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Abstract

This paper proposes a universal framework, called
OVE6D, for model-based 6D object pose estimation from a
single depth image and a target object mask. Our model is
trained using purely synthetic data rendered from ShapeNet,
and, unlike most of the existing methods, it generalizes
well on new real-world objects without any fine-tuning. We
achieve this by decomposing the 6D pose into viewpoint, in-
plane rotation around the camera optical axis and transla-
tion, and introducing novel lightweight modules for estimat-
ing each component in a cascaded manner. The resulting
network contains less than 4M parameters while demon-
strating excellent performance on the challenging T-LESS
and Occluded LINEMOD datasets without any dataset-
specific training. We show that OVE6D outperforms some
contemporary deep learning-based pose estimation meth-
ods specifically trained for individual objects or datasets
with real-world training data. The implementation is avail-
able at https://github.com/dingdingcai/OVE6D-pose.

1. Introduction
The 6D pose of an object refers to a geometric mapping

from the object coordinate system to the camera reference
frame [18, 22]. Most commonly, this transformation is de-
fined in terms of 3D rotation (object orientation) and 3D
translation (object location). The ability to infer the object
pose is an essential feature for many applications interact-
ing with the environment. For instance, in robotic manipu-
lation [10] and augmented reality [34], the pose is needed
for grasping or realistically rendering artificial objects.

In recent works, the object pose estimation problem is
commonly approached by either establishing local corre-
spondences between the object 3D model and the observed
data [16, 17, 40], or via direct regression [6, 43]. In both
cases, the inference models are often optimized and stored
separately for each object instance. Such approach quickly
turns intractable as the number of object instances grows.
Meanwhile, some existing works [53, 63] consider build-
ing a single model for multiple objects. However, to retain

Figure 1. A) We propose a single universal pose estimation model
(called OVE6D) that is trained using more than 19,000 synthetic
objects from ShapeNet. B) The pre-trained model is applied to
encode the 3D mesh model of the target object (unseen during the
training phase) into a viewpoint codebook. C) At the inference
time, OVE6D takes a depth image, an object segmentation mask,
and an object ID as an input, and estimates the 6D pose of the tar-
get object using the corresponding viewpoint codebook. New ob-
ject can be added by simply encoding the corresponding 3D mesh
model and including it into the codebook database (B).

the performance, the model requires expensive re-training
every time a new object instance is added to the database.
In addition, most of the best-performing methods need an-
notated real-world training data, which is laborious to ob-
tain. Although some works [26, 45, 47] consider using syn-
thetic examples in training, they suffer from noticeable per-
formance degradation due to the domain gap.

An alternative approach, called LatentFusion, was pro-
posed in [36]. In this work, they first reconstruct a latent 3D
object model from a small set of reference views, and later
use the model to infer the 6D pose of the corresponding ob-
ject from the input image. The main advantage is the ability

https://github.com/dingdingcai/OVE6D-pose


Figure 2. A) 4,000 viewpoints uniformly sampled from a sphere
centered on the object (only the upper hemisphere is shown). The
in-plane rotations Rθi around the camera optical axis are illus-
trated by synthesizing three examples at viewpoints a (Rγ

a) and b
(Rγ

b ). B) The illustration of the proposed viewpoint embeddings
using t-SNE [51], where the blue (’x’) and red (’+’) points cor-
respond to the embeddings from 10 in-plane rotated views at the
viewpoints a and b, respectively, and the black points represent
the remaining viewpoints. It can be observed that the embeddings
are relatively invariant to the in-plane rotations while varying with
respect to the camera viewpoint.

to add new objects by simply generating new latent models
while keeping all network parameters fixed. However, the
method is computationally expensive as it is based on iter-
ative optimization at the inference time. Furthermore, La-
tentFusion is very sensitive to occlusions in the input data,
resulting in a significant drop in performance.

In this paper, we present a new approach, called OVE6D,
for estimating the 6D object pose from a single depth image
and the object segmentation mask. We further assume to
have access to the 3D mesh model of the target object. Simi-
lar to LatentFusion, our approach generalizes to new objects
without any re-training of model parameters. Moreover, un-
like LatentFusion, the proposed method is computationally
efficient and robust to occlusions in the input data. In fact,
OVE6D obtains the new state-of-the-art results on the chal-
lenging T-LESS dataset [21], surpassing even approaches
optimized particularly for this dataset.

The proposed approach consists of three stages as illus-
trated in Figure 1. First (Fig. 1 A), we train the model pa-
rameters using a large number of synthetic 3D object mod-
els from the ShapeNet [4] dataset. This stage is performed

only once and the resulting parameters remain fixed in later
stages. Second (Fig. 1 B), we convert the 3D mesh mod-
els of the target objects into viewpoint codebooks. The
conversion is performed once for each object and it takes
roughly 30 seconds per instance. Finally (Fig. 1 C), the 6D
pose is inferred from the input depth image and object seg-
mentation mask. The complete OVE6D model contains less
than 4M parameters and requires roughly 50ms to infer the
pose for a single object. New, previously unseen, object can
be added by simply encoding the corresponding 3D mesh
model as in the second stage.

The core of OVE6D is a depth-based object viewpoint
encoder that captures the object viewpoint into a feature
vector. The encoded representations are trained to be in-
variant to the in-plane rotation around the camera optical
axis, but to be sensitive to the camera viewpoint, as illus-
trated in Figure 2. At the inference time, we first utilize
the viewpoint encodings to determine the camera viewpoint,
and subsequently estimate the remaining pose components
(camera in-plane rotation and object 3D position) condi-
tioned on the obtained viewpoint. The cascaded pipeline
allows compact architectures for each sub-task and enables
efficient training using thousands of synthetic objects.

To summarize, our key contributions are: 1) We propose
a cascaded object pose estimation framework, which gen-
eralizes to previously unseen objects without additional pa-
rameter optimization. 2) We propose a viewpoint encoder
that robustly captures object viewpoint while being insen-
sitive to the in-plane rotations around the camera optical
axis. 3) We demonstrate the new state-of-the-art results on
T-LESS [21], without using any images from the dataset to
train our model.

2. Related Work
Pose estimation from RGB data Most RGB-based ob-
ject 6D pose estimation methods [1,20,37,39,40,42,48,61]
attempt to establish sparse or dense 2D-3D correspondences
between the 2D coordinates in the RGB image and the 3D
coordinates on the object 3D model surface. The 6D pose
is computed by solving the Perspective-n-Point (PnP) prob-
lem [30]. These methods achieve impressive performance
for objects with rich textures providing sufficient local fea-
tures to determine reliable 2D-3D correspondences. An-
other intuitive way to estimate the 6D pose is to directly
predict the pose parameters using regression or classifica-
tion, such as [3,26,50,58]. Most of these methods are based
on supervised learning and rely on real-world training data
with pose annotations. However, recent self-supervised ap-
proaches [44–46,54] take full advantage of the costless syn-
thetic data for training and perform 6D object pose estima-
tion in real-world images at testing time. Similarly, we also
adopt self-supervised learning in our work and purely train
our network on synthetic data.



Pose estimation from depth data Some deep learning-
based 6D object pose estimation methods use depth-only
data. Gao et al. [14] proposed CloudPose, which is known
as the first deep learning system that performs 6D pose re-
gression from the point cloud segments created from the
object depth image. Later, Gao et al. proposed CloudAAE
[13] to improve the generalization of the network trained
on synthetic depth data by adopting an augmented autoen-
coder (AAE) [47] point cloud based architecture. They ar-
gue that the domain gap between the synthetic and the real
images is considerably smaller and easier to fill for depth
information. Bui et al. [2] proposed a multi-task framework
combining manifold learning and 3D orientation regression
directly from depth images to learn view descriptors. It was
further leveraged to either retrieve or regress the 3D pose.
Bui et al. [2] is most similar to our work, but in this work,
we decouple the complete 3D orientation into the viewpoint
(out-of-plane rotation) for retrieval and the 2D in-plane ro-
tation for regression. The recent method StablePose [43]
adopts the geometric stability analysis of object patches and
directly predicts the patch poses in a stable group to further
determine the pose of the object, which achieves state-of-
the-art performance on the T-LESS dataset.

Pose estimation from RGB-D data When both RGB im-
ages and depth images are available, the most straightfor-
ward utilization of the two modalities is to first perform the
initial pose estimation based on RGB images and then fur-
ther refine with depth images, such as via ICP refinement
[19, 45, 46, 58]. Alternatively, the 2D-3D feature fusion-
based approaches [6,16,17,53,59] directly fuse the deep ap-
pearance features and the deep geometry features extracted
from RGB and depth data by deep neural networks. These
methods take full advantage of multi-modal inputs and have
achieved high performance on benchmark datasets. Kehl et
al. [27] adopt RGB-D patch descriptors extracted by CNN
for 6D pose vote casting, which ignores the holistic struc-
tures of objects and easily suffers from the poor local tex-
tures. In contrast, template-based methods [56, 60] employ
triplet loss to learn view descriptors from entire RGB-D im-
ages for object recognition and 3D pose estimation via near-
est neighbor search.

Pose estimation for untrained objects Many category-
level 6D object pose estimation methods [5, 7, 8, 49, 55]
have appeared recently and shown good generalization to
untrained objects within the same category by assuming that
the same canonical pose and similar shape are shared for all
instances within a category. In contrast, this assumption
is not required by the instance-level object-agnostic meth-
ods LatentFusion [36] and MP-Encoder [45]. The network
in LatentFusion [36] is completely trained on the synthetic
data rendered from ShapeNet [4], and it is capable of gener-

alizing to different real-world datasets when a few reference
RGB images with pose annotations are provided at testing
time. We follow LatentFusion [36] to train our network
on the ShapeNet. However, OVE6D does not require any
pose annotation at the training or testing time. In addition,
DeepIM [31] can perform pose refinement for the untrained
objects when the initial pose is given.

3. Method

In this section, we present our framework called,
OVE6D, for 6D object pose estimation. Here, we assume
that object IDs are known, 3D mesh models are available
and object segmentation masks are provided. The task is
to predict a rigid transformation from the object coordinate
system to the camera coordinate system. Such transforma-
tion can be represented with a rotation R ∈ SO(3) and a
translation t ∈ R3. The rotation R can be further factorized
into the out-of-plane rotation (viewpoint) Rγ and the in-
plane orientation (rotation around the camera optical axis)
Rθ, i.e., R = RθRγ , (see Fig. 2A). More details are pro-
vided in the supplementary material.

3.1. Overview

The OVE6D framework is illustrated in figures 1, 3 and
4. In the training phase, the model parameters are optimized
using the synthetic 3D objects from ShapeNet [4]. Next, the
object viewpoint codebooks are constructed with the view-
point encoder module (see Fig. 5). At the inference time,
we perform the following subtasks in a cascaded fashion.
First, an initial location estimate is computed using the in-
put depth image and the object segmentation mask, and ap-
plied to preprocess the depth image (see Fig. 3A). Second,
we retrieve multiple viewpoint candidates from the object
viewpoint codebook (see Fig. 3B). Third, we regress the in-
plane 2D rotation with respect to each retrieved viewpoint
candidate and obtain a set of complete 3D orientation esti-
mates (see Fig. 3C). Next, we calculate a consistency score
for each orientation hypothesis and output one (or more) es-
timate according to the score values (see Fig. 3D). Finally,
the initial location estimate is refined based on the obtained
3D orientation (see Fig. 3E). The following subsections out-
line further details of the model components and the training
procedures.

3.2. Preprocessing

First, we calculate and subtract the median distance dc
from the segmented input depth image DM (obtained by
element-wise multiplication of the depth image and the seg-
mentation mask M ). Next, we calculate the center co-
ordinate (cx, cy) of the bounding box enclosing the input
segmentation mask, and form an initial estimate of the ob-
ject 3D location as tinit = K−1[cx, cy, dc]

T , where K is



Figure 3. The inference pipeline of OVE6D. The entire system operates in a cascaded manner. First, the raw depth image is pre-processed
to 128×128 input (A). Second, the object orientation is obtained by performing the viewpoint retrieval (B), in-plane orientation regression
(C), and orientation verification (D). Finally, the object location is refined (E) using the obtained orientation and the initial location (A).

Figure 4. Training the networks. The proposed model contains
three sub-networks to be trained. The feature maps (z, zθ, zγ) are
first extracted from the rendered depth images by the shared back-
bone network, and then consumed by the Object Viewpoint En-
coder (OVE) head (A), the In-plane Orientation Regression (IOR)
head (B), and the Orientation Consistency Verification (OCV)
head (C). ẑθ is transformed from z with the rotation Rθ .

the camera intrinsic matrix. Finally, we follow LatentFu-
sion [36] to re-scale and crop DM , according to the esti-
mated location tinit to produce 128 × 128 pre-processed
input depth image for the later stages.

3.3. Object Viewpoint Encoder

The viewpoint encoder is a lightweight neural network
comprising of a CNN-based backbone (eight Conv2D + BN
layers) and an encoder head FOV E (a single Conv2D, Pool-
ing, and FC layer). The encoder takes the preprocessed
128×128 depth image as input and outputs a feature vector
with 64 elements. The feature vector is intended to encode
the camera viewpoint, but to be invariant to the in-plane ro-
tation around the camera optical axis.

We train the viewpoint encoder using depth images ren-
dered from ShapeNet [4]. The generated samples are orga-
nized into triplets {V, Vθ, Vγ}, where V and Vθ differ only
in terms of in-plane rotation (by angle θ), and Vγ is ren-
dered from a different camera viewpoint (by angle γ). The
depth images are further embedded into feature representa-
tions {v, vθ, vγ} using the viewpoint encoder network (see

Fig. 4A). The encoder parameters are optimized to rank the
representation pairs according to the cosine similarity, i.e.,
S(v, vθ) > S(v, vγ), where S is the cosine similarity func-
tion. Thus, the equivalent loss function can be written as,

ℓvp = max(S(v, vγ)− S(v, vθ) +mvp
λ , 0), (1)

where mvp
λ ∈ (0, 1) is the ranking margin.

The trained viewpoint encoder is later used to construct
viewpoint codebooks for novel real-world objects. To do
this, we first uniformly sample N viewpoints {Ri}Ni=1 from
a sphere centered on the object with the radius of dradius =
fbase ∗ ddiameter, where ddiameter is the object diameter
(obtained from the 3D mesh model) and fbase is a distance
factor (5 in this paper). Then the synthetic noise-free depth
images {V syn

i }Ni=1 are rendered using the sampled view-
points and the object 3D mesh model. Last, viewpoint rep-
resentations {vi}Ni=1 are extracted from these images (pre-
processed as described in Sec. 3.2) using the viewpoint en-
coder and stored into the codebook database along with the
object mesh model, as illustrated in Figure 5. The generated
viewpoint codebook is a set {{vi, Ri}Ni=1, Omesh, Oid} that
contains the corresponding viewpoint embeddings, rota-
tion matrices, mesh model, and object ID. The entire con-
struction requires approximately 30 seconds per object with
N = 4000 viewpoint samples.

At the inference time, the object viewpoint representa-
tion vreal is first extracted from the preprocessed depth im-
age V real using the viewpoint encoder. Then, we utilize
vreal to compute the cosine similarity scores with all entries
in the corresponding viewpoint codebook (indexed with the
known object ID). The entry {vknn, Rknn} with the highest
similarity between vreal and vknn is selected as the near-
est viewpoint for V real. Optionally, we can select multiple
candidate entries {vknnk , Rknn

k }Kk=1 from the codebook to
obtain a pool of K viewpoint hypotheses according to the
descending cosine similarity scores, as shown in Figure 3B.



Figure 5. Viewpoint codebook construction. The viewpoints are sampled from a sphere centered on the object mesh model with a radius
proportional to the object diameter. The viewpoint representations are extracted from the rendered depth images by the viewpoint encoder.

3.4. In-plane Orientation Regression

Once the viewpoint is known, the in-plane rotation
around the camera optical axis can be approximated using
a 2D rotation of the depth image (exact for orthographic
camera). To this end, we build a regression network by ap-
pending a regression head FIOR (one Conv2D and two con-
secutive FC layers) to the backbone shared with the view-
point encoder. This module takes a pair of feature maps
{z, zθ} ∈ Rc×h×w of the same viewpoint with varying in-
plane orientations (intra-viewpoint) as input and regresses
the relative in-plane rotation angle θ (represented as a ma-
trix Rθ), as shown in Figure 4B.

We train this module to minimize the discrepancy be-
tween the depth images transformed by the ground-truth ro-
tation matrix R̂θ and the predicted Rθ. Here, we employ
a negative logarithmic cosine similarity to measure the dis-
crepancy, written as

Scos = S(F(TRθ
(V )), F(TR̂θ

(V )),

ℓθ = − log((1.0 + Scos) / 2.0),
(2)

where F refers to the flattening operation, TRθ
represents

the 2D spatial transformation [24] with Rθ, and V is the
viewpoint depth image.

At the inference time, we first use the shared backbone
network to extract a feature map pair {zreal, zknnk } from
the preprocessed depth image pair {V real, V knn

k }, where
V knn
k is the synthesized depth image using the retrieved

viewpoint Rknn
k . Next, the regression module takes the fea-

ture map pair to estimate the relative 2D rotation matrix
Rθ

k = Frot(z
real, zknnk ) to produce the complete 3D ori-

entation estimate via Rest
k = Rθ

kR
knn
k . In addition, the in-

plane orientation regression can be concurrently performed
for several retrieved viewpoints to obtain multiple 3D ori-
entation hypotheses {Rest

k }Kk=1, as shown in Figure 3C.

3.5. Orientation Consistency Verification

Multiple complete 3D orientation hypotheses {Rest
k }Kk=1

can be derived from the previous modules, as described in
Section 3.4. To rank the candidates, we adopt an orientation
verification module that estimates the consistency between

the candidates and the actual object orientation depicted in
V real. Similar to the regression module, the verification
module is built by appending a verification head FOCV (two
Conv2D layers, a Pooling and FC layer) to the shared back-
bone.

At the training time, we adopt a ranking-based loss to
optimize this module. As shown in Figure 4C, the feature
map z is first spatially transformed using the in-plane rota-
tion, i.e. ẑθ = TRθ

(z) where TRθ
is the spatial transforma-

tion [24] with Rθ. Then, we separately concatenate ẑθ with
zγ and zθ along the feature channel dimension, i.e., [ẑθ; zγ ]
and [ẑθ; zθ], where [; ] denotes the concatenation, and feed
them into FOCV to produce the consistency scores sγ and
sθ. The equivalent loss function can be written as,

ℓcss = max(sγ − sθ +mcss
λ , 0), (3)

where mcss
λ ∈ (0, 1) is the ranking margin.

During the inference, we transform the feature map
zknnk , from the retrieved viewpoint, using the estimated
in-plane rotation Rθ

k and feed it to the verification head
Fcss along with the feature map zreal from the observed
depth image, as shown in Figure 3D. In this way, we ob-
tain a consistency score for each 3D orientation hypoth-
esis. According to the estimated scores, we rank all hy-
potheses {Rest

k }Kk=1 in descending order and select the top
P ∈ [1,K] orientation proposals {Rest

p }Pp=1 as the output.

3.6. Location Refinement

We further refine the initial location estimate tinit based
on the obtained 3D orientation. Specifically, we first syn-
thesize a depth image Dest

p using the object mesh model
and the pose [Rest

p |tinit], where Rest
p is the 3D orientation

obtained in Section 3.5. Next, we estimate the 3D cen-
troid tsynp of the object in the depth image Dest

p , as de-
scribed in Section 3.2. Furthermore, we calculate an offset
t′∆ = tinit− tsynp which can be regarded as the position off-
set caused by the self-occlusion of the object in the current
orientation Rest

p . We assume that t′∆ is approximately equal
to t∆ = test − tinit, which allows us to obtain the final 3D
location estimate testp = 2tinit− tsynp for the object with the



pth orientation proposal, as testp − tinit = tinit − tsynp .

3.7. Pose Hypothesis Selection and Refinement

As presented in previous sections, we may obtain multi-
ple orientation proposals, each of which results in one pose
hypothesis. We calculate the following quality measure for
each pose hypothesis,

qp =
1

mp

∑
I(|Dsyn

p −DM | > 0.1d) (4)

where I represents the indicator function, DM is the seg-
mented object depth image (obtained in Sec. 3.2), Dsyn

p

is the rendered depth image with the pose hypothesis
{Rest

p |testp }, mp is the total number of pixels belonging to
the object in Dsyn

p , and d is the diameter of the target ob-
ject and qp represents the ratio of the outlier pixels. The
pose hypothesis with the lowest qp value among {qp}Pp=1 is
selected as the final output pose.

Furthermore, the obtained pose can be optionally refined
using the Iterative Closest Point (ICP) algorithm ICP [9,62].
The ICP refinement can be done before or after the pose
hypothesis selection as shown in the experiments.

3.8. Combined Loss Function

The entire network consists of a single shared backbone
with three head branches and is trained in an end-to-end
fashion. The overall training loss is

L =
1

bs

bs∑
i

(λ1ℓ
vp
i + λ2ℓ

css
i + λ3ℓ

θ
i ), (5)

where bs is the batch size, and λ1, λ2 and λ3 are weighting
parameters. In our experiments, we set the ranking mar-
gins mvp

λ = mcss
λ = 0.1 and the weights λ1 = 100, λ2 =

10, λ3 = 1.

3.9. Implementation Details

We implement the method using the PyTorch [38] frame-
work and utilize Adam solver [28] with the cosine annealing
learning rate starting from 1×10−3 to 1×10−5 and weight
decay 1 × 10−5 for training 50 epochs (around three days)
on a single Nvidia RTX3090 GPU.

Training Data Our training data is generated from the
public 3D shape dataset [4]. Following LatentFusion [36],
we exclude large objects for efficient data loading and ob-
tain ∼19k shapes over the original 52,274 shapes. For
each object, we first randomly sample 16 anchor viewpoints
{Ri}16i=1 distributed on a sphere centered on the object.
Next, we separately apply a random in-plane rotation Rθ

i

(Rθ
iRi) and a random out-of-plane rotation Rγ

i (Rγ
i Ri) for

each anchor viewpoint, which results in a batch of view-
point triplets for a single object. We randomly select eight

General-
ization

Train
Data Method Input ICP

VSD
(%)

Single
Trained
Object

Real
(+Syn.)

Pix2Pose [37] RGB 29.5
PVNet [40] RGB 40.4
PPFNet [11] D 49.0

PointNet++ [41] D 54.0
StablePose [43] D 73.0

Syn.
Only

AAE [47] RGB 19.3
AAE [47] RGBD ✓ 68.6

Multi-
Trained
Objects

Real
(+Syn.)

CosyPose [29] RGB 63.8
DenseFusion [53] RGBD 10.0

Kehl-16 [27] RGBD ✓ 24.6
Syn.
Only

MP-Encoder [45] RGB 20.5
MP-Encoder [45] RGBD ✓ 69.5

Universal
Objects

—
DrostPPF [12] D 57.0
VidalPPF [52] D 72.0

Syn.
Only

LatentFusion [36] RGBD –
OVE6D(GT) D 85.1
OVE6D(GT) D ✓ 89.0

OVE6D(GT)‡ D ✓ 91.0
OVE6D(MRCNN) D 69.4
OVE6D(MRCNN) D ✓ 73.1
OVE6D(MRCNN)‡ D ✓ 74.8

Table 1. Evaluation on T-LESS. We report the average VSD recall.
‡ represents the ICP refinement performed for all pose proposals
before selection. We highlight the best performance in bold for
each group. MRCNN and GT indicate using the masks provided
by Mask-RCNN and the ground truth, respectively.

objects each time and form a training batch with the size
of 128. The Pyrender [35] library is employed to synthe-
size the corresponding depth images from these sampled
viewpoints. Similar to [36], we use data augmentation tech-
niques to improve the generalization of the network.

More details are provided in the supplementary material.

4. Experiments

Datasets OVE6D is evaluated on three public benchmark
datasets: LINEMOD [18], Occluded LINEMOD [1], and
T-LESS [21]. LINEMOD (LM) is one of the most popular
datasets for single object 6D pose estimation, and it con-
tains RGB-D images and 3D object models of 13 texture-
less household objects in cluttered scenes. We construct
the test set following the previous works [48, 53]. We
note that the training set of LINEMOD is completely ig-
nored as OVE6D is fully trained using ShapeNet. Occluded
LINEMOD (LMO) is a subset of LINEMOD for multi-
object 6D pose estimation and contains eight annotated ob-
jects in 1214 testing images with heavy occlusions. T-LESS
is a challenging dataset including 30 texture-less and sym-
metric industrial objects with highly similar shapes. The
evaluation is performed on the PrimeSense test set, and we
report the results for a single object per class following the
protocol specified in the BOP challenge [22].



General-
ization

Train
Data Method Input ICP

ADD
(-S)(%)

Single
Trained
Object

Real
(+Syn.)

Self6D [54] RGBD 86.9
G2LNet [6] RGBD 98.7
PVN3D [17] RGBD 99.4
FFB6D [16] RGBD 99.7

Syn.
Only

Self6D [54] RGBD 40.1
AAE [47] RGBD ✓ 71.6

SSD6D [26] RGBD ✓ 90.9

Multi-
Trained
Objects

Real
(+Syn.)

DenseFusion [53] RGBD 94.3
PR-GCN [63] RGBD 99.6

CloudAAE(GT) [13] D 86.8
CloudAAE(GT) [13] D ✓ 95.5

Syn.
Only

CloudPose (GT) [14] D ✓ 75.2
CloudAAE(GT) [13] D 82.1
CloudAAE(GT) [13] D ✓ 92.5

Universal
Objects

Syn.
Only

LatentFusion(GT) [36] RGBD 87.1
OVE6D(GT) D 96.4
OVE6D(GT) D ✓ 98.3
OVE6D(GT)‡ D ✓ 98.7

OVE6D(MRCNN) D 86.1
OVE6D(MRCNN) D ✓ 91.4
OVE6D(MRCNN)‡ D ✓ 92.4

Table 2. Evaluation on LINEMOD. We report the average ADD(-
S) recall. We highlight the best performance in bold for each
group. ‡ represents ICP refinement performed for all pose propos-
als before selection. MRCNN and GT indicate using the masks
provided by Mask-RCNN and the ground truth, respectively.

Segmentation Mask The object segmentation mask is
one of the inputs to the proposed pose estimation method.
In the experiments, we obtain the masks using off-the-shelf
implementation of Mask-RCNN [15] from the Detectron2
[57] library. We train Mask-RCNN using a large set of syn-
thetic images generated from the object models. We use
the class labels provided by Mask-RCNN as object IDs in
the experiments. In addition, we also report the results for
ground truth segmentation masks.

Metrics and Configurations We follow prior works [19,
45, 46] and report the results in terms of two standard 6D
pose estimation metrics ADD(-S) [19, 22] (for LM and
LMO) and VSD [22] (for T-LESS). Please refer to [19, 22]
for more details. Furthermore, we use N = 4000, K = 50,
and P = 5 for OVE6D if not otherwise stated.

4.1. Comparison with the state-of-the-art

We compare OVE6D against the recent (mainly
learning-based) pose estimation works using the popular T-
LESS, LINEMOD, and Occluded LINEMOD datasets. We
categorize the methods into three main groups in terms of
generalization. The methods in the first and second groups
train a separate model for each individual object or a model
for multiple objects, respectively. The third group consists
of methods that do not require any dataset-specific train-
ing, other than obtaining the 3D models of the target ob-
jects. We further split these groups into approaches that use

General-
ization

Train
Data Method Input ICP

ADD
(-S)(%)

Single
Trained
Object

Real
(+Syn.)

PVNet [40] RGB 42.4
PVN3D [17] RGBD 63.2
FFB6D [16] RGBD 66.2
PVNet [40] RGBD ✓ 79.0

Multi-
Trained
Objects

Real
+Syn.

PoseCNN [58] RGB 24.9
PR-GCN [63] RGBD 65.0
PoseCNN [58] RGBD ✓ 78.0

CloudAAE(GT) [13] D 58.9
CloudAAE(GT) [13] D ✓ 66.1

Syn.
Only

CloudPose (GT) [14] D ✓ 44.2
CloudAAE(GT) [13] D 57.1
CloudAAE(GT) [13] D ✓ 63.2

Universal
Objects

Syn.
Only

LatentFusion [36] RGBD -
OVE6D(GT) D 70.9
OVE6D(GT) D ✓ 80.0
OVE6D(GT)‡ D ✓ 82.5

OVE6D(MRCNN) D 56.1
OVE6D(MRCNN) D ✓ 70.3
OVE6D(MRCNN)‡ D ✓ 72.8

Table 3. Evaluation on Occluded LINEMOD. We report the av-
erage ADD(-S) and VSD recalls. ‡ depicts ICP refinement per-
formed for all pose proposals before selection. We highlight the
best performance in bold for each group. MRCNN and GT in-
dicate using the masks provided by Mask-RCNN and the ground
truth, respectively.

real and/or synthetic data during model training. Notably,
OVE6D and LatentFusion belong to the third category and
use only synthetic data for training.

T-LESS The results for OVE6D and the baseline meth-
ods are reported in Table 1 in terms of VSD metric. We
do not report the results for LatentFusion as it does not
perform well due to the occlusions. Note that all other
learning-based methods are trained on the T-LESS dataset,
unlike OVE6D, which is trained on ShapeNet. Neverthe-
less, OVE6D still achieves the state-of-the-art performance.
In particular, OVE6D with ICP improves over the recent
state-of-the-art method StablePose [43] by noticeable mar-
gin of 1.8%, regardless that StablePose trains a separate
model for each object using real-world examples with pose
annotations. The non-learning based VidalPPF [52] also
performs well, but the approach is computationally expen-
sive. Moreover, OVE6D achieves 91% recall when us-
ing the ground truth masks, indicating the potential for
performance improvement with better segmentation masks.
The results indicate that OVE6D is particularly suitable for
texture-less and symmetric industrial objects.

LINEMOD and Occluded LINEMOD The results for
the LINEMOD (LM) and Occluded LINEMOD (LMO)
datasets are reported in tables 2 and 3, respectively. All
methods, except for OVE6D and LatentFusion [36], are
specifically trained for the LM dataset. The LatentFusion



Figure 6. Evaluation of OVE6D submodules. The precision values for different error thresholds for the viewpoint retrieval (left), in-plane
orientation regression (middle), and location refinement (right) modules using the LINEMOD dataset. “Real-depth” and “Synthetic-depth”
separately refer to real-world depth images and the synthesized depth images (using the ground truth poses). “GT-*” and “Pred-*” indicate
using the corresponding ground truth and predicted results of *, respectively.

results are reported only for LM due to heavy occlusions in
LMO. In general, the RGBD based methods, trained with
real-world and synthetic data, achieve the best performance
(e.g. 99.7% recall on LM with FFB6D [16] and 79.0% recall
on LMO with PVNet [40]). However, OVE6D obtains com-
petitive results, particularly when compared to the meth-
ods trained with purely synthetic data. Without ICP refine-
ment, OVE6D obtains 86.1% and 56.1% recall for LM and
LMO, respectively. In addition, OVE6D with ICP results in
73% recall on LMO, which shows that OVE6D is able to
generalize to real-world scenes, even in the case of heavy
clutter and occlusion. Moreover, compared with Latent-
Fusion [36], another universal model trained on ShapeNet,
OVE6D obtains better results with a clear margin of 9.3%
(96.4% vs. 87.1%) on LM, while relying only depth infor-
mation in the pose estimation.

4.2. Additional Experiments

Parameter Configuration The main parameters in
OVE6D are the sampling number of viewpoints (N), the re-
trieving number of viewpoint candidates (K), and the num-
ber of orientation proposals (P). We examined how these
parameter values affect the performance, and observed that
the method is relatively stable over a wide range of different
settings. We found N = 4000,K = 50, and P = 5 to be a
good trade-off between the accuracy and the efficiency. The
detailed results are provided in the supplementary material.

Viewpoint Retrieval Figure 6 (left) illustrates the per-
formance of the viewpoint retrieval module over multiple
thresholds using estimated and ground-truth segmentation
masks on the LINEMOD dataset. In this experiment, we
consider only a single, top scoring, pose hypothesis. We
note that already 70% of the cases are retrieved with higher
than 10◦ accuracy. In addition, the gap between synthetic
and real data is relatively small, indicating good generaliza-
tion despite of the domain gap.

In-plane Orientation Estimation The results for in-
plane rotation module are illustrated in Figure 6 (middle).
Given viewpoints, retrieved with the predicted masks, we
reach up to 73% precision at the 10◦ error threshold with
a single forward pass, and further improve it to 80% with
ICP refinement. We also note that by using the ground truth
viewpoint, the precision can be further improved over 90%
even without ICP.

Location Refinement Figure 6 (right) illustrates the per-
formance of the proposed non-parametric location refine-
ment module. We observe that, at the error tolerance of
10mm, the refinement can improve the precision from the
initial estimate 13% to 60% and further to 81% with the ICP
refinement. Thus, the proposed refinement module clearly
improves the translation estimation with or without ICP re-
finement.

Inference Time The full pose inference with OVE6D
requires approximately 50ms per object with Nvidia
RTX3090 GPU and AMD 835 Ryzen 3970X CPU. In com-
parison, LatentFusion requires roughly 20 seconds per ob-
ject with 100 back propagation iterations.

5. Discussion, Limitations and Conclusion
In this work, we proposed a model called OVE6D for

inferring the object 6D pose in a cascaded fashion. The
model was trained using a large body of synthetic 3D ob-
jects and assessed using three challenging real-world bench-
mark datasets. The results demonstrate that the model gen-
eralizes well to unseen data without needing any parameter
optimization, which significantly simplifies the addition of
novel objects and enables use cases with thousands of ob-
jects. The main limitations of this approach include the re-
quirements for the object 3D mesh model and instance seg-
mentation mask, which may not always be easy to obtain.
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dav, Joy Banerjee, Gábor Vecsei, Adam Kraft, Zheng Rui,
Jirka Borovec, Christian Vallentin, Semen Zhydenko, Kil-
ian Pfeiffer, Ben Cook, Ismael Fernández, François-Michel
De Rainville, Chi-Hung Weng, Abner Ayala-Acevedo,
Raphael Meudec, Matias Laporte, et al. imgaug. https:
//github.com/aleju/imgaug, 2020. Online; ac-
cessed 01-Feb-2020. 14

[26] Wadim Kehl, Fabian Manhardt, Federico Tombari, Slobodan
Ilic, and Nassir Navab. Ssd-6d: Making rgb-based 3d detec-
tion and 6d pose estimation great again. In Proceedings of
the IEEE international conference on computer vision, pages
1521–1529, 2017. 1, 2, 7

[27] Wadim Kehl, Fausto Milletari, Federico Tombari, Slobodan
Ilic, and Nassir Navab. Deep learning of local rgb-d patches
for 3d object detection and 6d pose estimation. In European
conference on computer vision, pages 205–220. Springer,
2016. 3, 6

[28] Diederik P Kingma and Jimmy Ba. Adam: A method for
stochastic optimization. arXiv preprint arXiv:1412.6980,
2014. 6
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method for 6d pose estimation of free-form rigid objects us-
ing point pair features on range data. Sensors (Basel, Switzer-
land), 18, 2018. 6, 7

[53] Chen Wang, Danfei Xu, Yuke Zhu, Roberto Martı́n-Martı́n,
Cewu Lu, Li Fei-Fei, and Silvio Savarese. Densefusion: 6d
object pose estimation by iterative dense fusion. In Proceed-
ings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 3343–3352, 2019. 1, 3, 6, 7

[54] Gu Wang, Fabian Manhardt, Jianzhun Shao, Xiangyang
Ji, Nassir Navab, and Federico Tombari. Self6d: Self-
supervised monocular 6d object pose estimation. In Eu-
ropean Conference on Computer Vision, pages 108–125.
Springer, 2020. 2, 7

[55] He Wang, Srinath Sridhar, Jingwei Huang, Julien Valentin,
Shuran Song, and Leonidas J Guibas. Normalized object
coordinate space for category-level 6d object pose and size
estimation. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 2642–
2651, 2019. 3, 14

[56] Paul Wohlhart and Vincent Lepetit. Learning descriptors for
object recognition and 3d pose estimation. In Proceedings of
the IEEE conference on computer vision and pattern recog-
nition, pages 3109–3118, 2015. 3

[57] Yuxin Wu, Alexander Kirillov, Francisco Massa, Wan-Yen
Lo, and Ross Girshick. Detectron2. https://github.
com/facebookresearch/detectron2, 2019. 7, 15

[58] Yu Xiang, Tanner Schmidt, Venkatraman Narayanan, and
Dieter Fox. Posecnn: A convolutional neural network for 6d
object pose estimation in cluttered scenes. In Proceedings of
Robotics: Science and Systems (RSS), 2018. 2, 3, 7

[59] Danfei Xu, Dragomir Anguelov, and Ashesh Jain. Pointfu-
sion: Deep sensor fusion for 3d bounding box estimation. In
Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 244–253, 2018. 3

[60] Sergey Zakharov, Wadim Kehl, Benjamin Planche, Andreas
Hutter, and Slobodan Ilic. 3d object instance recognition
and pose estimation using triplet loss with dynamic margin.
In 2017 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pages 552–559. IEEE, 2017. 3

[61] Sergey Zakharov, Ivan Shugurov, and Slobodan Ilic. Dpod:
6d pose object detector and refiner. In Proceedings of the

IEEE/CVF International Conference on Computer Vision,
pages 1941–1950, 2019. 2

[62] Zhengyou Zhang. Iterative point matching for registration
of free-form curves and surfaces. International journal of
computer vision, 13(2):119–152, 1994. 6

[63] Guangyuan Zhou, Huiqun Wang, Jiaxin Chen, and Di
Huang. Pr-gcn: A deep graph convolutional network with
point refinement for 6d pose estimation. In Proceedings of
the IEEE/CVF International Conference on Computer Vision
(ICCV), pages 2793–2802, October 2021. 1, 7

https://github.com/facebookresearch/detectron2
https://github.com/facebookresearch/detectron2


A. Appendix: supplementary materials
We provide the supplementary materials for OVE6D in

the following.

A.1. Qualitative examples

We illustrate qualitative pose estimation examples from
the LINEMOD dataset for OVE6D and LatentFusion [36]
in Figure 7. Note that the ground truth segmentation mask
is used for LatentFusion by following [36], while OVE6D is
evaluated using the predicted segmentation mask provided
by Mask-RCNN [15].

A.2. Parameter configurations

The granularity of the discretized out-of-plane rotations
(viewpoints) is determined by the parameter N . We conduct
experiments to explore how the ADD(-S) recall is affected
by the number of viewpoints N , the retrieving number of
viewpoint hypothesis K, and the number of orientation pro-
posal P . By increasing the number (N ) of viewpoints, we
reduce the average distance of adjacent viewpoints, which
can result in a higher ADD(-S) recall, as shown in Table
4. In addition, retrieving more viewpoint hypotheses (K)
from the codebook and taking more orientation proposals
(P) could increase the probability of obtaining the correct
pose for the subsequent stages. The experimental results
are presented in Table 5 and Table 6. On the other hand,
a finer discretization of the out-of-plane rotation leads to a
larger memory footprint (more viewpoints), and more ori-
entation proposals consume a longer verification time. We
found N = 4000,K = 50, and P = 5 to be a good trade-
off between the accuracy and the efficiency.

A.3. Viewpoint codebook construction

In the main paper, we use the object 3D mesh model to
construct the object viewpoint codebook (using synthesized
data) to avoid the expensive 6D pose annotation. Neverthe-
less, the object viewpoint codebook can also be built using
real-world training data (with the ground truth 6D object
poses). To this end, we conduct additional experiments on
the LINEMOD dataset where we build the viewpoint code-
book using the real annotated images instead of the mesh
model. The experimental results are presented in Table 7
in terms of the average ADD(-S) recall. We can observe a
slight gain in the results compared to those obtained with
the synthetic data. We attribute this to the alleviation of the
domain gap between the object viewpoint codebook and the
observed depth images.

A.4. Orientation decomposition

Our method decouples the complete 3D orientation into
two components, i.e., the out-of-plane rotation (viewpoint)
and the in-plane rotation around the camera optical axis.
Here, we provide more details about the factorization.

Sampling Number (N)
(K = 1, P = 1) 1k 2k 4k 8k 16k

AAVD(°) 6.1 4.3 3.1 2.1 1.5

ADD(-S)(%) 74.1 75.0 75.7 75.8 76.6

Table 4. The average ADD(-S) recalls on the LINEMOD dataset
in terms of the varying number of viewpoint sampling. ”AAVD”
in short for the Average Adjacent Viewpoint Distance.

Retrieving Number (K)
(N = 4k, P = 1) 1 10 30 50 100

ADD(-S)(%) 75.7 80.7 81.5 81.6 81.5

Table 5. The average ADD(-S) recalls on the LINEMOD dataset
in terms of the varying number of viewpoint retrieval.

Proposal Number (P)
(N = 4k, K = 50) 1 3 5 10 20

ADD(-S)(%) 81.6 85.0 86.1 87.0 87.2

Table 6. The average ADD(-S) recalls on the LINEMOD dataset
in terms of the varying number of orientation proposal.

Reference
Data Method Input ICP

ADD
(-S)(%)

Mutli-View
With Pose
Annotation

LatentFusion(GT) [36] RGBD 87.1
OVE6D(GT) D 97.0
OVE6D(GT) D ✓ 99.4

OVE6D(MRCNN) D 86.5
OVE6D(MRCNN) D ✓ 94.0

Object
Mesh
Model

OVE6D(GT) D 96.4
OVE6D(GT) D ✓ 98.7

OVE6D(MRCNN) D 86.1
OVE6D(MRCNN) D ✓ 92.4

Table 7. Evaluation on LINEMOD. We report the average ADD(-
S) recall. ICP refinement is performed for all pose proposals be-
fore pose selection. MRCNN and GT indicate using the masks
provided by Mask-RCNN and the ground truth, respectively.

The object 3D orientation matrix R can be factorized
into three separate rotations around each axis (x, y and
z-axis) with respect to the object coordinate system. i.e.
R = RzRyRx, where Rz , Ry and Rx are the rotations
around the z, y and x axis, respectively. Furthermore, we re-
formulate the 3D orientation matrix as R = RθRγ , where
Rθ = Rz is the in-plane rotation around the camera op-
tical axis (z axis) and Rγ = RyRx is the out-of-plane
rotation. In the case of isometric orthographic projection,
the histograms of object depth values is mainly determined
by the out-of-plane rotation of the object, as illustrated in
Figure 8. To this end, we uniformly discretize the out-of-
plane rotation Rγ ∈ R3×3 as a finite set of object view-
points {Rγ

i }Ni=1 (N = 4000 in the main paper) and en-



Figure 7. Qualitative evaluation on LineMOD. We show the qualitative results of LatentFusion [36] (first row) and OVE6D (second
row). Red and blue 3D bounding boxes indicate the ground truth and the estimated poses, respectively.

Technique Parameter Description
Rescale 0.2 ∼ 0.8 Downscale the original image with a random ratio and then upscale to the original size.

LaplaceNoise 0.0 ∼ 0.01 Add the Laplace noise to the downscaled image with a random deviation.
Cutout 0.01 ∼ 0.1 Cutout rectangular area from the downscaled image with a random area ratio.

GaussianBlur 0.0 ∼ 1.5 Apply random Guassian blurring on the downscaled image.
RandomOcclusion 0.2 Apply a random square or circle occlusion mask on the downscaled image.

Table 8. Data augmentation techniques and parameters applied on the training data.

Figure 8. In the first row, we show the histograms of object depth
values observed from two different viewpoints A (Ra

γ) and B
(Rb

γ). In the second row, we show the histograms of object depth
values from the same viewpoint A (Ra

γ and RθR
a
γ). Rθ is an

in-plane rotation around the camera optical axis. We can observe
that the (asymmetric) object depth images rendered from different
viewpoints result in different distributions. In contrast, the depth
images from the same viewpoint but with different in-plane rota-
tions share similar distributions.

code the object viewpoints into latent vectors. These latent
viewpoint embeddings are invariant to the in-plane rotation
around the camera optical axis. Moreover, the in-plane ro-

tation Rθ ∈ R3×3 is formulated as,

Rθ =

cos θ − sin θ 0
sin θ cos θ 0
0 0 1

 (6)

where θ is the rotating angle around the camera optical axis.
Equivalently, we construct the in-plane rotation matrix Rθ

as,

Rθ =

ϑ1 −ϑ2 0
ϑ2 ϑ1 0
0 0 1

 (7)

where ϑ1, ϑ2 are scalar values of a unit vector Θ ∈ R2

predicted by the in-plane orientation regression network of
OVE6D. As presented in Figure 9, we show some inter-
mediate results Ptemp without the regressed in-plane rota-
tion and final complete 6D pose results Pfinal (with the
estimated in-plane rotation), i.e., Ptemp = [Rγ

i |t] and
Pfinal = [Rθ

iR
γ
i |t], where Rγ

i ∈ R3×3 is the rotation
matrix of the retrieved object viewpoint, t ∈ R3 is the es-
timated object 3D translation, and Rθ

i is the estimated in-
plane rotation for the retrieved viewpoint.

A.5. Data augmentation

We apply the commonly used training data augmenta-
tion techniques to improve the generalization of our model.



Figure 9. Qualitative evaluation on T-LESS. In the first row, we show the intermediate results Ptemp (without the in-plane orientation
regression). In the second row, we show the final complete 6D poses Pfinal (with the in-plane orientation regression). Red, green and
blue 3D bounding boxes represent the ground truth, the intermediate and the final 6D poses, respectively.

Figure 10. L: Results for REAL275 (18 objects from 6 categories) using category or instance-level IDs. In category case, we retrieve from
all object codebooks belonging to the selected category. R: Viewpoint retrieval results with respect to the occlusion size.

In particular, we first downscale the synthetic depth im-
age with a random factor and then augment the downscaled
depth image (see Tab. 8) before re-scaling it to the original
size. The imgaug [25] library is employed to achieve this.

A.6. Object category-level / instance-level ID

We follow the standard practice and use the class labels
predicted by the off-the-shelf Mask-RCNN detector as the
object IDs. The IDs are used to index the viewpoint code-
book and, therefore, a wrong or non-optimal ID could dam-
age the performance as an inadequate codebook would be
used in the retrieval. To gain further insight, we evaluated
OVE6D using the category-level 6D dataset REAL275 [55].
The results (Fig. 10 left) show that OVE6D achieves com-
parable performance using object category IDs instead of
the object instance IDs. We believe this is due to the fact
that OVE6D is a shape-based method and objects within a
category often share similar shapes.

A.7. Sensitivity to occlusion

We performed an additional experiment to examine
the viewpoint retrieval performance on the Occluded
LINEMOD dataset using ground truth segmentation masks
in terms of varying percentage of object visibility. The re-
sults in Figure 10 right indicate that the performance re-
mains almost intact up to 30 % occlusion and declines
smoothly after that.

A.8. Structure of the object viewpoint encoder

Figure 11 illustrates the network architecture of the pro-
posed object viewpoint encoder invariant to the in-plane ro-
tation around the camera optical axis. Every convolution
layer (3× 3 / s where s denoting stride) is followed by the
batch normalization (BN) and ReLU activation layers. Be-
sides, skip connections are added between the feature maps
with the same dimensionality.



Figure 11. Network structure of the proposed object viewpoint encoder.

A.9. Training details of Mask-RCNN

We employ Mask-RCNN [15] from Detectron2 [57]
with the backbone ResNet50-FPN [32] to predict the seg-
menation masks for the objects in the LINEMOD and
LINEMOD-Occlusion datasets. We use the physically-
based rendered (PBR) images provided by BOP Challenge
2020 [23] to train the network.

Specifically, we apply two steps to finetune the Mask-
RCNN to overcome the domain gap between the real and
synthetic images. In the first step, we freeze the backbone
of Mask-RCNN initialized with the pretrained weights (on
MSCOCO dataset [33]) and train 50k iterations on the train-
ing data using the default WarmupMultiStepLR learning
schedule with the learning rate lr = 0.001, decayed by 10 at
the iteration steps 30k and 40k, respectively. In the second
step, we unfreeze the backbone and separately train addi-
tional 50k iterations for the 13 objects of LINEMOD dataset
as well as 50k iterations for the 8 objects of LINEMOD-
Occlusion dataset using the CosineAnnealingLR learning
schedule with the learning rate lr = 0.001. While for the
TLESS dataset we directly employ the segmentation results
provided by Multi-Path Encoder [45] for a fair comparison.
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