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2D-3D Object Shape Alignment for Camera-Object Pose Compensation
in Object-Visual SLAM
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Abstract—1In this study, we propose an object shape align-
ment method through a robust optimization scheme for 6-
degrees-of-freedom (DOF) object pose compensation. Although
the pose estimation of the 3D object by the camera has been
rapidly improved in recent years with the development of
deep learning, the estimate still contains errors due to several
factors. To compensate for this, we perform a shape alignment
between the 2D segmentation of the object and the projection
of the 3D object in the image plane. To avoid convergence
to a local minimum in nonlinear optimization, we separate
the pose into translation and rotation. This approach derives
the optimization of a linear form in terms of a translation
with reduced computational cost. For the rotation, the parallel
optimization is performed with multiple initial values, reflecting
to the uncertainty of an initial value. We formulate an invariant
extended Kalman filter (EKF)-based object-visual simultaneous
localization and mapping (SLAM) with a camera-object relative
pose as the measurement model. To verify the performance
of the proposed algorithm, we present the improved results
of camera-object relative pose accuracy and localization and
mapping accuracy in the several sequences of YCB-video
dataset.

I. INTRODUCTION

The semantic perception of an object is essential to
perform robotic tasks such as object manipulation or ex-
ploration to find an object. For this purpose, the problem
of classifying objects and estimating their 6-DOF pose in
3D space has been widely studied. Classically, there are
methods in the field of computer vision research to estimate
the 6-DOF pose of a 3D object based on template/feature
matching [1]-[7]. Recently, with the development of deep
learning, pose estimation of an object has become one of
the major research interests, and learning-based 3D object
pose estimators have been actively proposed [8], [9]. With
this advance, it is possible to obtain a pose estimate with
higher accuracy than a model-based pose estimator. To obtain
a probabilistic solution of the object pose expressed in a fixed
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Fig. 1. The shape alignement between a projection of 3D object estimate
and 2D segmentation of an object.

frame, it is necessary to map the object measurements from
the camera frame to a fixed frame. For tasks that require
real-time processing, like high-level robotic tasks, object
pose estimation should be performed with localization based
on the SLAM framework. Recently, object-visual SLAM
research has been actively pursued with progress in robotics
[10], [11]. However, one of the remaining issues is how to
deal with measurement errors obtained from a deep neural
network (DNN). If there is an error in the relative pose esti-
mate between the camera and the object, it will be propagated
to the localization and mapping errors. Since the probabilistic
error distribution of learning-based measurements is difficult
to model mathematically, it is also difficult for the estimator
to reflect the uncertainty of a measurement. This means that
the performance of an estimator, such as optimal information
fusion and consistency of estimation, can be degraded by
unknown uncertainty. Unfortunately, state-of-the-art 6-DOF
pose estimators also have inevitable errors caused by camera
resolution, clutter, occlusion, motion blur, and unknown error
of a neural network, etc.

In this study, we propose a method to compensate the
error of the 6-DOF camera-object relative pose obtained
from a learning-based pose estimator. As shown in Fig. 1,
the shape alignment of a projected 3D object with a 2D
object segmentation in the image plane is performed by the
proposed robust optimization scheme. For the convergence
of the 6-DOF pose with a high dimension compared to
the 2D measurement in the image plane, the optimization
framework is composed of two sequential procedures. First,
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The overview of our algorithm. From the raw image, 2D segmentation and object pose estimate are extracted by DNN. They are used to obtain

more accurate object pose through 2D-3D shape alignment. Finally, object SLAM is performed using the compensated pose.

linear translation compensation, by decoupling translation
and rotation, is performed to obtain an accurate initial value
for nonlinear optimization. Second, an iterative closest point
(ICP) [12] is performed in the 2D image plane for a 6-DOF
pose compensation with multiple initial values considering
robustness. The obtained measurements are processed in an
estimator formulated based on an invariant EKF to perform
object SLAM with consistent estimation. We present im-
proved accuracy of the proposed method through a real-world
dataset [13].

o We perform to align a projection of 3D object in the
image plane to 2D segmentation using the proposed ro-
bust optimization scheme. This enable to obtain accurate
6-DOF camera-object relative pose measurements.

o« We formulate an invariant EKF-based object-visual
SLAM using the camera-object relative pose compen-
sated by a proposed shape alignment.

« We show the improved results of measurement, local-
ization, and mapping by the proposed method on several
sequences of the YCB-video dataset.

II. RELATED WORKS

The 6-DOF pose estimation of an object had been tra-
ditionally studied based on modeling before learning-based
methods led the field. There have been studies on template-
based methods to derive a pose estimation solution using
similarity in a template [1]-[4] and feature-based methods
to obtain it through 2D-3D feature correspondence [S]—
[7]. Early studies on learning-based object pose estimation
have been proposed [4], [6], [14], including poseCNN [13],
which is an end-to-end 6-DOF pose estimation algorithm
with robustness to occlusion. Relatively accurate 2D mask
of an object could be obtained as an improvement of
2D segmentation research [15], and CosyPose [8] provides
accurate 6-DOF pose estimate of an object based on 2D
mask with high quality. Recently, in the BOP Challenge
2022, [17], GDR-Net [16], and ZebraPose [9] showed high
performance in object segmentation. Although the accuracy
of object pose estimation has improved recently, there is still
an inherent error due to the various factors mentioned in the
introduction. Y. Hu et al. [18] fuses the corner point of the 3D
bounding box (Bbox) and the 2D segmentation of an object
using RANSAC and EPnP [19] to obtain the object pose.
ContourSLAM [20] formulates the measurement by aligning
the 2D segmentation and 3D object model contours using
the RGB-D camera with depth information. In this study, we
propose the optimization scheme to compensate the relative

camera-object pose by aligning a projection of the 3D object
model to the 2D object segmentation in the RGB camera.
Our work enables object shape alignment even for an RGB
camera that cannot obtain direct depth measurements from
the sensor.

In object-visual SLAM, the object is often modeled as
a 3D Bbox [10], an ellipsoid [21], or segmented based on
a CAD model [22] if available. We select the 3D object
model considering the more precise representation of the
object. An invariant EKF has been proposed for consistent
state estimation, which allows linearization to be performed
independently with the estimate [23]. It has been actively
used in state estimation problems in robotics due to its
robustness to linearization points [11]. In this study, we
formulate an invariant EKF to jointly estimate the state of
the object and the camera with prior knowledge of the object
model.

III. 2D-3D SHAPE ALIGNMENT

In general, the 6-DOF pose estimation of an object is a
more difficult problem than the 2D segmentation of an object
in the image plane, due to its relatively high dimensionality.
Motivated by this, our goal is to compensate the 6-DOF pose
of an object from DNN using the 2D segmentation of the
object. An overview of our algorithm is shown in Fig. 2.
DNN extracts a 2D segmentation estimate as output from the
raw image and uses it as input to estimate the 6-DOF object
pose. In the proposed method, the 2D segmentation output is
again used to compensate the object pose from a final output
of DNN. Using the compensated pose as a measurement, an
invariant EKF-based object-visual SLAM is performed.

The details of object shape alignment are as follows. The
3D object is projected onto the image plane to align with
the 2D segmentation of the object in the image plane. The
two 2D point clouds on the image plane are aligned by
the optimization. Since this problem optimizes a 6-DOF
pose with 2D measurements, a converged solution is highly
sensitive to the initial values. To address these limitations,
we propose an optimization scheme that consists of linear
optimization, decoupling of translation and rotation, and
nonlinear optimization with multi-start points considering the
uncertainty of an initial value.

A. Linear optimization formulation by decoupling pose

The 6-DOF relative pose of a camera-object is defined
by its translation and rotation. The z-axis translation ¢z, of
an object expressed in a camera frame is related to a scale
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Fig. 3. (a) The scale result according to a z-axis translation. (b) The offset
result according to a x-axis and y-axis translation.

of an object as shown in Fig. 3(a). Assuming that there is
not rotation error of the object, a scale in an image plane
is inversely proportional to t,, which includes the intrinsic
parameter, as

§= ¢ (D)

where s is a scale of an object, § is a projected scale in a
image plane, and f is the focal length among the camera
intrinsics. By expressing the scale of two point clouds as
a ratio, we derive the relationship between scale and z-axis
translation,

.
s S Cst
b b @)
S ths tz

where
€81, =Cr. —C1.. (3)

Cf, is an estimate of the z-axis translation and ¢ §t, is error of
the z-axis translation. The scale corresponds to the perimeter
in the image plane. To calculate this, the boundaries of the
two point clouds are extracted. This also serves to lighten
ICP algorithm [12], which will be introduced in Section III.
B, matching only the sets of boundary points. Rephrasing (2)
with the perimeter calculated from the boundaries instead of
the scales yields

Cﬁtz = sz(p, -1) 4
where
Pr= ﬁ/ﬁ (5)

p is a perimeter of 2D object segmentation in an image plane,
p is a projected perimeter of 3D object, and p, is a ratio
between these perimeters. This results in the optimization
problem described in

Cox . -
o1; = argrglgtrzll\l Pl (6)

with a closed-form solution as
Cpe _Cp | C
fr ="t +"61]. (7

As shown in Fig. 3(b), the x.y axis translations %, “t, of
an object in the camera frame are converted by the pixel
translations ’t,, ’t, in the image plane. Applying this to the
two sets of boundary points results in

'] [fC /) +ex
o = [ltv} B [f (“1y/ Clx)‘“'j ®)

Loss function vs. yaw error

® Nominal pose O Sigma pose

Fig. 4. The loss function and sigma pose definition in terms of yaw error.

where ’t, and ', are the pixel coordinates in an image plane,
respectively, and ©z, and Cty are the x and y coordinates
of point in a camera frame, respectively. ¢, and ¢, are the
principal point offsets of each axis among camera intrinsics.
The equation between a translation error of x, y coordinates
€5ty and a pixel error /8t,, is as

€5t Ct18t,/f]  Ci.
€5t :[ x}:[ NP ]:”&w 9
Xy C&y Ctz15lv/f f )

where

~

€8ty = Ctyy — by and 18t ="ty — 1. (10)

To apply this equation to correct the pose of an object, /St
is calculated as the offset between the centroids of the set
of boundary points in the image plane. Similar to the z-axis
optimization problem, the optimization problem expressed in

CSex : 1
6txy—arggr§igH Ot,l| (11)
has a closed-form solution as
“t, =Cty + 8t (12)

assuming that €8z, and roatation errors are small. The
translation part in the assumption is reasonable due to
the compensation of €7, from (7) and the rotation part is
described in Section III. B. This linear optimization form
enables to obtain a precise initial translation estimates as
only a sum and product with little computation. This is the
first step in the proposed optimization scheme providing the
accurate initial values of the nonlinear optimization for 6-
DOF pose in the next subsection.

B. 2D-ICP in terms of 6-DOF pose

We construct 2D-ICP in the image plane to estimate the
camera-object pose. However, unlike the corrected initial
value for translation in Section III.A, the initial value for
rotation is a raw measurement from the DNN-based object
pose estimator. In the problem of estimating 6-DOF pose
with a loss in the 2D image plane, an inaccurate initial value
greatly increases the risk of convergence to a local minimum
more than in general 3D-ICP for 6-DOF pose. To address
this, we formulate the optimization approach with multi-start
points about each rotation. Fig. 4 shows the 2D-ICP loss as
a function of the object’s yaw axis error. To converge to the
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Fig. 5. A visualization of the 2D-3D shape alignment process. 2D segmentation and 3D object projection are obtained from the DNN and the object model.
Their boundaries are used for linear optimization of translation and 2D-ICP is performed using accurate initial values. In order to satisfy the assumption

for pose decoupling, the entire framework is iterated.

appropriate minimum, it is assumed that there is uncertainty
¥ in the initial value of rotation. The sigma pose ¢ is then
given by the nominal pose ¢ and the standard deviation &
about each axis as
0 = ¢ +noy and ¢ —noy
O = 0 +noy and 0 —noyg
Y5 = Y +noy and Y —noy.

(13)

The initial poses & are composed of a nominal pose and
2n sigma poses about each rotation axis, and the number of
initial values is (27+1)3. We set n = 1 and process them
in parallel considering the computational complexity. The
optimization of an object pose is performed with multiple
initial rotation values as

YA“OC* = argminmin Z e (14)
15 & 1p0p
where
e=|"p—h(°p)|* and h(%p) = T(RG'P+ ts).  (15)

& is a component in € and 7 is the projection function
of point from a camera frame to the image plane. “p is a
projected boundary point in the image plane obtained from a
point cloud of the object model and ’p is a boundary point in
the image plane from 2D segmentation. Rg and t,, are the
rotation and the translation from TOC . (14) is solved iteratively
by the Gauss-Newton method including a regularization term
with respect to a displacement to an initial value, and the
details are as shown in
Sikr1 =S~

JTT+un="Te (16)

where I Ale ACw
79'p d'p I°p
' 9P &,
To satisfy the assumption of a small rotation error in Section
III. A, the entire framework in Section III is carried out m

J==2("p—h()) (17)

times, where m is a hyperparameter set to 2. Lastly, we set
the convergence criterion of the optimization based on the
magnitude of the final loss as

7§ =15, if Ve <A. (18)

Ve is a mean of the distance of matched points and A is set
to 10 pixel. If the shape alignment does not converged, we
use the raw Tg obtained from the object pose estimator. The
overall shape alignment process is shown in Fig. 5.

IV. OBJECT-VISUAL SLAM

In this section, we describe how to formulate object-
visual SLAM with camera-object pose measurements using
an invariant EKF [11] based on the optimal error formulation
for SE(3). Our state is described by

X =(18.15,...T5). (19)

i is the number of mapped objects. The system model for the
invariant EKF can be obtained from various sensors, such as
IMU, odometer, etc., as

d

ZIE() = TE (Dexp((u(r) +no(1))")

u(t) is an odometry measurement and ny(f) is its noise.
exp((-)") is an exponential mapping from se(3) to SE(3)
in Lie theory. We express the camera-object relative pose
measurement model for filter update as

Y1) = TG () T3 () exp(my (1))

Y;(t) is a camera-object relative pose measurement at time
t and m,(#;) is an measurment noise and n, ~ N(0,672). We
set n, adaptively depending on whether the shape alignment
converges or not as

(20)

2n

o, — ko,, if (17).is converged, 22)
o,, otherwise

and k is set to 0.5.
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TABLE I
ROOT MEAN SQUARE ERROR (RMSE) OF MEASUREMENT, LOCALIZATION, AND MAPPING IN YCB-VIDEO DATASET

Measurement Localization Mapping
CosyPose Proposed CosyPose Proposed CosyPose Proposed
rot[deg] trans[cm] rot[deg] trans[cm] att[deg] pos[cm] att[deg] pos[cm] att[deg] pos[cm] att[deg] pos[cm]
seq.00 4.12 1.12 3.20 2.03 8.41 577 6.66 5.32 14.72 14.43 10.28 12.26
seq.00+rot. 7.52 1.12 8.81 2.92 14.42 4.69 10.67 5.71 17.05 14.71 13.40 16.87
seq.00+trans.  4.12 9.96 3.26 5.55 8.31 6.80 5.79 6.44 16.71 17.81 8.73 11.87
seq.00+total 7.52 9.96 5.99 6.86 14.15 6.49 11.41 6.91 19.41 17.81 12.52 16.55
seq.25 2.39 0.91 2.16 2.37 4.76 6.03 3.11 5.98 0.97 1.42 0.82 1.37
seq.25+rot. 5.83 0.91 4.92 2.69 8.79 6.66 591 6.35 2.32 3.21 1.59 1.99
seq.25+trans.  2.39 891 2.14 6.54 4.41 8.08 3.28 6.57 0.73 1.78 0.95 1.60
seq.25+total 5.83 8.91 5.17 6.85 8.35 9.41 6.17 7.52 2.11 3.48 1.73 2.28
seq.72 4.44 2.51 4.00 2.57 8.95 8.21 6.81 8.90 223 1.99 1.80 1.05
seq.72+rot. 6.87 2.51 6.26 2.70 13.93 8.52 9.82 9.50 2.86 2.99 2.10 2.16
seq.72+trans.  4.44 9.11 4.02 6.51 9.51 7.82 7.29 8.70 2.50 2.18 2.02 1.46
seq.72+total 6.87 9.11 6.26 6.49 14.39 8.96 10.63 10.00 3.03 2.86 2.38 2.29
seq.76 5.37 2.44 4.90 2.74 9.15 5.64 6.98 5.81 3.11 2.90 2.60 2.50
seq.76+rot. 7.76 2.44 7.02 2.81 13.08 7.34 10.00 7.08 3.58 3.51 2.95 2.62
seq.76+trans.  5.37 9.49 4.91 7.76 9.97 6.04 6.40 5.77 3.33 3.17 2.25 2.62
seq.76+total 7.76 9.49 7.13 7.58 13.87 7.03 10.55 7.27 3.84 3.84 3.11 3.55

V. EXPERIMENTS

To validate the proposed method, we evaluate the accuracy
of three parts in the several sequences of YCB-Video dataset
[13]. We compute an average of the rotation/translation root
mean square errors (RMSE) from the camera-objects relative
pose errors for the validity of a shape alignment method, and
the localization/mapping RMSE of object-visual SLAM for
the accuracy of an entire algorithm. In detail, localization
refers to the camera’s pose estimation and mapping refers to
the object’s pose estimation. The mapping RMSE represents
the average of the pose RMSEs of the estimated objects.

In the proposed algorithm, we adopt CosyPose [8] without
the refine module as a learning-based camera-object pose
estimator, considering both a low computational burden and
an accuracy of a pose estimation. For an evaluation of
the proposed shape alignment, we selected our algorithm
using the raw measurement obtained by CosyPose as a
comparison. To demonstrate the robustness of the proposed
algorithm in a challenging condition where convergence is
difficult due to initial errors, we perform an analysis in a
situation where the measurement error is relatively large.
We apply rotation error, translation error, and errors of both
rotation and translation to the relative pose obtained from
cosypose, which correspond to seq.+rot., seq.+trans., and
seq.+total, respectively, in Table I. We implement this by
introducing a white zero-mean Gaussian error to the relative
pose measurement and setting the standard deviations for the
introduced rotation and translation to ©,,; = 3deg and Gyrans
= 5cm. We perform object-visual SLAM using keyframes of

Mean

Mean

the number of errors.

4 6

6 -4 2 0 2 4 6 6 -4

56 [deg]

-2 0 2
50 [deg] 50 [deg]

Fig. 6. The rotation error distributions of the single object pose estimate
from CosyPose in seq.00 of the YCB-Video dataset.

1 Hz, considering that the motion in the dataset is small.
It also assumes a non-symmetric, non-occluded object, and
the uncertainty X for multiple initial values is set to 12 deg
for each rotation axis, considering an error distribution of
the object pose from CosyPose as shown in Fig. 6, which
expresses each element of ©§¢. The distributions are biased
from the zero-mean and slightly different from the Gaussian
distribution.

As shown in Table I, we can see that in the original se-
quences, the rotation error is improved by using the proposed
method compared to CosyPose. The translation error shows a
different tendency from the rotation error, which is due to the
error contained in the 2D segmentation measurements rather
than a flaw in the proposed optimization scheme. The projec-
tion of the 3D object and the 2D segmentation have different
shapes. For example, in Fig. 5, the shapes between the tops
from the segmentation (yellow) and the projection (blue) of
the object model of the same bottle are different. This results
in inaccurate centroids and perimeters used for translation
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TABLE I
OBJECT POSE RMSE ACCORDING TO THE COMPENSATION METHODS

rot[deg]/trans[cm]  CosyPose  2D-ICP* Proposed
seq.00+trans. 4.12/9.96  4.84/9.53  3.26/5.55
seq.25+trans. 2.39/891  4.22/8.35  2.14/6.54
seq.72+trans. 4.44/9.11 5.47/8.34  4.02/6.51
seq.76+trans. 5.37/9.49  6.21/8.66 4.91/1.76

* 2D-ICP means the compensation without the linear optimization.

compensation. We predict that these shape differences will be
reduced when the accuracy of the 2D segmentation algorithm
is improved according to the progress of deep learning. In the
case where the rotation and translation measurements have
an initial error, the RMSE of the measurements is reduced
in both cases. Instead of converging to an inappropriate local
minimum depending on the initial pose error, the proposed
algorithm effectively performs 2D-3D shape alignment due
to the robust design of the optimization scheme. Even when
the initial rotation error and the initial translation error
are combined, each initial error has little effect on the
convergence of the other. For example, the rotation RMSE
for seq.25+rot. and seq.25+total have similar values, as do
the translation RMSEs for seq.25+trans. and seq.25+total.
These results are interpreted to reflect the decoupling of
translation and rotation to make the optimization robust to
an initial error of their opposite. For a thorough validation
of the proposed optimization scheme, the results of 2D-ICP
without decoupling pose are shown in Table II. The proposed
optimization scheme consistently yields lower error levels for
several sequences than using only 2D-ICP. It shows that the
linear optimization with decoupling has an effective role in
compensating the pose by providing an accurate initial value.

The localization and mapping RMSEs in Table I show that
the attitude and position of a camera and an object are es-
timated proportionally to the accuracy of the measurements.
Overall, the attitude and position RMSE of the proposed
method are improved compared to the case of using the raw
measurement of CosyPose. In Fig. 7, for all conditions in

ground truth
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05+
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(b) Proposed

The estimated trajectories using the CosyPose and the proposed method are shown in (a) and (b) in the top view, respectively.
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Fig. 8. Localization error and an estimated 30 of the proposed algorithm
in seq.25+total.

seq.25, the proposed method shows overall results close to
the ground truth compared to CosyPose. For seq.25+total,
which has the worst relative pose, the localization error and
the 30 from the estimated error-covariance are plotted in
Fig. 8. Even in the most challenging case, the estimation
performance satisfies the consistency of the filter in one-shot.

VI. CONCLUSION

In this study, we have proposed a shape alignment method
between a projection of a 3D object and a 2D segmentation of
an object. To compensate the 6-DOF pose of an object from
2D measurements in the image plane, we design a robust op-
timization scheme by decoupling translation and rotation and
introducing multiple initial values for nonlinear optimization
based on uncertainty. We formulate an invariant EKF-based
object-visual SLAM. The results show the validity of the
proposed method in correcting the raw measurements and
improving the localization and mapping results. Our future
work includes the extension of the proposed pose compen-
sation concept to occluded objects.
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