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Abstract— While showing promising results, recent RGB-D
camera-based category-level object pose estimation methods
have restricted applications due to the heavy reliance on depth
sensors. RGB-only methods provide an alternative to this
problem yet suffer from inherent scale ambiguity stemming
from monocular observations. In this paper, we propose a novel
pipeline that decouples the 6D pose and size estimation to mit-
igate the influence of imperfect scales on rigid transformations.
Specifically, we leverage a pre-trained monocular estimator
to extract local geometric information, mainly facilitating the
search for inlier 2D-3D correspondence. Meanwhile, a separate
branch is designed to directly recover the metric scale of the
object based on category-level statistics. Finally, we advocate
using the RANSAC-PnP algorithm to robustly solve for 6D
object pose. Extensive experiments have been conducted on
both synthetic and real datasets, demonstrating the superior
performance of our method over previous state-of-the-art RGB-
based approaches, especially in terms of rotation accuracy.
Code: https://github.com/goldoak/DMSR.

I. INTRODUCTION

Accurately estimating the position and the orientation of
an object in 3D space is critical for perceiving surround-
ing environments, thus has broad applications in computer
vision [1], [2] and robotics communities [3], [4]. Previous
efforts in 6D object pose estimation have largely focused
on the instance-level setting [5], [6] where a corresponding
CAD model is given for each object of interest. In such cases,
object pose estimation can be simplified to correspondence
matching between 3D models and observations. However,
the requirement of prior CAD models for each entity is not
only hard to achieve in real-world scenarios, but also makes
it difficult to scale well to complicated scenes.

To relax the need for instance-level 3D models, category-
level object pose estimation [7], [8], [9] has been intensively
investigated recently. A special kind of coordinates proposed
by [10] are generated from Normalized Object Coordinate
Spaces (NOCS) to align different instances into a normalized
canonical space in a category-wise manner. The prediction
of rotation and translation is thus performed within the
same category as the target object. This line of research
mainly deals with the intra-class shape variation [11], [12],
[13]. Once a set of inlier 3D-3D correspondences is found,
accurate pose and size can be estimated using similarity
transformation. Promising results have been obtained by
these methods, yet heavily relying on depth observations to
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achieve accurate pose and size estimation limits their broader
applications.

Therefore, RGB-based category-level object pose estima-
tion [14], [15] has emerged in this direction. They can be
a viable alternative when depth measurements are not avail-
able, such as on VR headsets and mobile devices. However,
directly predicting object pose from a single RGB image
remains a challenging task nowadays as it is a highly ill-
posed problem, suffering from inherent scale ambiguity. [16]
and [15] propose first to reconstruct the absolute depth map
of objects, thereby transferring the problem to the familiar
RGBD setting. Then again, 3D-3D correspondences are used
to solve for the object pose and size at the same time.
Though intuitive, predictions of metric depth maps are often
inaccurate, leading to unsatisfactory results. It also makes
these methods hard to generalize to different scenes.

Unlike previous RGB-based methods expecting to implic-
itly learn the metric scale through absolute depth predic-
tion, we instead choose to decouple object pose and size
estimation for RGB-based category-level pose estimation.
The motivation behind this choice is obvious: we want
to explicitly cut off the propagation of errors from metric
scale to 6D pose estimation, especially for rotation. To this
end, we introduce a novel pipeline for RGB-based category-
level object pose and size estimation, consisting of feature
extraction, 2D-3D correspondence learning, metric scale
recovery, and pose estimation. Specifically, the (relative)
depth and normal are taken as additional input to exploit
instance-level geometric information. They are generated by
readily available models pre-trained on a large dataset, Om-
nidata [17] for each RGB image. Inspired by [8] and [18], we
employ a small transformer to extract distinctive features for
subsequent correspondence learning. Meanwhile, we design
a simple but effective scale prediction branch to recover the
metric scale of the target object by leveraging category-level
statistics. Finally, we compute the 6D object pose using a
traditional PnP solver inside a RANSAC loop to deal with
potential outliers. Our main contributions can be summarized
as follows:

(a) We propose the decoupled framework for RGB-based
category-level object pose estimation, where 6D object
pose and size are computed separately to reduce the
negative influence of imperfect scale predictions on
rigid transformations.

(b) The metric scale of the target object is directly re-
covered from the network on the basis of category-
level priors and is subsequently used for robust pose
estimation in a RANSAC-PnP algorithm.
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(c) We extend the CAMERA25 and REAL275 datasets to
include depth and normal predictions from pre-trained
models. Our method is simple but effective, achieving
significant improvements over previous RGB-based
category-level pose estimation methods, particularly in
terms of rotation accuracy.

II. RELATED WORK

Image-based object pose estimation has a long-standing
history and was first addressed at the instance-level and
based on exact object shape priors. The category-level case—
as addressed in this work—has only been studied much
later. A good overview of the field including but not limited
to category-level object pose estimation can be found in
recent survey papers such as the work of [19]. From a high-
level point of view, methods can be classified depending
on whether or not they make use of depth readings during
inference time.

A. RGBD-based Category-level Object Pose Estimation

A seminal contribution towards category-level pose esti-
mation is presented by [10], who introduce the Normalized
Object Coordinate Space (NOCS). In this space, all objects
within the category exhibit the same alignment as defined
by object-specific directions [10] introduce a framework
that relies on Mask R-CNN [20] to detect objects and an
additional head to predict the projection of these coordinates
into the image plane (denoted the NOCS-map). Using a
scale-aware implementation of Procrustes alignment [21],
the object pose can be found. [22] propose an alternative
approach in which both image and depth readings are fed
to a variational auto-encoder to directly regress the object
position and orientation. Later on, [18] then introduces the
idea of Shape Prior Deformation (SPD), an approach in
which a canonical point set is fed to a deformation network.
The deformed canonical point set is again aligned with the
input depth readings (or a derived representation) for object
pose estimation. [23] extend the architecture by a recurrent
network in which the canonical point set is deformed it-
eratively. [8] finally introduce SGPA, a transformer-based
architecture to more effectively adjust the canonical point
set. Though requiring RGB-D input, SGPA serves as a strong
inspiration for the method proposed in this paper. [24]
make use of consistency-based losses in order to improve
learning by self-supervision. An alternative line of works
that also in return produce category-level object pose, but
is more computationally demanding, is given by analysis-
by-synthesis methods that iteratively deform and align an
implicit shape model until convergence.

B. RGB-based Category-level Object Pose Estimation

One of the first analysis-by-synthesis approaches was in-
deed proposed for the pure RGB case. [14] notably make use
of an implicit neural representation for iterative shape synthe-
sis and object pose estimation. A disadvantage of the method
however consists of its inability to recover correctly scaled
object pose results, as the method only evaluates alignment in

the image. [25] propose a straightforward regression network
for object pose and shape trained on synthetic data. While
they also propose a depth-supported refinement strategy to
close the synthetic-to-real gap, the majority of their results
focus on the synthetic case. Another well-performing method
is introduced by [16], who propose a two-branch network to
predict a metrically scaled object mesh and a NOCS-map.
After rendering a depth map from the reprojected mesh,
a concluding geometric alignment step returns the object
pose. Finally, [15] propose OLD-Net, a variation that directly
predicts object-level depths by incorporating global position
hints and shape priors.

In a word, the focus of existing attempts to recover
metrically scaled results consists of recovering an abso-
lute depth map from the input measurements. It is well-
understood that this is a challenging problem. However, in
this work, we propose a novel RGB camera-based category-
level pose estimation framework that employs a decoupled
scale estimation branch in order to scale a canonical object
point set prior back to the metric space, without interfering
with 6D object pose estimation. While we still depend on
a relative depth prediction, depth uncertainties are further
prevented from entering the final pose estimation by using
perspective rather than generalized Procrustes alignment.

III. APPROACH
A. Overview

Given a single RGB image, our goal is to estimate the
6DoF object pose (3D rotation and 3D translation) with
respect to the camera coordinate frame, as well as the metric
scale of the object. As shown in Figure 1, the pipeline
mainly consists of four parts: feature extraction, 2D-3D
correspondence learning, metric scale recovery, and pose
estimation. We first pre-process each image using models
pre-trained on the large Omnidata to generate local geometric
cues as described in Section III-B and then feed them into the
network together with category-level shape priors and RGB
images to further extract higher-level features for 2D-3D
correspondence learning (Section III-C). A separate branch
for metric scale recovery is described in Section III-D, which
is essential for the final pose estimation with PnP algorithm
(Section III-E).

B. Leveraging Geometric Information

The network is supposed to find as many inlier 2D-3D
correspondences as possible. However, there is no depth
measurement in the RGB-only setting. To compensate for
the missing instance-level geometric information, we turn
to use an off-the-shelf monocular estimator to predict 2.5D
sketches [26], e.g. depth and normal maps. In particular, [17]
has built an Omnidata pipeline to train strong models on a
large-scale dataset, which achieves remarkable performance
regarding both accuracy and generalization ability.

Therefore, in a preprocessing step, we feed each image
patch I € RHXWX3 through a depth estimation model f4
and surface normal estimation model f, to obtain fd =
fa(I), I, = fo(I) where I; € REXWx1 and [, € REXWx3
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Fig. 1.

are depth and normal maps, respectively. It is worth noting
that I, is a relative depth cue, merely depicting the geometric
relationship among object pixels. Without knowing the met-
ric scale, it is meaningless to compute 3D point cloud back-
projected from I;. Also, the inaccurate depth predictions on
the edges of the object further prohibit the direct application
of point clouds.

C. 2D-3D Correspondence Learning

Our network takes cropped image patch I € R¥XWx3,

category-level shape prior P, € RV*3 and predicted 2.5D
sketches I; € REXWx1 gnd [, € REXW3 45 inputs.
Note that the corresponding class label and object mask
can be obtained from an off-the-shelf instance segmentation
network, such as Mask R-CNN [20]. These inputs are then
fed into a feature extraction module to obtain the semantic
feature F; € RM*4 geometric features F,, € RV*? and
E, € RMxd respectively. The M pixel features in Ff
are randomly selected to reduce the number of correspon-
dences. In order to mitigate the interference of noise, we
apply channel-wise concatenation on I; and I, and then
use a fully convolutional network g, following an encoder-
decoder architecture, to generate instance-specific geometric
features F, = g([I4|I,]) where [-|] denotes channel-wise
concatenation. Intuitively, we expect F, can benefit from
the integration of these two kinds of geometric cues. This
argument is later supported by our experiments in Section
IV-D.

Following [18] and [8], we take advantage of category-
level prior models on which instance-specific deformation is
performed to reconstruct shape details. Hence, the resulting
NOCS coordinates will represent the desired shape of the
input object. To better guide the deformation of the shape
prior, F., F,,, Fy are considered as the query, key and value of
a transformer such that the semantic information in F; can be
adaptively propagated to prior F)., according to the structural
similarity between F;. and F,. Here F, and F, are projected
to a lower dimension such that only object keypoints are
taken into account to improve computation efficiency. The
adapted prior feature F). is then concatenated with F,. to
further predict the deformation field D, thereby resulting in
the final reconstructed model P,,,.s = P, + D. Meanwhile,

llustration of our pipeline for RGB-based category-level object pose estimation.

the matching network outputs the correspondence matrix
C € RM*N ysing the concatenation of F; and F,.

D. Metric Scale Recovery

The point cloud back-projected from the observed depth
map is the key to reliable object pose and size estimation for
those RGBD-based methods, as the underlying metric scale
of depth measurements can significantly ease the difficulty
of locating the object in 3D space. However, we make use
of the scale-agnostic depth prediction I, and try to solve for
the metric scale separately.

Direct regression of metric scales seems to be the simplest
solution, but the metric scales are not fixed into a stable
range, making the network hard to train. Instead, we take
advantage of category-level statistics and reduce the problem
to an offset regression task. Similar to the generation of
category-level shape prior P, (i.e. mean shape), we also com-
pute the mean scale s, € R for each category and set it as
an anchor for scale prediction to avoid large deviations from
desired results. Then, we pass the concatenation of extracted
global features F¢, FY, F¢ € R™ from F,, F,, F; through
a multi-layer perceptron (MLP) to recover the relative scale
offset

As=MLP([FI|FS|FY]) st. §=s,+s.xAs. (1)
Here, we employ the L1 loss to supervise the training of our
scale recovery branch
Sr

S . —
Lscale == ||Asgt - AsHaAsgt = g7f87

T

2

In this way, we manage to obtain the metric scale for
subsequent pose estimation.

E. Perspective-n-Point for Pose Estimation

Finally, we use PnP algorithm, which takes 2D-3D cor-
respondences as input, to solve for the object pose. Unlike
the similarity transformation, PnP is incapable of handling
NOCS coordinates without scale information. Therefore, we
need to scale the NOCS coordinates before feeding them into
the solver

R, =PnP(P;,3-CP,oes) = PnP(Py, §-C(P.+D))) (3)
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Fig. 2.
bounding boxes, respectively.

where P; € RM X2A is the corresponding 2D pixel coordinates
on image patch, R € SO(3) is the rotation and € R? is
the translation.

F. Overall Loss Function

Our pipeline mainly comprises two learning objectives,
namely the NOCS correspondences and the relative scale
offset As. The overall loss function is then the weighted
sum of the following two loss terms:

L= )\chorr + )\2Lscale' (4)

Here, L., is the same loss used in [8], including the su-
pervision on the deformation field D and the correspondence
matrix C, as well as the regularization term on the keypoint
projection matrix. Please refer to [8] for more details of

LCOTT .

G. Implementation Details

We generate depth and normal maps using the latest DPT
models [27] pre-trained on Omnidata [17] with 3D data
augmentations [28]. For each image patch, we first resize
it to 384 x 384, and then feed it into f; and f,, to obtain I,
and I,,, respectively. The outputs are resized to 192 x 192
later on for feature extraction. Specifically, we employ a 4-
layer PSPNet [29] with ResNetl18 [30] backbone as g. As
for metric scale recovery, we implement a 3-layer MLP with
hidden dimensions 512 and 128 to regress the relative scale
offset. To better handle the outliers, we estimate the object
pose using a traditional PnP solver inside a RANSAC loop.
The two weights A1, A2 in the loss function 4 are set to
1.0 and 0.1, respectively. The rest of the architectural details
remain the same as [8]. All experiments are conducted on
two NVIDIA RTX 2080Ti GPUs.

IV. EXPERIMENTS

A. Datasets

We conduct extensive experiments on two benchmark
datasets released by [10] for the category-level object pose
estimation task. The CAMERA dataset is synthesized by
placing CAD models on top of real backgrounds while

Qualitative results of our method on CAMERAZ2S (top) and REAL275 (bottom). The predictions and ground truths are shown by red and green

the REAL dataset is directly collected in the real world.
These two datasets contain 6 categories (i.e. bottle, bowl,
camera, can, laptop and mug), and we can generate a mean
shape as prior for each category following [18]. Note that
CAMERA25 and REAL275 are two subsets for testing,
consisting of 25k synthetic images and 2750 real images,
respectively. We also extend the NOCS datasets by predicting
depth and normal maps for each image patch cropped from
the original 640 x 480 RGB image.

B. Metrics

We adopt the widely used evaluation metrics in category-
level object pose estimation for a fair comparison. The first
one is 3D Intersection-Over-Union (IoU) under different
thresholds. It measures the IoU between two 3D bounding
boxes transformed by estimated pose and ground truth,
mainly reflecting the fidelity of object size and translation.
For 6D object pose, we directly compute the rotation error
in degrees and translation error in centimeters. We report the
mean average precision (mAP) across all categories for both
metrics in the following tables.

C. Comparison against State-of-the-art Methods

We mainly compare our proposed method with existing
state-of-the-art (SOTA) RGB-based methods: Synthesis [14],
MSOS [16], and OLD-Net [15]. As far as we know, these
works are the SOTA methods trying to solve category-level
pose estimation using a single RGB image. Please note that
MSOS can use one pixel depth value per object to boost
the performance, we only report their RGB setting for a fair
comparison. The quantitative results are shown in Table 1. It
is obvious that our method significantly outperforms previous
RGB methods in terms of rotation accuracy (i.e. 10°),
demonstrating the strong ability in correspondence learning.
More specifically, our method is 7.4% and 22.5% higher than
OLD-Net w.r.t. 10° metric on CAMERA25 and REAL275
datasets, respectively. For translation and 3D IoU metrics,
our method also achieves competitive results, especially for
the strictest loU75 metric on REAL275, where our method is
3.1% higher than MSOS. This proves the effectiveness of our
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TABLE I

QUANTITATIVE COMPARISONS OF SOTA RGB-BASED METHODS ON CAMERA25 AND REAL275 DATASETS.

Method CAMERA25 REAL275
IoUS0 ToU75 10cm  10° 10°10cm | IoUS0 ToU75 10cm  10°  10°10cm
Synthesis - - - - - - - 34.0 14.2 4.8
MSOS 32.4 5.1 29.7 60.8 19.2 234 3.0 395 292 9.6
OLD-Net 32.1 5.4 30.1 74.0 234 254 1.9 38.9 37.0 9.8
Ours 34.6 6.5 323 814 274 28.3 6.1 373 59.5 23.6
TABLE I
VALIDATIONS OF OUR DESIGN CHOICE ON DIFFERENT INPUT MODALITIES.
Input modality CAMERA25 REAL275
point cloud depth normal | IoUS0 IoU75 10cm  10° 10°10cm | IoUS0 IoU75 10cm  10°  10°10cm
- - 33.8 6.4 320 76.0 25.7 23.3 6.6 332 439 19.5
v - 343 6.2 31.7 79.2 26.3 23.8 6.9 324 56.8 21.5
v v 34.6 6.5 323 814 27.4 28.3 6.1 37.3  59.5 23.6
proposed metric scale recovery. The overall performance of 100 0o L — B
our method under the 10°10cm metric hence surpasses other AR | [ =
approaches by a large margin (4.0% and 13.8% higher than 5 |
OLD-Net on both datasets) due to the improvements in both g —
rotation and translation estimation. $ 404 ‘\\ s
The qualitative results of our method are shown in Fig- < iptop
. . . . . 1 \\ )
ure 2. We visualize the estimated object pose and size in S men
. . . . 0 | | . L | | : ===
projected 3D bounding boxes (red) and object coordinate o 25 0 75 1000 20 40 60 0 5 10
axes. Ground truths are also presented in green bounding percent peoree centmeter
boxes for reference. It can be seen from the figures that 100 3D1ov B Transiation
our method is able to generate considerably tight bounding
boxes around objects, thereby reflecting its faithfulness in 5
metric scale recovery. Moreover, through the orientation of g =T
projected axes, we can discover the prediction consistency é” b
across categories. < — torop
We further present a more detailed analysis of average =1 o mean
precision (AP) against different error thresholds in Figure 3. 0 60 0 10

It clearly shows the different performances of each category
regarding 3D IoU, rotation error, and translation error. Gener-
ally speaking, the performance on CAMERAZ2S is better than
REALZ275, partially because of the insufficient training data
and cluttered backgrounds in real scenarios. As for evaluation
metrics, our method outperforms the baseline NOCS [10], a
RGBD-based method, in terms of rotation error for almost
all categories, except for the camera class. By comparing
different categories w.r.t. 3D IoU and translation error, we
can discover that the performance of the bottle and camera
class is often inferior to that of other object categories. This
probably results from the large shape variation within these
two classes. We will discuss it in detail in Section IV-D.2.

D. Ablation Studies

1) Different Input Modalities: Apart from the single RGB
image and category-level shape prior, we also input addi-
tional geometric information into our pipeline to help build
2D-3D correspondences. Therefore, we conduct an ablation
study on different formats of geometric information to justify
the design choice of our method. Here, we mainly test on
three representations, i.e. 3D point cloud, depth map, and
normal map. In Figure 4, we show some examples of gener-
ated 2.5D sketches for all 6 categories on both CAMERA25

Degree Centimeter

Fig. 3. Average precision vs. error thresholds on CAMERAZ2S (top) and
REAL275 (bottom).

and REAL275. These 2.5D geometric cues can roughly
restore the instance-level information according to the input
image patch. The point cloud used for evaluation is then
back-projected from the (relative) depth map using intrinsics
provided by NOCS datasets, and we further normalize it
into a unit sphere to ease the difficulty of training. We also
change the feature extractor to PointNet++ [31] to cope with
unordered point sets.

We report the results in Table II. Despite point clouds
directly coming from predicted depth maps, they have quite
different performances in terms of the 10° metric, where the
depth-only setting is 3.2% and 12.9% higher on CAMERA?25
and REAL275, respectively. This is probably caused by the
sparse sampling of depth maps. When dealing with 2.5D
representations, the large receptive fields of CNN can enable
certain robustness to noise, thus extracting more distinctive
features. While the sampling of depth maps, instead, magni-
fies the impact of outliers due to the sparsity of point clouds.
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TABLE III
EFFECTS OF OUR PROPOSED SCALE OFFSET REGRESSION BRANCH.

Scale CAMERA25 REAL275
mean scale  scale offset | IToU50 IoU75 10cm  10° 10°10cm | IoU50 IoU75 10cm  10° 10°10cm
v - 23.1 3.6 212 814 18.1 30.1 3.1 42,0 544 26.7
v v 34.6 6.5 323 814 27.4 28.3 6.1 373 595 23.6
Os

Fig. 4. Examples of generated 2.5D sketches. We show the image patch,
depth map, and normal map for all 6 categories (i.e. bottle, bowl, camera,
can, laptop, and mug) on REAL275.

Furthermore, we discover that the combination of depth and
normal maps has a positive influence on correspondence
learning, resulting in 2.2% and 2.7% improvements on the
10° metric on CAMERA25 and REAL275, respectively. This
eventually validates our design choice of input modalities for
additional geometric information.

2) Effect of Scale Recovery: To evaluate the effectiveness
of our proposed metric scale recovery strategy, we report the
results with and without the usage of relative scale offset
in Table III. It is well-known that recovering the metric
scale from a single image is a highly ill-posed problem
due to the ignorance of depth information. However, we
manage to restore this value by leveraging the category-level
statistics (i.e. mean scale) collected from datasets. The first
row shows a particular case where only the mean scale of
each category is used for object pose estimation. It already
starts giving promising results compared to previous RGB-
based methods, yet fine-tuning with relative scale offset (see
the second row) can further boost the performance. We can
observe consistent improvements on CAMERA?2S5 while the
performance slightly degrades on REAL275 regarding IoU50
and 10cm metrics.

To better understand the possible reasons behind this
phenomenon, we calculate the standard deviation of ground
truth metric scales w.r.t. the mean scale of each category

2 (59t = 5¢)?
k

where k denotes the number of instances within each cate-
gory. This is illustrated in Figure 5. It clearly shows that
synthetic objects and real objects in both datasets have
roughly similar standard deviations, except for the bowl and
camera classes. As for these two categories, the variation
around the mean scale on the REAL dataset is higher than the
CAMERA dataset. Besides, there is not enough training data
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Fig. 5. The standard deviation of ground truth metric scales w.r.t. the mean
scale of each category on both CAMERA and REAL datasets.

in the REAL dataset so the network training is dominated by
synthetic data. All of these factors combined may account
for the degradation. Last but not least, the bottle, camera,
and laptop classes have top3 highest standard deviations due
to the large intra-class dissimilarity. This partially explains
why they are inferior to other categories in category-level
pose estimation.

E. Limitations

Through extensive experiments on the NOCS benchmark,
we have witnessed a discrepancy between synthetic and real
datasets. This may be caused by several reasons. First, the
quality of predicted 2.5D sketches is generally better for
synthetic objects than real objects. Take the predictions in
Figure 4 for example. The generated depth maps and normal
maps appear blurrier on the edge of real objects due to
the shadows and cluttered backgrounds. Second, real-world
instances tend to have larger shape variations as indicated in
Figure 5, and certain categories need to be taken care of to
deal with the inherent intra-class dissimilarity in category-
level object pose estimation. Therefore, our future work will
focus on compensating for the domain gap between synthetic
and real data.

V. CONCLUSIONS

In this paper, we have presented a decoupled approach for
RGB-based category-level object pose and size estimation,
where 6D rigid transformation and metric scale are computed
separately. This strategy benefits the 6D pose estimation
a lot as we explicitly stop the error propagation resulting
from imperfect scale predictions. We leverage rich geometric
information to build reliable 2D-3D correspondences, and a
direct scale regression branch is used to recover the metric
scale. Through extensive experiments, our proposed method
has demonstrated significant improvements over existing
SOTA RGB-based approaches.
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