under the strict ARC metric, the dataset*-network gives the
best results. Changing the input to grayscale substantially decreases performance

Method Training Test Scope Model Symmetry SiSo ViVo t[s]

ARC ARB ARC ARB

Cai et al. (2022) RGB: S RGB dataset ✗ network 36.7 74.0 30.6 82.0 .053

SARR–Depth D: S D object ✗ representation 38.3 62.1 42.1 67.7 .071

D: S D symmetry ✗ representation 41.0 68.7 43.0 63.7 .079

D: S D dataset ✗ representation 41.0 63.7 42.1 65.1 .066

D: S D dataset* ✗ representation 44.8 56.3 48.1 71.1 .078

SARR–Gray RGB2Gray: S Gray object ✗ representation 10.8 23.6 14.2 33.7 .080

RGB2Gray: S Gray symmetry ✗ representation 7.1 24.0 8.1 28.7 .088

RGB2Gray: S Gray dataset ✗ representation 2.8 6.9 4.6 15.4 .073

RGB2Gray: S Gray dataset* ✗ representation 6.5 22.5 6.6 24.2 .082

1st, 2nd and 3rd best methods are given in bold, underlined and italic respectively

Table 6 The SARR representation outperforms most other representations

Representation SiSo - ARC SiSo - ARB ViVo - ARC ViVo - ARB

obj. symm. dataset(*) obj. symm. dataset(*) obj. symm. dataset(*) obj. symm. dataset(*)

Euler 17.9 8.6 9.6 51.0 40.2 32.5 20.7 10.4 10.8 52.4 37.9 32.8

Rot.-Matrix 11.7 4.3 0.0 30.2 15.5 15.6 12.1 4.6 0.1 35.4 22.6 12.5

6d 8.6 0.3 1.2 24.4 14.8 14.9 9.6 1.1 2.2 38.4 15.3 18.9

Quaternion 13.3 1.2 0.9 27.0 29.6 17.0 10.6 1.9 0.9 45.1 34.7 23.9

Trigonometric 19.4 20.5 6.8 49.5 51.7 38.3 19.2 8.8 5.7 60.0 53.1 42.7

Euler|C 27.8 21.6 9.0 68.5 51.0 39.2 29.8 22.9 10.0 58.3 43.8 34.6

Rot.-Matrix|C 35.5 31.2 34.6 58.8 52.2 59.6 34.4 34.6 35.5 55.4 52.9 61.3

6d|C 38.9 23.1 18.5 56.0 42.6 46.9 33.9 22.8 19.2 54.5 41.0 41.3

Quaternion|C 28.7 24.7 11.7 44.4 47.1 32.9 26.8 26.4 11.8 48.9 44.5 31.1

Trigonometric|C 40.1 39.2 34.0 61.2 60.8 61.4 41.9 39.3 34.6 66.0 62.7 60.7

SARR–Depth 38.3 41.0 41.0(44.8) 62.1 68.7 63.7(56.3) 42.1 43.0 42.1(48.1) 67.7 63.7 65.1(71.1)

1st, 2nd and 3rd best methods are given in bold, underlined and italic respectively

Fig. 4 T-LESS and ITODD pose predictions. Ground-truths are given in green (Color figure online).
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4.5 ITODD

While the ITODD BOP leaderboard is well populated
with different methods, public results are only available for
the test set, not the validation set. This means that we have
to obtain pose estimations, and calculate results, for other
methods ourselves, which in turn requires a maintained, pub-
licly available framework. We additionally had to exclude
all methods from consideration that used the real validation
images for fine-tuning (which is a common practice), since
the validation set constitutes our test set. With this in mind,
wewere able to set-up and deploy the SC6Dmethod byCai et
al. (2022) for comparison. Their method also puts emphasis
on object symmetries and does not use the 3D CAD mod-
els, like ours. Table 5 displays results for this comparison.
While SC6D outperforms our networks under ARB , using
our SARR representation and depth images leads to better
results following the stricter ARC metric. Interestingly, the
SARR–Depth-dataset* network, which achieved symmetry
classification accuracies of 91.0% for SiSo and 94.2% for
ViVo (see Appendix D, specifically Fig. 5e to Fig. 5h ),
also performed the best in terms of orientation estimation.
It seems that the additional task of learning to classify the
symmetry positively impacted the rotation estimation opti-
mization.We hypothesize that the symmetry class labelsmay
act as guidance for the optimizer to more easily find and dis-
tinguish the respective areas of the loss surface, since these
areas are topologically quite different from one another when
using the SARR representation. Additional experiments with
the SARR–Gray networks yielded poor results, most likely
because the synthetic grayscale training images converted
from RGB exhibit substantial difference in appearance com-
pared to the real grayscale evaluation images.

We compare against other rotation representations in
Table 6. Using our representation again yields networks that
provide the best results in almost all comparisons. When
training the Quaternion|C -dataset network, we observed a
NaN error that occurred during backpropagation in epoch 15
out of 40. This effectively halted the optimization at that point
and might be an indicator of poor stability of the Quaternion
representation for this learning task.

4.6 Results Summary

By averaging the representation comparison results from
Table 4 and Table 6 across the three scopes and two tasks,
we summarize our results in Table 7, which leads to four
key observations. Firstly, using our proposed SARR repre-
sentation leads to an absolute performance increase over the
second best representation Trigonometric|C of about 3−5%,
or a relative increase of up to 11%. Secondly, the repre-
sentation generalizes well across two diverse datasets, with
T-LESS and ITODD sharing only a couple of symmetry

Table 7 Summary of results

Representation T-LESS ITODD

ARC ARB ARG ARC ARB

Euler 10.6 41.1 51.2 13.0 41.1

Rotation-Matrix 4.57 24.8 45.3 5.47 22.0

6d 4.62 23.5 37.3 3.83 21.1

Quaternion 5.82 36.2 46.1 4.80 29.6

Trigonometric 8.50 43.4 54.6 13.4 49.2

Euler|C 27.7 45.1 55.2 20.2 49.2

Rotation-Matrix|C 33.6 48.2 60.0 34.3 56.7

6d|C 37.7 49.6 61.9 26.1 47.1

Quaternion|C 32.2 50.6 59.7 21.7 41.5

Trigonometric|C 40.2 52.5 64.5 38.2 62.1

SARR /w dataset 45.2 55.5 69.0 41.3 65.2

/w dataset* 44.7 56.1 68.4 42.9 64.9

1st, 2nd and 3rd best methods are given in bold, underlined and italic
respectively

classes. Thirdly, comparing the last two rows shows that the
additional task of classifying the object symmetry (dataset*)
is barely detrimental and sometimes even conducive to ori-
entation estimation, which is relevant for scenarios where the
symmetry class is not known a priori. Finally, relying solely
on the symmetry-agnostic nature of an evaluation metric and
using standard rotation representations leads to poor perfor-
mance due to the ambiguities during optimization (upper
half).

Lastly, Fig. 4 shows visualizations of predicted orien-
tations from networks trained on depth images and with
different rotation representations, featuring various objects
frombothT-LESSand ITODD.While in some cases the other
representations yield clearlywrong estimates, the advantages
of the SARR networks are well visible, especially in the dif-
ficult T-LESS images (textured background in Fig. 4a) and
the first ITODD image (Fig. 4b).

5 Conclusion

In this work, we focused on the challenges that arise when
training a ML method to estimate the 3D orientation of
symmetric objects. We focused on the symmetry classes in
the popular T-LESS and ITODD datasets and proposed a
representation which builds on trigonometric identities that
resolves symmetry ambiguities to a canonic pose, while pre-
serving continuity across symmetry boundaries. Our method
operates on the annotations directly, allowing any pose esti-
mation network to take into account the symmetries of
objects, solving the problem of symmetries more naturally
than existing works. The proposed representation scheme
is generic and could be extended to additional symmetry
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classes beyond the ones analysed in this paper. Therefore,
future work includes the analysis of other object symme-
tries in different datasets, further extending the rotation
space, and incorporating translation prediction to allow full
6D pose estimation. Disentangling the symmetry classifica-
tion and pose regression tasks could also prove beneficial.
Fusing depth and RGB information while remaining texture-
agnostic in our symmetry definitions could open newavenues
as well. Finally, we expect a performance increase frommore
powerful network architectures such as Transformers.

Appendix A SARR Generalization

This section generalizes our proposed symmetry-aware rota-
tion representation SARR. The following definitions were
verified for the symmetry classes of ITODD and the chosen
3D geometric primitives (taking into account the limitations
discussed in Sect. 3.7). For any such 3D objects with sym-
metry class i and symmetry vector κ i , we restrict the Euler
angles to the respective canonic space Ci :

α
∣
∣
Ci

= α ∈
[

0, . . . ,
2π

κ i,α

[

,

β
∣
∣
Ci

= β ∈
[

0, . . . ,
2π

κ i,β

[

,

γ
∣
∣
Ci

= γ ∈
[

0, . . . ,
2π

κ i,γ

[

.

(12)

Assuming intrinsic rotations in ‘XYZ’-order, the representa-
tion SARR is defined as:

SARRi (α
∣
∣
Ci

, β
∣
∣
Ci

, γ
∣
∣
Ci

) =
[

si,α si,β si,γ
ci,α ci,β ci,γ

]

:=
[

sin(λαα|Ci
) sin(λββ|Ci

)να sin(λγ γ |Ci
)νανβ

cos(λαα|Ci
) cos(λββ|Ci

) cos(λγ γ |Ci
)

]

.

(13)

The terms

λα =
{

0 if κ i,α is ∞,

κ i,α otherwise,

λβ =
{

0 if κ i,β is ∞,

κ i,β otherwise,

λγ =
{

0 if κ i,γ is ∞,

κ i,γ otherwise,

(14)

resolve continuous symmetries as shown in Eq. (8). The dif-
ference to the representation for T-LESS are the additional
terms

να =
{

cos(α|Ci
) if 1 < κ i,α < ∞,

1.0 otherwise,

νβ =
{

cos(β|Ci
) if 1 < κ i,β < ∞,

1.0 otherwise.

(15)

These additional terms are necessary to ensure that visu-
ally distinct poses have different numeric representations.
For example, one can imagine the rectangular cuboid,
κCUBOID = [2, 2, 2], with distinct imagesVCUBOID(0, 0, 45)
�= VCUBOID(0, 180, 45), yet without να, νβ , the representa-
tion would be identical.

Inversemapping the SARR representation is done sequen-
tially, starting with the rotation first in chain, α. The ν terms
are computed as in Eq. (15), but done so now on the fly, using
the calculated angle from the previous step:

α
∣
∣
Ci

=

⎧

⎪⎪⎨

⎪⎪⎩

0 if κ i,α is ∞,
1

κ i,α
(2π − arccos(ci,α)) if si,α < 0,

1
κ i,α

arccos(ci,α) otherwise,

β
∣
∣
Ci

=

⎧

⎪⎪⎨

⎪⎪⎩

0 if κ i,β is ∞,
1

κ i,β
(2π − arccos(ci,β)) if

si,β
να

< 0,
1

κ i,β
arccos(ci,β) otherwise,

γ
∣
∣
Ci

=

⎧

⎪⎪⎨

⎪⎪⎩

0 if κ i,γ is ∞,

1
κ i,γ

(2π − arccos(ci,γ )

κ i,γ
) if

si,γ
νανβ

< 0,
1

κ i,γ
arccos(ci,γ ) otherwise.

(16)

As can be seen from equations Eq. (13) and Eq. (16), the
ν terms introduce a singularity at 90◦ for symmetry classes
of type κ = [{2, 3}, {2, 3}, n], n ∈ Z. Fortunately, this is
mostly a theoretic problem, because it is exceedingly rare
that the symmetry class II objects from ITODD, or any object
in the real world for that matter, have a rotation of exactly
90◦ – our networks trained on those objects have converged
successfully. For symmetry class V of ITODD, and when
considering the full SO(3) rotation space, inverse mapping is
done not via Eq. (16) but instead via:

α
∣
∣
Ci

=
{

2π − arccos(ci,α) if si,α < 0,

arccos(ci,α) otherwise,

β
∣
∣
Ci

=
{

2π
κ i,β

− arccos(ci,β )

κ i,β
if si,β < 0,

1
κ i,β

arccos(ci,β) otherwise,

γ ′∣∣
Ci

=
{

2π − arccos(ci,γ ) if si,γ < 0,

arccos(ci,γ ) otherwise,

γ
∣
∣
Ci

=
{

−γ ′∣∣
Ci

if si,β < 0,

γ ′∣∣
Ci

otherwise.

(17)
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Table 8 Symmetry classes of ITODD objects. Each of the symmetry
classes i has a representation SARRi , vector κ i , a symmetry type and
a set of rotations Ri . T-LESS class IDs of the visualized objects are

indicated bold in the bottom rows. The default 3D coordinate frame, as
shown for class II, is oriented the same for all objects

Class I II III IV

SARRi (ITODD) SARRI SARRII SARRIII SARRIV

κ i κ I = [1, 1, 1] κ II = [2, 2, 2] κ III = [1, 1,∞] κ IV = [1, 1, 5]
Type None Discrete Continuous Discrete

Ri {} Rα,β,γ
x,y,z |α, β, γ ∈ {π} Rγ

z |γ ∈ {R} Rγ
z |γ ∈ { 2nπ

5 },
n ∈ {1, . . . , 4}

ITODD
IDs

20, 1, 2, 4, 5, 6, 10,
13, 15, 16, 21, 22, 26

11, 3, 19 23, 7, 24, 27 8

V VI VII VIII IX

SARRV SARRVI SARRVII SARRVIII SARRIX

κV = [1, 2, 1] κVI = [1, 1, 18] κVII = [1, 1, 23] κVIII = [1, 1, 12] κ IX = [2, 2,∞]
Discrete Discrete Discrete Discrete Discrete & Continuous

Rβ
y |β ∈ {π} Rγ

z |γ ∈ { 2nπ
18 },

n ∈ {1, . . . , 17}
Rγ
z |γ ∈ { 2nπ

23 },
n ∈ {1, . . . , 22}

Rγ
z |γ ∈ { 2nπ

12 },
n ∈ {1, . . . , 11}

Rα,β,γ
x,y,z |α, β ∈ {π},

γ ∈ {R}
9, 18 14 17 25 12, 28

An overview of all the ITODD symmetry classes is shown in
Table 8. We provide an alternative definition for the symme-
try classes of some ITODD objects. Specifically, we define
object 23, a screw, to be continuously symmetric, i.e. to
belong to class III. We also consider objects 2, 4 and 5 non-
symmetric. In each case, their object centroid in the 3Dmodel
was defined at a location s.t. no single rotation r about any
axis could result in a visually identical pose. For object 2,
because the centroid is shifted far off the symmetry-axis thus
requiring a rototranslation, and for objects 4 and5because the
transformation requires chaining multiple elementary rota-
tions. We use this alternative symmetry classification for
training all our networks and evaluating under the ARC

metric, yet we use the original definition from BOP when
computing ARB scores.

Regarding 3D geometric primitives, the above defini-
tion also works for many common primitives. The ones we
consider are cuboids, cylinders, torii and spheres. Cuboids
themselves can be split into five different symmetry classes:

CUBOI D : rectangular prism, every face is a non-
square rectangle,
CUB_XY : the two faces parallel to the XY plane are
squares, the other four are non-square rectangles,
CUB_X Z : the two faces parallel to the XZ plane are
squares, the other four are non-square rectangles,
CUB_Y Z : the two faces parallel to the YZ plane are
squares, the other four are non-square rectangles,
CUBE : a cube, all faces are squares.

Assuming upright default pose (see the default coordi-
nate frame in Table 8), the symmetry vectors for these
primitives are: κCUBOID = [2, 2, 2], κCUB_XY = [2, 2, 4],
κCUB_XZ = [2, 4, 2], κCUB_YZ = [4, 2, 2], κCUBE =
[4, 4, 4], κCYLINDER ≡ κTORUS = [2, 2,∞], κSPHERE =
[∞,∞,∞].
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Appendix B SARR Algorithm

Algorithm 1 shows the entire process of mapping a rotation
representation, here a 3× 3 rotation matrix, to our proposed
SARR representation, followed by inversemapping back to a
rotation matrix R|C . While the SARR representation, which
is used in the algorithm as an intermediate result, fulfills the
uniqueness and continuity properties, R|C on the other hand
is also unique for the given symmetry classes w.r.t. the visual
appearance, but not continuous. This generalized algorithm
is valid for the symmetry classes and rotation spaces as shown
in Table 2 and Table 8 with the exception of class V (both
datasets). Mapping for symmetry class V, due to its specific
property of having one axis of symmetry which is not the
last in the defined rotation order, requires somemodifications
which are shown at the bottom of the algorithm.

Appendix C Experimental Setup

This section provides details regarding data pre-processing,
implementation details of our networks and a discussion
regarding loss functions.

C. 1 Image Preprocessing

T-LESS: We take a centered crop and set the pixels not
part of the ground-truth object mask to 0. Masking allows
the network to focus on the object by removing spurious
background signals, which is especially relevant for the test
images, as there is significant object clutter in the test scenes.
For depth images, we calculate the mean pixel value using
the visibility mask (a different mask, which only includes
actually visible pixels), and use this mean to fill pixels that
fall outside the defined minimum-maximum depth range:
dmin = 530, dmax = 929 millimeters (Hodaň et al., 2016).
We then cut out the object using the object mask, resize and
pad the patch to 384× 384 while preserving the aspect ratio
(patches of size 384 × 384 are expected by CenterNet). We
then clamp the depth map to [dmin, dmax ], since resizing can
result in depth values outside this range, before inversing
the depth, i.e. further objects now appear darker. We use
these depth and RGB patches to calculate the mean and stan-
dard deviation for data standardization, for every object class,
symmetry class and across the entire dataset, in line with the
different scopes used during network training.

For test images we perform the same augmentations, but
before masking we also divide every depth map dc,i by t̄c,z ,
where dc,i is the depthmap of instance i of object class c, and
t̄c,z is the average translation in z-direction, or “center-depth”,
of all training instances of object class c. This effectively
removes the impact of translations on the depth distribution,
resulting in depth maps with variance that stems only from

Algorithm 1 Mapping a standard rot.-mat. R to a canonic
rot.-mat. R|C via the SARR representation.
1: function CanonicViaSARR(R, sym_cls) �

R ∈ SO(3), sym_cls ∈ {I, . . . , IX}
2: κ ≡ [κα, κβ, κγ ] := κsym_cls � κα, κβ, κγ ∈ Z

+
3: SARR ← Forward(R, κ) � SARR ∈ R

2×3, SARRi, j
∈ [−1, 1]

4: R|C ← Inverse(SARR, κ) � R|C ∈ C with C ⊂
SO(3) if any(κ i ) > 1, else C ≡ SO(3)

5: end function

6: function Forward(R, κ)
7: α, β, γ ← R_to_Euler(R, ‘XYZ’, ‘radians’) � Convert R to

Euler angles, in intrinsic ‘XYZ’ order

8: α|C ← (α mod 2π
κα

) κα mod 103

κα
� Clamp the three angles to

unique subspaces

9: β|C ← (β mod 2π
κβ

)
κβ mod 103

κβ
� κ i = 103 handles continuous

symmetry

10: γ |C ← (γ mod 2π
κγ

)
κγ mod 103

κγ
� A different clamping is

required for class V , see lines 29-33
11: να ← cos(α|C ) if 2 <= κα < 103 else 1 � Handles objects

with multiple symmetry axes
12: νβ ← cos(β|C ) if 2 <= κβ < 103 else 1
13: sα ← sin(καα|C ) � Build multi-valued trigonometrics
14: cα ← cos(καα|C ) � Six parameters make up the SARR

representation
15: sβ ← sin(κββ|C )να

16: cβ ← cos(κββ|C )

17: sγ ← sin(κγ γ |C )νανβ

18: cγ ← cos(κγ γ |C )

19: return SARR ← concat_transpose(sα , cα , sβ , cβ , sγ , cγ )� Get
SARR in desired shape, i.e. 2 × 3

20: end function

21: function Inverse(SARR, κ) � Reconstruct the angles
22: α|C ← 0 if κα = 103 else 2π−arccos(cα)

κα
if sα < 0 else arccos(cα)

κα

23: να ← cos(α|C ) if 2 <= κα < 103 else 1 � via unit-circle
endpoints

24: β|C ← 0 if κβ = 103 else 2π−arccos(cβ )

κβ
if sα

να
< 0 else arccos(cα)

κα

25: νβ ← cos(β|C ) if 2 <= κβ < 103 else 1 � νi are computed
on-the-fly

26: γ |C ← 0 if κγ = 103 else 1
κγ

(2π − arccos(cγ )

κγ
) if sα

νανβ
< 0 else

arccos(cγ )

κγ

27: return R|C ← Euler_to_R(α|C , β|C , γ |C , ‘XYZ’) � Converts
Euler angles to a rot.-mat.

28: end function

29: if α mod 2π > π then� Replaces lines 8-10 for symmetry class V
30: α|C ← (α − π) mod 2π
31: β|C ← −β

32: γ |C ← (π − γ ) mod 2π
33: end if

34: α|C ← 2π − arccos(cα) if sα < 0 else arccos(cα)� Replaces lines
22-26 for symmetry class V

35: β|C ← 2π−arccos(cβ )

κβ
if sβ < 0 else arccos(cβ )

κβ

36: γ |C ← (−1 if sβ < 0)(2π − arccos(cγ ) if sγ < 0 else arccos(cγ ))
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the shape and orientation of the objects, which in turn aligns
training and test samples more closely.

ITODD: We use the 50k synthetic PBR training images,
from which we select only the samples with a visibility of
at least 60% and require that the center-depth, given via tz ,
satisfies 695mm < tz < 761mm. This depth range was
derived from the statistics of the validation set. We then
crop out and mask the object instance. We resize-pad to
384×384 while preserving the aspect ratio, clamp the depth
map to [650, 770] millimeters, scaled to [0, 1]. For the abla-
tion study we convert the RGB patches to grayscale using
cv2.cvtColor(img, cv2.COLOR_RGB2GRAY).We
do not perform any standardization or depth map scaling via
the average center-depth like we did for T-LESS.

The real depth images from the validation set used for
the evaluation feature many invalid depth pixels due to
reflections on the surfaces of the metallic objects. We there-
fore fill the depth patch after cropping and masking in a
reverse-watershed like manner, using simple dilation, guided
by the object mask. Depth and grayscale patches are then
resize-padded, depth samples are additionally scaled like the
training patches.

C. 2 Network Implementation

We use PyTorch (Paszke et al., 2019) to train a modified
CenterNet (Zhou et al., 2019) network, using HardNet (Chao
et al., 2019) as the backbone. We train all networks for 40
epochs, optimizingwithAdam (Kingma&Ba, 2017).Weuse
PyTorch’s ReduceLROnPlateau13 function as a learning
rate scheduler. We use ‘sum’ for loss reduction (taking the
sum of the losses of all samples in the batch for backpropaga-
tion) and a batch size of 4 per GPU. Loss terms for the three
elementary rotations are weighted equally with 1. We use
the heatmap head to learn the symmetry class when training
the SARR-dataset* networks, using FocalLoss (Lin et al.,
2017). Number of total epochs, initial learning rate, learning
rate decay parameters and batch size were initially optimized
by observing the loss-plots of networks trained using SARR
on T-LESS. Table 9 shows all relevant hyperparameters of
our experiments.

C. 3 Loss Functions

To ensure a fair comparison between the different rotation
representations we want to train all networks as similar
as possible, yet each representation has slightly different
mathematical properties (dimensionality, range). A common
ground was found using the cosine distance, interpreted as
the cosine similarity loss function. For ground truths and

13 https://docs.pytorch.org/docs/stable/generated/torch.optim.
lr_scheduler.ReduceLROnPlateau.html (Accessed: 2026-01-12)

predictions, the quaternion (n = 4), trigonometric (n = 6),
rotation matrix (n = 9), 6d (n = 6) and SARR (n = 6) rep-
resentations are flattened to a 1× n vector and the difference
between true and predicted vectors is computed as the cosine
distance. Since the cosine similarity loss does not enforce
magnitude but only directionality between the two vectors,
resulting predictions are normalized in a post-processing step
for visualization and evaluation. This normalization hap-
pens column-wise for the trigonometric, rotation matrix and
SARR representations, where each column is typically unit-
length. Versors (quaternions that represent rotations) are also
unit-length and thus the entire quaternion can be normalized.
Whenmapping the 6d representation to a rotationmatrix, nor-
malization happens by definition. Euler angles do not allow
normalization - we therefore use standard L1 loss for Euler
angles. Regarding the geodesic loss (Mahendran et al., 2017)
that is often used for rotation matrices: the trace-operations
involved in the calculation of the loss during training require
matrices to already have unit-length columns. This means
the output of the network has to be constrained in some way,
for example by adding another layer (Salehi et al., 2019).
The comparison would then no longer be with networks of
identical architecture, resulting in an unfair comparison.

Appendix D Symmetry Classification

The SARR-dataset* networks were trained to classify the
symmetry classes (5 for T-LESS and 9 for ITODD). This
section provides detailed classification results.

T-LESS: As can be seen by the confusion matrices
(CFMs) in Fig. 5 on the left, the network achieves a mean
classification accuracy of 78.6% and 77.8% for the SiSo and
ViVo tasks, respectively. Class I gets confused with class II
most likely because many fine details that break the sym-
metries for objects of class I are lost in the depth map (e.g.
one-sided holes getting filled). Class V gets confused with
class II, most likely due to the shapes being virtually identical
in their symmetry, the only difference being the definition of
the unrotated pose, or “uprightness”: if the objects of class V
(shown in Table 2 of the main paper) were to be put upright,
symmetry would be identical to class II. This is amplified by
the fact that these class V objects in the test images are often
placed upright, so if we were to change some symmetry defi-
nitions of the dataset, we would first suggest treating objects
of class V like those of class II, as the two are equivalent
from a symmetry standpoint. The absolute CFMs (subplots
(b) and (d)) further show the strong class imbalance, with
only 96 samples belonging to class III. The SARR–RGB-
dataset* network achieves mean classification accuracy of
71.2% and 68.0% for the SiSo and ViVo tasks, respectively,
with additional objects from across the dataset erroneously

123

https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.ReduceLROnPlateau.html
https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.ReduceLROnPlateau.html


International Journal of Computer Vision          (2026) 134:212 Page 19 of 24   212 

Fig. 5 SARR–Depth-dataset*
confusion matrices for T-LESS
(left) and ITODD (right)
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Fig. 6 SARR–RGB-dataset*
confusion matrices for T-LESS
on the left and
SARR–Gray-dataset* matrices
for ITODD on the right
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Table 9 Network
hyperparameters

Parameter T-LESS ITODD

Backbone HardNet HardNet

Epochs 40 40

Batch-size 4 12

Input-size 384 × 384 384 × 384

Optimizer Adam Adam

Rotation-loss Cosine/L1 Cosine/L1

Symm.-Class-loss FocalLoss FocalLoss

Loss-reduction ‘sum’ ‘sum’

Loss-weights 1.0 for all 1.0 for all

Learning rate 6 ∗ 10−4 6 ∗ 10−4

LR-scheduler ReduceLROnPlateau ReduceLROnPlateau

LR-factor 0.5 0.5

LR-patience 2 2

LR-threshold 0.15 0.1

LR-cooldown 1 1

GPUs 1 × RTX 3090 3 × RTX 3090

classified as belonging to symmetry class II. This is visible
in Fig. 6 on the left.

ITODD:As shown on the right side of Fig. 5, we obtained
mean accuracies of 91.0% and 94.2% for SiSo and ViVo
tasks, respectively. Class I receives the most false positives,
most likely due to the strong dataset imbalance, see subplots
(f) and (h). Symmetry classification accuracies of 26.9% and
25.9% from the SARR–Gray-dataset* network is substan-
tially worse compared to the depth-based counterpart, with
numerous classes receiving no true-positive predictions, as
is shown in Fig. 6 on the right.
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