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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 evaluation metrics. 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. We use 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 AR¢. 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.
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Fig. 1: Comparing rotation representations on a symmetric shape.

Using a rotation of 5 as

reference (1), rotating the rectangle by another 180 creates ambiguities due to visual equality but numeric
di erences (Il). A space restriction can resolve this, numerically treating the object as if it were rotated
by 5 (dashed arrow) (Ill). Yet this does not ensure continuity for visually similar poses close to the
restriction boundary (175 $ 5 ) (V). Contrarily, our formulation is both unique across the rotation
space and continuous across the symmetry boundary transition3 marks a correct/similar representation,
7 is incorrect. \6d" denotes the 6d representation proposed by Zhou et al. (2019).

for object pose estimation (Chen et al., 2023; He
et al., 2022; Irshad et al., 2022; Periyasamy et al.,
2022; Liu et al., 2021; Pitteri et al., 2021, 2019),
yet the challenges related to rotationally symmet-
ric objects, speci cally the ambiguities that arise,
are rarely discussed thoroughly.

It is sometimes possible to resolve these ambigu-
ities by using symmetry-breaking visual features
from the RGB domain such as non-symmetric
color patterns like distinctive design elements on
manufactured goods. At the same time, an impor-
tant motivation of our work is that texture-less
objects are common in industrial or robotics appli-
cations (Drost et al., 2017; Hodan et al., 2017;
Kalra et al., 2024). Furthermore, depth cameras
or 3D LiDAR pointclouds are common modal-
ities in robotics (Raj et al., 2022). Thus, we
focus on the challenging task of object pose esti-
mation where geometric symmetries are intrinsic
properties due to an object's shape (Periyasamy
et al., 2022; Begier et al., 2018) and assume no
symmetry-breaking RGB texture to help resolve
the ambiguities.

These ambiguities are prohibitive when optimiz-
ing a network to estimate the orientation (Hara
et al., 2017), since the bijective relation between
the visual representation V(p), e.g. an image

of an object in posep, and the corresponding
numeric rotation representation N (p), e.g. a rota-
tion matrix, no longer holds: multiple orientations
represent the same visual input and the result-
ing multi-modal distribution cannot be learned
unambiguously. To better understand the prob-
lems raised by symmetric objects, let us consider
the rectangles in columns | and Il of Fig. 1. For
other rotation representations { we consider Euler
angles, rotation matrices, the 6d representation
(Zhou et al., 2019), quaternions and trigonometric
identities { two numerically di erent representa-
tions apply to visually identical posesp,;py :

V(pi) = V(py) but N(p;) 8 N(py): (1)

While the rectangles are visually indistinguish-
able, \physically" they are oriented dierently
(marked by the yellow arrow) and thus have dif-
ferent numeric representations. There is therefore
no function F:V(p) 7! N (p) for all possible
p 2 SO(3). As Pitteri et al. (2019) state, an
attempt to learn such a function with a Machine
Learning (ML) algorithm such as a Convolutional
Neural Network (CNN) would fail for many 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 two ways: Firstly,
the network architectures and/or loss functions
are modied to resolve ambiguities. This was
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
classi er to pick the regressor to invoke. A dis-
advantage 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. met-
rics 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
(Hodan et al., 2020), which have become standard
for pose estimation through the BOP benchmark
(Hodan et al., 2018). This means there is less
incentive for methods 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 and Lepetit, 2017),
see column IIl of Fig. 1. The angle is clamped to
the canonic space, numerically setting the orienta-
tion as marked by the dashed arrow. This restores
unigueness, i.e.:

V(p)= V(pm),N (p)=N(pu); (2

however the mathematical properties and conse-
quences were not analysed in detail in that work.
Most obviously, any representation built on angles
from this canonic space is discontinuous across the
boundary of the space, e.g. 180 $ 0

for the shown rectangle. We take inspiration from
their approach as we explore these object symme-
tries more formally and propose the Symmetry-
A ware-R otation- R epresentation (SARR), which
implements a space restriction while remaining
continuous across the boundary (column IV in
Fig. 1). We evaluate SARR using the symmetry
classes of the texture-less objects in the T-LESS
(Hoda 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 symmetries, targeting the symmetries
and rotations of T-LESS and ITODD objects

2. We propose SARR, a rotation representa-
tion that is unique and continuous for those
objects

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

After reviewing related works on symmetry and
pose estimation in Section 2, we provide a for-
mal problem description and introduce the SARR
representation in Section 3. We present exten-
sive evaluation results on T-LESS and ITODD in
Section 4, before concluding in Section 5.

2 Related Work

Pose estimation methods for symmetric objects
can be split into two families (Periyasamy et al.,
2022), a categorization we also follow. Methods
from the rst category typically estimate only one
pose (2.1), whereas methods from the second cat-
egory estimate the full distribution of valid poses
(2.2). We nish 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 rst
to explicitly 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 classi er 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 ambigu-
ous rotations. In their work multiple regressors
have to be trained dependent on an object's sym-
metry. A classi er is additionally required, which
gets invoked to choose the correct regressor. Map-
ping to a canonic pose and introducing empirically
set balance parameters was done in Chen et al.



(2021), with four such parameters required to con-
trol network training.

Morrison et al. (2020) have recognized the useful-
ness of the trigonometric representation to learn
a grasping angle which is symmetric at . They
restrict the angle to [ »; 5] and compute the vec-
tor v = (sin2 ; cos2) for network training. The
same approach was taken by Ayoub et al. (2023)
for grasping tree-logs. Nevertheless, only one axis
of symmetry was considered in both of these works
that use the trigonometric representation.

Another popular idea is to use a specic dis-
tance metric (Zhao et al., 2023; Mo et al., 2022;
Shi et al., 2021; Labke et al., 2020; Wang et al.,
2019), implemented via a custom loss that ts
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 evaluation. 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 representa-
tions via an Autoencoder, as was done by Sun-
dermeyer et al. (2018, 2020). The learned latent
representation is (presumably) ambiguity invari-
ant, as visually identical poses will map to the
same code. Unfortunately, their method relies
strongly on accurate 3D models. 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 speci cally
propose such a solution to model the symmetries
of T-LESS and ITODD objects with a well-de ned
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 proba-
bilistic approach, where multiple likelihoods for
the pose hypotheses are estimated. For example,
Zhao et al. (2023) learn many-to-many correspon-
dences in two input point clouds, or Li et al.

(2024) use a render-and-compare approach and
soft labels for the classi cation task. The possi-
ble 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 perfor-
mance of matching-based methods can degrade
signi cantly 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 metric. In contrast, we train
our networks without using any 3D models and
report results using a symmetry-sensitive metric.

2.3 Desired Properties of a
Rotation Representation

While uniquenessmay be su cient for analytic
settings, for optimization algorithms such as deep
neural networks, the target-variables and thus the
target function F should also becontinuous. This
continuity property is desirable, as discontinuities
can inhibit learning (Hara et al., 2017). Xu and
Cao (2005, 2004) have shown that functions that
are smoother or have stronger continuity prop-
erties also have lower approximation errors for a
given number of neurons. None of the common
representations ful Il this, as they do not consider
the symmetries of an object but only its orienta-
tion in the form of an abstract, three-dimensional
Carthesian coordinate system.

To summarize, the works most closest to ours
include Pitteri et al. (2019)'s mapping to canonic
poses, but our proposed SARR requires only a sin-
gle regressor and preserves continuity, as well as
the modi ed trigonometric representations used
by Morrison et al. (2020) and Ayoub et al. (2023),
but we generalize their concept to multiple axes of
symmetry and higher degrees of symmetry.

3 Methodology

We rst formally describe the notions of unique-
ness and continuity (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 representa-
tion SARR (3.4) and its inverse mapping (3.5).
The section concludes with a visual validation of

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



our representation (3.6) and a discussion of its
limitations (3.7).

3.1 Problem Description

Types of symmetries include translational, re ec-
tional or rotational symmetry in 2D (see Stewart
(2013), pg. 3). Yet in 3D, a re ectional symme-
try can be understood as rotational symmetry
and translational symmetry is less relevant for
Computer Vision, since translationally symmet-
ric objects (e.g. a long building with identical
parts) are uncommon and CNNs are generally
accepted to be translation equivariant (Lenc and
Vedaldi, 2019). We therefore limit our discussion
to geometric symmetries that arise purely from
rotations. We refer to the nite set of symmetric
poses of an object as \discrete" and use \contin-
uous” for the in nite circular symmetries such as
those of a cone or sphere. Note that a cylinder
actually has both discrete and continuous sym-
metries, as we de ne this property per axis. For
the subsequent task of pose estimation, since we
focus on rotational symmetry, we disregard object
translation. That is, we analyse the 3D orientation
of objects and not their full 6D pose, i.e. assume
p 2 SO(3).

Then, let V(p) be the visual representation of an
arbitrary object in pose p, for example a depth
imaged 2 R¥ " (or an RGB image of a texture-
less object). An object is said to be symmetric
if there exist one or more rigid motionsr 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 seR:

R =fr 2 SO(3)nlj s.t. 3)
8p 2 SO(3): V(p) = V(r p):
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
(land Il 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 pose€  SO(3).
Such a restriction is both necessary and su cient

to satisfy Eq. (3). However, this e ectively dis-
regards all object symmetries and treats objects
as non-symmetrical. An obvious drawback is the
introduced discontinuity: objects near the symme-
try boundary look visually similar (due to their
symmetry) yet their numerical representations are
drastically di erent (due to the clamping). More
formally, we require that for small rotations
which result in small visual changes, the numeric
representations must only di er slightly - within
the canonic spaceand across its boundary- to be
considered continuous:
Vipe) VO rpg) N (p) N (Crpp)
5)
Pitteri et al. (2019) partially solve this problem
by training multiple regressors and an additional
classi er. Each regressor is continuous within its
respective domainC, and invoked via the classi-
er prediction. They then evaluate their method
on T-LESS objects. Our method requires no space
discretization and we evaluate not only on the
T-LESS dataset.

3.2 Symmetries in BOP Datasets

Table 1 : BOP datasets overview.

Dataset # jSTiSit ju GTy GT 1
HANDAL (Guo et al., 2023) 40 7 7 2 3 7
HB (Kaskman et al., 2019) 335 3 2 3 7
HOPE (Tyree et al., 2022) 2828 0 0 3 7
HOT3D (Banerjee et al., 2025) 3321 10 6 3 7
IC-BIN (Doumanoglou et al., 2016) 21 1 1 7 3
IC-MI (Tejani et al., 2014) 6 3 2 1 7 3
IPD (Kalra et al., 2024) 10 5 5 5 3 3
ITODD (Drost et al., 2017) 2818 18 11 3 7
ITODD-MV (Drost et al., 2017) 28118 18 11 3 7
LM (Hinterstoisser et al., 2013) 153 3 2 7 3
LM-O (Brachmann et al., 2014) 8 2 2 1 7 3
RU-APC (Rennie et al., 2016) 14 8 1 1 7 3
T-LESS (Hoda et al., 2017) 3027 27 5 7 3
TUD-L (Hoda et al., 2018) 30 0 0 7 3
TYO-L (Hodan et al., 2018) 2113 8 2 7 3
XYZ-IBD (Huang et al., 2025) 159 9 5 3 3
YCB-V (Calli et al., 2017) 2114 7 5 7 3

The BOP benchmark features 17 datasets (at the
time of writing) with numerous objects { column
# in Table 1 gives the total number of objects.
For every dataseti, let S; denote the set of its
symmetric objects, i.e. all objects with non-empty
R. S itself was never published by the BOP orga-
nizers. Organizers did identify S; { by using the
HALCON software and calculating the Hausdor



distance h between vertices of an object model in
the canonical and transformed locations, identify-
ing a symmetry if h < max(15mm; 0:1d), where
d is the diameter of the modef { yet S; is not
made public. We estimated the setsS? instead
via visual inspection of the CAD models. Col-
umn jSY gives the size of these sets, i.e. the total
number of symmetric objects. Di erent from our
approach of considering symmetries de ned solely
by an object's geometry, the BOP organizers used
texture to derive Si; S . Specically, Si; con-
sists of objects with \symmetry transformations
that cannot be resolved by the model texture™.
For some datasets such as HOPE, which con-
tains objects with highly distinctive textures, this
removes the majority of objects from consider-
ation (column jS;¢j). Nevertheless, we consider
Sit as the starting point for our analysis, as to
not deviate from established conventions §;: is
provided with every dataset). For every dataset,
column u = u(S;it) gives the number of unique
symmetry classes amongst all the objects in that
dataset. Observing columnsjS;; j and u, T-LESS,
ITODD, ITODD-MV (ITODD with additional
multi-view images), HOT3D, XYZ-IBD and TYO-

L all feature a large and diverse set of objects and
symmetries. We disregard TYO-L, because the
leaderboard has been inactive since 2019, HOT3D,
because only RGB sheye image streams are avail-
able as a modality (no depth) and XYZ-IBD,
because training images were rendered with CAD
models whose object origins are de ned di erently
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 GTy).

3.3 Symmetries in T-LESS

Mo et al. (2022) categorized the symmetric objects
in T-LESS and YCB-V following the Hausdor
distance of model vertices, using a clustering

2See 7.2 at https://bop.felk.cvut.cz/challenges/
bop-challenge-2019/ (Accessed: 2026-01-12)

3See https://github.com/thodan/bop
(Accessed: 2026-01-12).

4See 7.2 at https://bop.felk.cvut.cz/challenges/
bop-challenge-2019/ (Accessed: 2026-01-12).

_toolkit/issues/50

algorithm for simpli cation 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 infor-
mation without any extra parameters to resolve
continuous symmetries. All 30 objects are split
into one of 5 symmetry classes 2 f I;11;111;1V; Vg
following u. Symmetry class | includes all non-
symmetric objects. Class Il and Il are for objects
with two-fold and four-fold discrete symmetry
about z, respectively. Class IV contains all objects
with continuous symmetry about z, while class V
exhibits a two-fold symmetry about y. This leads
to another way of expressing an object's symme-
try properties using the symmetry-vectors ; =
[+ & & ], made up of the degrees of sym-
metry per object axis. For class Il, | =[1;1;2]
can be read as: \within a full 360 rotation about
z, there are two poses that are visually identical
( =0 ; =180 ); only one such pose exists for
axesx 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 symmetry (Hodan et al., 2016). To analyse
this, we build up the rotation space T  SO(3)
of the T-LESS training set. Image acquisition
was divided into two steps, where rotations ; 2

fR,%R iR,*g and T, = fR,&R iR, 20, with
T = Ty [ T.° T represents a \full view sphere"
(Hodan et al., 2016) of these objects with jTj =
1296 training images per object class. The jump of
180 in was not done for two objects, IDs 19, 20,
meaning for thoseT = T;°. The fact that pj; still
includes ambiguous poses, and that the default T-
LESS annotations do not satisfyEq. (4) let alone
Eq. (5), can be veri ed by looking at the images
in Fig. 3; it also becomes apparent when consid-
ering, for example, that
continuously symmetric objects of class IV.

5 Intrinsic rotations in \XYZ"-order: R, then R oand R g

5The combined and rotations e ectively implement a
180 ip about those object's symmetry axis, axis y, since
objects 19 and 20 belong to symmetry class V. According to
Hodan et al.'s own de nition, object 23 also belongs to class V,
yet images of object 23 in T, rotations do exist. We consider
this an oversight, as images from T, and T, are visually iden-
tical (ignoring texture/lighting changes), and thus disregard
these T, images.



Table 2 : Symmetry classes of T-LESS objects.
SARR;, vector

Each of the ve symmetry classes has a representation
i, & symmetry type, a set of rotations R; and a rotation spaceT;. T-LESS class IDs of

the visualized objects are indicatedbold in the bottom row. The default 3D coordinate frame, as shown

for class I, is oriented the same for all objects.

Class I I " v \%
SARR; SARR, SARRj SARRy SARRy SARRy

i P =[15151] n=[1;12] m =[1;1;4] v =[151] 0 v =[1;21]
Type None Discrete Discrete Continuous Discrete
Ri fg R,i 2f g R,j 2f3 ;%9 R, 2fRg R,j 2f g
T T T T T Ty
T-LESS 11,5,6,7, 8, 9, 10, 2,17,1, 3, 4, 13,

IDs 21,22,18 12, 25, 26, 28, 29 21 14, 15, 16, 24, 30 23,19, 20

3.4 SARR Representation

To motivate our representation SARR, let us
consider object 11 from symmetry class Il (see
Table 2) and only a rotation about axis z. We
can then imagine some functionf (for example
a perceptual hash) that computes the similarity
between the visual representations of the object in
its default, unrotated pose and a second, rotated
pose:f (V(p); V(R, p)). It follows that f is peri-
odic, being maximal at symmetrical poses, i.e.
where 2 f0; ;:::; %g fngn?2Z Sim-
ilarly, f is minimal exactly halfway, where the
object poses are orthogonal. Considerin§ instead
of only the setR,, one can derive that the numeric
representation should be designed to show a sim-
ilar periodic behavior. This is both intuitive for
humans to understand and desirable from an opti-
mization standpoint, as it does not introduce any
discontinuities sincef is smooth. Analogous argu-
ments can be made for all symmetry classes of
T-LESS: the degree of symmetry for every axis
de nes the frequency off for rotations about that
axis. For example, the frequency off for class Il
and z rotations is Z“T since . =4.

We propose a rotation representation that
implements such periodic behaviour by modifying
trigonometric identities v = (sin ; cos ), where
Vv represents a point on the unit circle as seen in
(Hara et al., 2017). To this end, we formalize 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 di erent axes of symmetry (y, z) and dif-
ferent degrees of symmetry. For the trigonometric
representation Nyig the composition of trigono-
metric identities v of angles ; ; de nes the
orientation of an object:

sin  sin  sin
COS COS COS

Nuig (; 5 )= (6)

Combining Eqg. (6) with the discussion onf, we
can de ne the rotation representation SARR; for

all objects of all ve symmetry classes in T-LESS
as:

SARRi( 1 15 )= 2‘ 2‘ 2 =
' ' ' 7
sin( i Jr,) sinC i jr) sinC i jg) . @
COS( i; j'ri) COS( i; j'ri) COS( i jTi)

To resolve the continuous symmetry of class IV,
we de ne

( L
0 dfi==Nv @®)

i otherwise.



This formulation allows extension to other object
symmetries and datasets. Speci cally, the repre-
sentation 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, evaluation and visualization requires an
inverse mapping to Euler angles jj.; ijc and
ilc, from which other representations such as
rotation matrices can be derived:

8 .
20ifi==1V;

= —-(2  arccos@; ) if s; <0 (9)
© ——arccosg; ) otherwise,

for 2 f;; g (angles are in radians). Angles
ilcs il ilc are now restricted to the subspace
jc and any representations derived from them do
not have the continuity property of SARR, but are
unigque since they de ne canonic object poses and
are thus pertinent for evaluation. Any permuta-
tions of these rotations that look visually identical
are resolved.Algorithm 1 in Appendix B shows
the full process of forward and inverse mapping.

3.6 Validation of the Representation

Fig. 2 shows a visual validation for symmetry
class Il, symmetric about z. A cuboid-like object,
with a detail to break the symmetry for axes x
and v, is rotated across the spacel represented
by the grid, with some angular sparsity to avoid
cluttering the plot. The colors of this grid follow a
heatmap, representing the values o§;. . Visually
identical objects have dots of equal color (unique-
ness), whereas visually similar objects, such as
those near the symmetry-boundary at 180 (hor-
izontal 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.

3.7 Limitations

Uniqueness and continuity of SARR for these
symmetry classes is guaranteed withinT but
not necessarily for the full space of rotations

(a) Plot for sy;. (b) s;: near 180

Fig. 2: Visual verication of SARR n. The
entire plot for s;;. is shown in (a) and zoomed in
near the symmetry boundary (orange line) in (b).
Color of the grid represents the values of; . .

SO(3). This is because rotations about two non-
symmetric axes can result in an object that is visu-
ally identical to one rotated about its symmetry
axis, for example Vy (180; 0; 180) = Vy (0; 180, 0)
but SARRy (180; 0; 180) 6 SARR , (0;0; 0). Early
results show that an additional space restriction,
or mapping to an auxiliary, intermediate repre-
sentation, 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 addi-
tional terms in the representation 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 ITODD datasets,
using depth as the principal input modality. To

this end, we rst present results of mapping T-
LESS rotation annotations R to Rj., as a form
of 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 trained with di erent rotation repre-
sentations. 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 Annotation Mapping

To illustrate the advantage of using our rotation
representation over default T-LESS annotations,
Fig. 3 presents mapping results for the symme-
try classes with ambiguous object poses inT:
I1;11;1V. 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 di erent. For rows
5 and 6 this discrepancy is especially noticeable:
class IV requires a discretization using T-LESS
annotations, per default resulting in 315 distinct
yet correct rotation matrices. The columns show
(a) the real, pre-processed depth mapsl 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 ambiguous T-LESS
rotation matrices R overlayed, (c) our unique
annotations Rj., derived from the canonic Euler
angles ijc; ilcs ilc (d) network predictions R
using our annotations and (e) depth di erence as
false color maps. Depth di erence was computed
between rendered depth images of objects in
poses according to our ground truthRj. (dours )
vs. T-LESS ground truth R (dt (gss ):

X X X
= JdOurs
O d2D px2mask

dr.essj;  (10)

for all 30 objects O, all depth images D of
those objects and all pixels px inside the respec-
tive visibility masks. We report an average depth
discrepancy of = 0:5mm across the dataset,
proving that our process of mapping followed by
inverse mapping results in poses that are visually
identical, up to deviations due to symmetry imper-
fections which fall below the threshold used in
the HALCON scripts (see Section 3.2). Per-object

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

depth di erence is highest for object 25, which is
a light switch de ned to be symmetric, yet the
tilted switch-panel noticeably breaks this symme-
try in many views. We also report a much higher
average di erence between real camera depth and
rendered T-LESS depth of cam, T-Less = 7:4mm
as well as cam, ours = 7:8mm for camera depth
and our rendered depth due to the camera depth
showing various artifacts and corruptions.

4.2 Evaluation Metrics

For the orientation estimation experiments we
calculate ve dierent error functions: e, VSD,
MSSD, MSPD and A(M)GPD from which we
derive three evaluation metrics AR:, ARg and
ARg.

In line with the BOP benchmark, we report AR g
as the average of recalls under VSD, MSSD, and
MSPD scores (Hodah et al., 2020) to evaluate
object orientation estimates R. We use the o cial
BOP toolkit & to calculate these results, leaving alll
parameters unchanged.

We also calculate the rotational errore 2 [0; 180]
derived from the cosine distance (Hodan et al.,
2016):

S
e(R;R C):arccos(Tr( RR Jg ) 1,180, (11)

In the rare event that a method did not provide a
prediction we assign the maximum error of 180°.
We then calculate the average recall AR taking
the average of recall scores across thesthresholds
f2;5;10;15; 25,409 (Kriegler et al., 2022, 2023).
We also provide results using the A(M)GPD met-
ric proposed by Mo et al. (2022), which we denote
AR for brevity. AR ¢ is a pose distance metric
that uses the ground-truth and estimated poses,
the object class and prede ned sets of grouped
primitives. These grouped primitives incorporate
information on symmetry permutations and were
derived from the 3D model by Mo et al.. We
reimplemented the calculation of the AR met-
ric using Equations 12 and 13 from (Mo et al.,

8See https://github.com/thodan/bop _toolkit, speci cally
the script eval _bop19_pose.py (Accessed: 2026-01-12).

9When 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.



(a) Depth map d (b) T-LESS GT R (¢) Our GT Rj¢ (d) Predictions R (e) Depth-di .

Fig. 3 : SARR annotation mapping of T-LESS symmetry classes II, 11l and IV.

2022) as well as their source-cod&. We can only

from le tless _gadd.evaluator.py : https://github.com/
O gpecically, we created a stand-alone, GPU- GANWANSHUI/ES6D/blob/master/lib/tless _gadd _evaluator.
independent reimplementation of the eval _metric  function py. This reimplementation is available in our repository:
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report AR results on T-LESS, because the sets
of grouped primitives were not de ned for the
ITODD obijects.

Metrics ARg and ARg are both symmetry-
invariant by design due to the properties of their
underlying error functions, meaning that any one
of the n potential poses for the same visual appear-
ance is accepted. In contrast, for AR there is
always only one correct orientation: Rj.. In the
context of this work, we consider AR: to be
a stricter metric, punishing methods that are
ambiguous in their estimations. ARg and ARg on
the other hand are tolerant towards such ambigu-
ous orientation estimations.

Lastly, we report results for two tasks: estimating
the orientation for only the most visible instance
of every object class in every image (SiSo), as well
as for the n-most visible instances (ViVo), wheren
is provided with the annotation and is di erent for
every object and image. When calculating 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 prob-
lem, where the sets resemble the two partites, and
solve it via minimum weight matching, comput-
ing a cost matrix using the error function e from
Eqg. (11). We do this for metrics ARc and ARg,
while the BOP toolkit handles the matching for
ARg. 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 orienta-
tion prediction R; is available (as the nal 3 3
rotation matrix).

4.3 Experimental Setup

Columns \Training" and \Test" in Table 3 pro-
vide information regarding the training/validation
data used for T-LESS, Table 5 shows the same
information for ITODD. Speci cally, for train-
ing our networks on T-LESS we use the real
\PrimeSense" 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

https://github.com/akriegler/SARR/blob/main/source/
metrics/amgpd.py. (Accessed: 2026-01-12).
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physically-based renderer (PBR) instead: depth
images per default and RGB images converted to
grayscale for the ablation 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 AR:,
ARg and ARg, which are not publicly avail-
able 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 les from the leaderboard and replaced the
estimated translation with the ground-truth.
Considering other works from the benchmark
leaderboard, 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 networks,
one for every symmetry class, and thus identify
these di erent 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 classi -
cation 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 normally
derive from the object-class, we de ne the addi-
tional scope dataset*. Here the SARR-dataset*
networks have to predict the symmetry class of a
given object from dataseti from the symmetry
classesu(S;: ).
We use PyTorch (Paszke et al., 2019) to train a
modi ed CenterNet (Zhou et al., 2019) network
with HardNet (Chao et al., 2019) as backbone and
optimize using Adam (Kingma and Ba, 2017). We
use cosine distance and L1 loss for optimizing the
rotation parameters. We do not use the geodesic
loss (Mahendran et al., 2017) for rotation matri-
ces as this would require modifying the network,



e.g. by adding another layer (Salehi et al., 2019),
which would result in an unfair comparison. We
use FocallLoss (Lin et al., 2017) for thedataset*
networks since we embed the symmetry classi -
cation task in heatmaps. For more information
regarding implementation and loss functions see
Appendix C.2 and Appendix C.3, respectively.

4.4 T-LESS

We compare to some of the best performing
methods from the BOP T-LESS leaderboard
in Table 3. This includes not only RGB-D
based methods, which have historically performed
the best, but also RGB-only methods, which
have become increasingly better in recent times,
as well as depth-only methods. Under metric
ARp, 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 signicant emphasis on
using the latest network architecture. Our net-
works already outperform some existing methods
under ARg and nally outperform all other meth-
ods under the symmetry-sensitive metric AR:.
The SARR{Depth- dataset* network, trained with
the additional task of symmetry classi cation,
performed only marginally worse in terms of orien-
tation estimation than the SARR{Depth- dataset
network, while achieving a mean classi cation
accuracy of 78.6% for the SiSo task, and 77.8%
for ViVo (see Appendix D, speci cally Fig. Dla
to Fig. D1d). 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 numeric rotation representation itself to deal
with symmetry ambiguities '*. Other methods rely
on the evaluation metrics, network/loss modi -
cations 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 symmetry scope networks, but for
the dataset(*) networks, trained on a much larger
single training set, performance stays compara-
ble. SeeFig. D2a through Fig. D2d for symmetry

1 vidal et al. actually used the representation proposed by
Drost et al. to handle the symmetries.
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classi cation confusion matrices of the SARR{
RGB-dataset* network.

To show the merit of using SARR for rotation
estimation of symmetric objects in comparison to
other representations, we trained 30 additional
networks using depth as input modality: One for
each of the ve other rotation representations
(Euler angles, rotation matrices, the 6d represen-
tation from (Zhou et al., 2019), quaternions? and
trigonometrics) and for each of the three scopes,
with annotations derived from either the ambigu-
ous T-LESS rotation matrices or our canonic Euler
angles j.. Table 4 shows these results for both
tasks, SiSo on the top and ViVo on the bot-
tom. With the exception of the ARg score of
Quaternionj. -dataset on SiSo, networks trained
on the SARR representation outperform all other
representations across the di erent scopes, eval-
uation metrics and tasks. The table highlights
the merit of paying respect to object symmetries,
as all networks trained on unrestricted repre-
sentations (upper halves in the SISO and VivO
blocks) performed poorly, especially under the
metric AR ¢ but also using the symmetry-invariant
metrics ARg and ARg.

4.5 ITODD

While the ITODD BOP leaderboard is well pop-
ulated with di erent methods, public results are
only available for the test set, not the validation
set. This means that we have to obtain pose esti-
mations, and calculate results, for other methods
ourselves, which in turn requires a maintained,
publicly available framework. We additionally had
to exclude all methods from consideration that
used the real validation images for ne-tuning
(which is a common practice), since the valida-
tion set constitutes our test set. With this in
mind, we were able to set-up and deploy the
SC6D method by Cai et al. (2022) for compari-
son. 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 net-
works under ARg, using our SARR representation
and depth images leads to better results following

2 For quaternions we map 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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