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Abstract

Tracking objects in 3D space and predicting their 6DoF
pose is an essential task in computer vision. State-of-the-
art approaches often rely on object texture to tackle this
problem. However, while they achieve impressive results,
many objects do not contain sufficient texture, violating the
main underlying assumption. In the following, we thus pro-
pose ICG, a novel probabilistic tracker that fuses region
and depth information and only requires the object geom-
etry. Our method deploys correspondence lines and points
to iteratively refine the pose. We also implement robust
occlusion handling to improve performance in real-world
settings. Experiments on the YCB-Video, OPT, and Choi
datasets demonstrate that, even for textured objects, our ap-
proach outperforms the current state of the art with respect
to accuracy and robustness. At the same time, ICG shows
fast convergence and outstanding efficiency, requiring only
1.3ms per frame on a single CPU core. Finally, we analyze
the influence of individual components and discuss our per-
formance compared to deep learning-based methods. The
source code of our tracker is publicly available1.

1. Introduction
For many applications in robotic manipulation and aug-

mented reality, it is essential to know the six degrees of free-
dom (6DoF) pose of relevant objects. To provide this infor-
mation at high frequency, 3D object tracking is used. The
goal is to estimate an object’s position and orientation from
consecutive image frames given its 3D model. In real-world
applications, occlusions, motion blur, background clutter,
textureless surfaces, object symmetries, and real-time re-
quirements remain difficult problems. Over the years many
approaches have been developed [29, 69]. They can be dif-
ferentiated by the use of keypoints, edges, direct optimiza-
tion, deep learning, object regions, and depth images.

While methods based on keypoints [38, 47, 48, 54, 61],

1https://github.com/DLR-RM/3DObjectTracking

Figure 1. Tracking of a pentagon object for robotic manipulation.
The image on the left shows an overlay of the object model for the
predicted pose. On the right, probabilities that a pixel belongs to
the background are encoded in a grayscale image. Correspondence
lines are shown in yellow, with high probabilities indicated in red.
Projected correspondence points are illustrated in blue.

edges [12, 17, 20, 52], and direct optimization [1, 13, 34, 53]
were very popular in the past, multiple drawbacks exist.
Both keypoints and direct optimization are not suitable for
textureless objects. Edge-based methods, on the other hand,
typically struggle with background clutter and object tex-
ture. Further problems emerge from reflections and mo-
tion blur, which change the appearance of both texture and
edges. To overcome those issues, data-driven techniques
that use convolutional neural networks (CNNs) have been
proposed [15, 31, 62, 64]. While most of those methods re-
quire significant computational resources and a detailed 3D
model, they achieve promising results. For the tracking of
textureless objects in cluttered environments, region-based
techniques have also become very popular [42, 56, 60, 73].
Furthermore, the emergence of consumer depth sensors
has enabled additional trackers that do not rely on texture
[11, 24, 37, 51, 66]. Finally, while all those methods can
be used independently, many approaches demonstrated the
benefits of combining different techniques [25, 26, 44, 59].

In the past, it was shown that a combination of region
and depth has great potential for the tracking of texture-
less objects [25, 44]. However, while region-based tech-
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niques improved greatly with respect to efficiency and qual-
ity [55, 56], no recent combined approach exists. In the fol-
lowing, we thus build on current developments and propose
ICG, a highly efficient method that fuses geometric infor-
mation from region-based correspondence lines and depth-
based correspondence points. An illustration of the used
correspondences is shown in Fig. 1. In a detailed evaluation
on three different datasets, our method demonstrates state-
of-the-art performance compared to both classical and deep
learning-based techniques. In addition, given that only few
such comparisons were conducted in the past, we are able
to gain new insights into the current state of deep learning-
based object tracking and pose estimation.

2. Related Work
In the following, we provide an overview on region-,

depth-, and deep learning-based techniques. Region-based
methods typically use color statistics to model the prob-
ability that a pixel belongs to the object or to the back-
ground. The object pose is then optimized to best explain
the segmentation of the image. While early approaches
treated segmentation and optimization separately [6,46,50],
subsequent work [14] combined the two steps. Later, the
pixel-wise posterior membership of [3] was used to develop
PWP3D [42]. Based on this method, multiple combined ap-
proaches that incorporate depth information [25, 44], edges
[30, 57], inertial measurements [41], or use direct opti-
mization [32, 33, 72] were developed. In addition, it was
suggested to localize the probabilistic segmentation model
[22, 60, 73]. Different optimization techniques such as par-
ticle filters [71], Levenberg Marquardt [41], Gauss Newton
[60], or Newton with Tikhonov regularization [55,56] were
also proposed. Finally, starting from the ideas of [25], the
efficiency problem of region-based methods was addressed
with the development of the sparse tracker SRT3D [55, 56].

Depth-based methods try to minimize the distance be-
tween the surface of a 3D model and measurements from
a depth camera. Often, approaches based on the Itera-
tive Closest Point (ICP) framework [2, 9] are used. While
many variants exist [40, 49], all algorithms iteratively es-
tablish correspondences and minimize a respective error
function. For tracking, projective data association [4]
and the point-to-plane error metric [9] are very common
[25,37,39,59]. Apart from correspondence points and ICP,
methods that utilize signed distance functions are often used
[18,44,45,51]. In addition, approaches that employ particle
filters [10, 11, 27, 66] or robust Gaussian filters [24] instead
of gradient-based optimization are also very popular.

While deep learning has proven highly successful for
6DoF pose estimation [21, 28, 58, 63, 68], pure tracking
methods were only recently proposed. Many approaches
are inspired by pose refinement and predict the relative pose
between object renderings and subsequent images [31, 35,

64]. In addition, PoseRBPF [15] uses a Rao-Blackwellized
particle filter on pose-representative latent codes [58] while
6-Pack [62] tracks anchor-based keypoints.

3. Probabilistic Model
In this section, mathematical concepts and the used no-

tation are introduced. This is followed by an explanation of
the sparse viewpoint model. Finally, the probability density
functions (PDFs) for region and depth are derived.

3.1. Preliminaries

In this work, we use XXX =
[
X Y Z

]⊤ ∈ R3 and

the homogeneous form X̃̃X̃X =
[
X Y Z 1

]⊤
to describe

3D model points. Image coordinates xxx =
[
x y

]⊤ ∈ R2

are employed to access color values yyy = IIIc(xxx) and depth
values dZ = Id(xxx) from the respective color and depth im-
ages. With the pinhole camera model, a 3D model point is
projected into an undistorted image as follows

xxx = πππ(XXX) =

[
X
Z fx + px
Y
Z fy + py

]
, (1)

where fx and fy are the focal lengths and px and py are the
coordinates of the principal point.

To describe the relative pose between two reference
frames A and B, the homogeneous matrix ATTTB ∈ SE(3)
is used. It transforms 3D model points as follows

AX̃̃X̃X = ATTTBBX̃̃X̃X =

[
ARRRB AtttB
000 1

]
BX̃̃X̃X, (2)

with AX̃̃X̃X and BX̃̃X̃X a point written in the coordinate frames A
and B. The rotation matrix ARRRB ∈ SO(3) and the transla-
tion vector AtttB ∈ R3 define the transformation from B to A.
In this work, M, C, and D will be used to denote the model,
the color camera, and the depth camera frames, respectively.

For small variations of the pose in the model reference
frame M, we use the following minimal representation

MX̃̃X̃X(θθθ) = MTTT (θθθ)MX̃̃X̃X =

[
III + [θθθr]× θθθt

000 1

]
MX̃̃X̃X, (3)

where [θθθr]× is the skew-symmetric matrix of θθθr. The vectors
θθθr ∈ R3 and θθθt ∈ R3 are the rotational and translational
components of the full variation vector θθθ⊤ =

[
θθθ⊤r θθθ⊤t

]
.

3.2. Sparse Viewpoint Model

To ensure efficiency and avoid the rendering of the 3D
model during tracking, we represent the geometry using a
sparse viewpoint model [56]. In the generation process, the
object is rendered from a large number of virtual cameras
that are placed on the vertices of a geodesic grid all around
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Figure 2. Projection of a correspondence line from image space
into scale space. The correspondence line is defined by a center ccc
and a normal vector nnn. Pixels along the correspondence line are
combined into segments, which are illustrated in blue and yellow.
The number of pixels per segment is specified by the scale s = 2.
In the visualization, the pose-dependent 3D contour point XXX(θθθ),
which is associated with the correspondence line, is also shown. It
is used to compute the distance d(θθθ) from the estimated contour to
the center ccc. The transformation from r into the scale space rs is
indicated by dotted vertical lines. Note that the space is shifted by
∆r and scaled according to s, as well as the line angle.

the object. Similar to [59], image coordinates are then ran-
domly sampled on the contour and surface of the rendered
silhouette. For each coordinate, both the 3D point MXXX and
the 3D normal vector MNNN are reconstructed. Together with
the orientation that points from the camera to the model cen-
ter, those vectors are stored for each viewpoint. Given a
pose estimate, obtaining the contour and surface represen-
tation reduces to a search for the closest orientation vector.

3.3. Region Modality

In the following, we adopt the region-based approach of
SRT3D [55, 56] and modify it to incorporate a user-defined
uncertainty. In general, SRT3D considers region informa-
tion sparsely along so-called correspondence lines lll, which
cross the estimated object contour. Similar to the image
function IIIc, correspondence lines map coordinates r ∈ R
to color values yyy = lll(r). Each line is thereby defined by
a center ccc ∈ R2 and a normal vector nnn ∈ R2 in image
space. Both vectors are calculated by projecting a 3D con-
tour point XXX and an associated 3D normal vector NNN from
the sparse viewpoint model into the image to establish a cor-
respondence. In order to make correspondence lines more
efficient, SRT3D introduces a scale-space formulation that
combines multiple pixel values yyy into segments sss. The num-
ber of pixels is thereby defined by the scale s ∈ N+. In
addition, line coordinates r are scaled and shifted to make
correspondence lines independent of their orientation and
sub-pixel location. An illustration is shown in Fig. 2.

Like in most region-based methods, color statistics are
used to differentiate between foreground and background.
The probabilities p(yyy | mf) and p(yyy | mb) are approxi-
mated using normalized color histograms. They describe
the likelihood that pixel colors yyy are part of the foreground

or background model mf or mb. Based on those probabili-
ties, segment-wise posteriors are calculated as

psi(rs) =

∏
yyy∈sss

p(yyy | mi)∏
yyy∈sss

p(yyy | mf) +
∏
yyy∈sss

p(yyy | mb)
, i ∈ {f, b},

(4)
where the segment sss is defined by the coordinate rs. The
value describes the probability that a specific segment be-
longs to the foreground or background.

In addition to those measurements, theoretical probabil-
ities that depend on the location of the object contour are
developed. They are modeled by smoothed step functions

hf(x) =
1

2
− αh tanh

(
x

2sh

)
, (5)

hb(x) =
1

2
+ αh tanh

(
x

2sh

)
, (6)

with the amplitude parameter αh ∈ [0, 0.5] and the slope
parameter sh ∈ R+. Using the variated 3D model point

CX̃̃X̃X(θθθ) = CTTTMMTTT (θθθ)MX̃̃X̃X, (7)

the distance from the estimated contour to the correspon-
dence line center ccc is approximated in scale space as follows

ds(θθθ) =

(
nnn⊤

(
πππ
(

CXXX(θθθ)
)
− ccc

)
−∆r

)
n̄

s
, (8)

where n̄ = ∥nnn∥max projects to the closest horizontal or ver-
tical image coordinate, and ∆r ∈ R is an offset to a de-
fined pixel location. An illustration of the transformation is
shown in Fig. 2. Finally, based on those functions, SRT3D
estimates the PDF for the scaled contour distance as

p(ds(θθθ) | ωs, lll) ∝
∏
rs∈ωs

∑
i∈{f,b}

hi

(
rs − ds(θθθ)

)
psi(rs), (9)

with ωs the considered correspondence line domain.
Note that this PDF is defined in scale space. Thanks to

the proof in [55], we know that, under certain conditions,
the variance of the PDF is equal to the slope parameter sh
defined for the smoothed step functions hf and hb. Given
this variance, the expected unscaled variance in units of
pixels is σ2 = shs

2
/n̄2. In contrast to previous work, we

want correspondence lines to be independent of scale and
slope parameters. This has the advantage that for all cor-
respondence lines, the variance is defined in the same unit
of pixels. In addition, we want to define our confidence in
the region modality. Introducing the user-defined standard
deviation σr, the PDF in Eq. (9) is thus scaled as follows

p(θθθ | ωs, lll) ∝ p(ds(θθθ) | ωs, lll)
shs

2

σ2
r n̄

2
. (10)

The formulation helps to fuse the region modality with other
information, given a defined uncertainty. Also, as shown in
the supplementary, it improves results compared to SRT3D.
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3.4. Depth Modality

Based on ICP [2, 9], the depth modality starts with a
search for correspondence points. Similar to projective data
association [4], a 3D surface point XXX from the sparse view-
point model is first projected into the depth image. Given a
user-defined radius and stride, multiple 3D points within a
quadratic area are then reconstructed. Finally, a correspon-
dence point PPP ∈ R3 is selected as the point closest to the
point XXX . Correspondences with a distance bigger than a
threshold are rejected. Note that techniques such as normal
shooting [9, 19], and rejection strategies based on the me-
dian distance [16], the best percentage [43], and the com-
patibility of normal vectors [70] were also tested. However,
in the end, this simple procedure worked best.

For the probabilistic model, we formulate a normal dis-
tribution that uses the point-to-plane error metric [9]. The
distance between the 3D surface point XXX and correspon-
dence point PPP is thereby calculated along the associated
normal vector NNN . Given the correspondence point PPP , the
probability for the pose variation vector θθθ is written as

p(θθθ | PPP ) ∝ exp

(
− 1

2d2Zσ
2
d

(
MNNN

⊤(
MXXX−MPPP (θθθ)

))2)
(11)

with
MP̃̃P̃P (θθθ) = MTTT (−θθθ)MTTTDDP̃̃P̃P . (12)

Note that the user-defined standard deviation σd is scaled by
the depth value dZ of the correspondence pointPPP . The scal-
ing takes into account that the number and quality of depth
measurements decreases with the distance to the camera. In
addition, it also ensures compatibility with the uncertainty
of the region modality, which increases with the camera dis-
tance. In Eq. (11), we variate the correspondence point PPP
instead of the model. This has the advantage that the normal
vector remains fixed, and only one vector has to be variated.
Based on the derived PDFs for region and depth, we can
now optimize for the pose that best explains the data.

4. Optimization
In the following, we first introduce the Newton method

with Tikhonov regularization that is used to maximize the
probability. Subsequently, we define the gradient vector and
the Hessian matrix that are required in this optimization.

4.1. Regularized Newton Method

Assuming that measurements from both modalities are
independent, the joint probability function is written as

p(θθθ | DDD) =

nr∏
i=0

p(θθθ | ωsi, llli)

nd∏
i=0

p(θθθ | PPP i), (13)

with DDD the considered data and nr and nd the number of
used correspondence lines and correspondence points, re-

Model

Object

Image Plane

Figure 3. Optimization of the corresponding geometry. For blue
surface points and normal vectors, the probability given a red cor-
respondence point is illustrated by a normal distribution. For yel-
low correspondence lines, the discrete distribution is illustrated.
The location of 3D contour points is thereby projected to the image
plane. During optimization, the joint probability is maximized.

spectively. The joint optimization of correspondence lines
and correspondence points is visualized in Fig. 3.

To maximize the probability, multiple iterations, where
we calculate the variation vector θ̂̂θ̂θ and update the object
pose, are performed. In each iteration, the Newton method
with Tikhonov regularization is used as follows

θ̂̂θ̂θ =

(
−HHH +

[
λrIII3 000
000 λtIII3

])−1

ggg, (14)

where ggg is the gradient vector, HHH the Hessian matrix, and
λr and λt are the rotational and translational regularization
parameters. The gradient vector and the Hessian matrix are
thereby defined as the first- and second-order derivatives of
the logarithm of the joint probability function in Eq. (13).

The big advantage of the Newton formulation is that,
with the Hessian matrix, uncertainty is considered in all di-
mensions. This means that, in addition to weighting the
two modalities with σr and σd, it also takes into account
how well each correspondence constrains the different di-
rections. In addition, Tikhonov regularization acts as a prior
probability that controls how much we believe in the previ-
ous pose. For directions with little information, this regu-
larization helps to keep the optimization stable.

Finally, given the knowledge that θ̂̂θ̂θr corresponds to the
rotation vector of the axis-angle representation, we are able
to update the pose using the exponential map as follows

ATTT
+
M = ATTTM

[
exp([θ̂̂θ̂θr]×) θ̂̂θ̂θt

000 1

]
, A ∈ {C,D}. (15)

Note that, typically, either the pose with respect to the color
or the depth camera is calculated using Eq. (15). The other
is then updated using the known relative transformation.

4.2. Gradient and Hessian

Because the logarithm is applied in the calculation of the
gradient vector and the Hessian matrix, products turn into
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summations and, based on Eq. (13), we can write

ggg =

nr∑
i=1

gggri +

nd∑
i=1

gggdi, (16)

HHH =

nr∑
i=1

HHH ri +

nd∑
i=1

HHHdi, (17)

where gggri andHHH ri are calculated from individual correspon-
dence lines of the region modality, and gggdi and HHHdi are
based on correspondence points from the depth modality.

For the region modality, we apply the chain rule to cal-
culate gradient vectors and Hessian matrices as follows

gggri =
shs

2

σ2
r n̄

2
i

∂ ln
(
p(dsi | ωsi, llli)

)
∂dsi

∂dsi

∂CXXXi

∂CXXXi

∂θθθ

∣∣∣∣
θθθ=000

, (18)

HHH ri ≈
shs

2

σ2
r n̄

2
i

∂2 ln
(
p(dsi | ωsi, llli)

)
∂dsi

2

(
∂dsi

∂CXXXi

∂CXXXi

∂θθθ

)⊤

(
∂dsi

∂CXXXi

∂CXXXi

∂θθθ

) ∣∣∣∣
θθθ=000

.

(19)

Note that, similar to [55], second-order partial derivatives
for dsi and CXXXi are neglected. Using Eqs. (7) and (8), the
following first-order partial derivatives can be calculated

∂dsi

∂CXXXi
=

n̄i

s

1

CZ2
i

[
nxifxCZi nyifyCZi

−nxifxCXi − nyifyCYi

]
,

(20)

∂CXXXi

∂θθθ
= CRRRM

[
−[MXXXi]× III3

]
. (21)

To estimate the first- and second-order partial derivatives
for the posterior probability distribution p(dsi | ωsi, llli), we
use the same techniques as in [56] and differentiate between
global and local optimization. For global optimization, the
PDF is sampled over dsi, and the mean µi and variance σ2

i

are calculated to approximate a normal distribution. Based
on this normal distribution, derivatives are calculated as

∂ ln
(
p(dsi | ωsi, llli)

)
∂dsi

≈ − 1

σ2
i

(dsi − µi), (22)

∂2 ln
(
p(dsi | ωsi, llli)

)
∂dsi

2 ≈ − 1

σ2
i

. (23)

For local optimization, the two probability values corre-
sponding to the discrete distances d−si and d+si closest to dsi
are used to approximate first-order partial derivatives as

∂ ln
(
p(dsi | ωsi, llli)

)
∂dsi

≈ αs

σ2
i

ln

(
p(d+si | ωsi, llli

p(d−si | ωsi, llli)

)
, (24)

where αs is a user-defined learning rate. Second-order par-
tial derivatives are again calculated according to Eq. (23).

Finally, for the depth modality, gradient vectors and Hes-
sian matrices can be calculated using Eqs. (11) and (12)

gggdi = − 1

d2Zσ
2
d

MNNN
⊤
i

(
MXXXi − MPPP i

) [MPPP i×MNNN i

MNNN i

]
, (25)

HHHdi = − 1

d2Zσ
2
d

[
MPPP i × MNNN i

MNNN i

] [
MPPP i × MNNN i

MNNN i

]⊤
. (26)

5. Implementation

The following section provides implementation details,
discusses how ICG can be used for pose refinement, and
explains how occlusions are handled. For our implementa-
tion, we built on the code of SRT3D [56]. To generate the
sparse viewpoint model, the object is rendered from 2562
virtual cameras that are placed on a geodesic grid with a
distance of 0.8m to the object center. For each view, con-
tour and surface points are sampled and normal vectors are
approximated. For contour points, distances along the nor-
mal vector for which the foreground and background are
not interrupted are also computed. To ensure only one tran-
sition exists on a correspondence line, lines with at least one
of the two distances below 3 segments are rejected.

The two color histograms for foreground and back-
ground are discretized by 4096 equidistant bins. In their
calculation, the first 20 pixels from the line center are used.
During tracking, we update histograms once the final pose
was computed using the online adaptation of [3] with a
learning rate of α = 0.2. In addition to tracking, our algo-
rithm can also be used for pose refinement. In such cases,
we initialize histograms at each iteration before correspon-
dences are established. Since we do not perform a contin-
uous update, histograms do not show the same quality as
for tracking. Nevertheless, they still include useful infor-
mation that helps the algorithm to converge. Experiments
that demonstrate the performance for pose refinement are
provided in the supplementary material.

For the region modality, the probability distributions
p(dsi | ωsi, llli) are evaluated at 12 discrete distance val-
ues dsi ∈ {−5.5,−4.5, . . . , 5.5}. In the calculation of
each probability value, we use 8 precomputed values for
the smoothed step functions hf and hb that correspond to
x ∈ {−3.5,−2.5, . . . , 3.5}. Also, we define the slope pa-
rameter sh = 0.5, the amplitude parameter αh = 0.43, and
the learning rate αs = 1.3. To find correspondence points
for the depth modality, image values on a quadratic grid
with a stride of 5mm and a radius equal to the correspon-
dence threshold rt are considered. Both parameter values
are projected from meters into pixels based on the depth of
the 3D surface point. Correspondence points with a dis-
tance that is bigger than the threshold rt are rejected. Valid
correspondences are then used in the optimization with the
regularization parameters λr = 1000 and λt = 30000.
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Figure 4. Visualization of the occlusion handling strategy. For
each blue model point, the considered region is defined by a blue
line and dotted gray cone. The lower yellow line in each cone
visualizes the depth value that is calculated from the model offset,
while the upper yellow line adds the user-defined threshold. Red
lines indicate the minimum depth measurements from the camera.
For the right point, an occlusion is detected since the red depth
measurement is smaller than the expected value in yellow.

To find the final pose, we conduct 4 iterations in which
correspondences are established. For each iteration, the
standard deviations σr and σd, the scale s, and the thresh-
old rt can be adjusted. This allows to define our confidence
in the data and the range in which region and depth informa-
tion is considered. Many characteristics such as the resolu-
tion, depth image quality, or frame-to-frame pose difference
depend on the sequence. We thus adjust the parameters for
every dataset and provide them in the evaluation section.
Finally, in each iteration, two optimization steps are con-
ducted. For the region modality, global optimization is used
in the first and local optimization in the second.

In many real-world cases, correspondence lines and cor-
respondence points are subject to occlusion. Based on mea-
surements from the depth camera and estimated positions
of 3D model points, occlusions can be detected. First, the
minimum depth based on 25 depth image values within a
quadratic region of 20 × 20mm is computed. Similarly,
during model generation, an offset between the depth of
the sampled model point and the minimum depth within a
quadratic region of 20 × 20mm is calculated. Finally, we
are able to reject correspondences for which the depth of
the model point minus the precomputed offset and a user-
defined threshold of 30mm is smaller than the measured
minimum depth. Considering a region of values makes the
technique robust to missing depth measurements and large
local depth differences in the object surface. In cases where
depth images are not available, depth renderings can be
used. An illustration of the strategy is shown in Fig. 4.

6. Evaluation
In this section, we present an extensive evaluation of our

approach on the YCB-Video dataset [68], the OPT dataset
[67], and the dataset of Choi [10]. We thereby evaluate the
robustness, accuracy, and efficiency of ICG in comparison
to the state of the art. In addition, we conduct an ablation
study that demonstrates the importance of individual com-

ponents. Finally, we explain limitations of our approach.
Note that in the supplementary material, we present further
results for the region modality and the Choi dataset. Also,
we discuss how ICG performs for pose refinement and how
our tracker compares to modern 6DoF pose estimation al-
gorithms. Qualitative results on the YCB-Video dataset and
in the real world are shown in the provided videos1.

6.1. YCB-Video Dataset

The YCB-Video dataset [68] contains 21 YCB objects [8]
and evaluates on 12 sequences with a total of 2949 key
frames. Because it includes additional training sequences,
it is very popular with deep learning-based methods. In
the evaluation, the conventional and symmetric average dis-
tance errors eADD and eADD-S [23] are calculated as

eADD =
1

n

n∑
i=1

∥∥(MX̃̃X̃Xi − MTTTMgt MX̃̃X̃Xi

)
3×1

∥∥
2
, (27)

eADD-S =
1

n

n∑
i=1

min
j∈[n]

∥∥(MX̃̃X̃Xi − MTTTMgt MX̃̃X̃Xj

)
3×1

∥∥
2
, (28)

where MTTTMgt is the difference between the ground-truth and
the estimated model pose, XXXi is a vertex from the object
mesh, and n is the number of vertices. Based on those error
metrics for a single frame, [68] reports ADD and ADD-S
area under curve scores. They can be calculated as

si =
1

m

m∑
j=1

max
(
1− eij

et
, 0
)
, (29)

with i ∈ {ADD,ADD-S}, the respective frame error eij ,
the number of frames m, and the threshold et = 0.1m.

Results of the evaluation on the YCB-Video dataset are
shown in Tab. 1. For our algorithm, we use the parameters
σr = {25, 15, 10}, σd = {50, 30, 20}, s = {7, 4, 2}, and
rt = {70, 50, 40}, where values are given in units of pixels
and millimeters. Our method is compared to PoseCNN [68],
the particle-filter-based approaches of [66] and [24], and
the current state of the art in deep learning-based 3D ob-
ject tracking [31], [64], and [15]. The evaluation shows
that ICG achieves state-of-the-art results with respect to the
ADD-S metric, outperforming all other algorithms. For the
ADD score, textureless methods have a significant disad-
vantage since, for some objects, the geometry is not con-
clusive. It is, for example, not possible to determine the ro-
tation of a rotationally symmetric object without using tex-
ture. However, even with that handicap, ICG surpasses the
texture-based approaches of PoseCNN and DeepIM. Also,
it comes very close to the results of PoseRBPF. In the end,
only se(3)-TrackNet is able to perform significantly better.

To utilize the full frequency of modern cameras, track
multiple objects simultaneously, and save resources, effi-
ciency is essential in real-world applications. We thus re-
port the speed and the required hardware for all algorithms
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Table 1. Results on the YCB-Video dataset [68] with ADD and ADD-S area under curve scores in percent. Except for PoseRBPF [15],
results are taken from [64]. For DeepIM [31], the score over all frames was adjusted to be consistent with the evaluation of other methods.
Objects with no conclusive geometry are indicated by a ⋆ while objects with no or very little texture are marked by a ⋄.

Approach PoseCNN + ICP
+ DeepIM [68] Wüthrich [66] RGF [24] DeepIM [31] se(3)-

TrackNet [64]
PoseRBPF +

SDF [15] ICG (Ours)

Initial Pose - Ground Truth Ground Truth Ground Truth Ground Truth PoseCNN Ground Truth
Re-initialization - No No Yes (290) No Yes (2) No

Objects ADD ADD-S ADD ADD-S ADD ADD-S ADD ADD-S ADD ADD-S ADD ADD-S ADD ADD-S

002 master chef can⋆ 78.0 96.3 55.6 90.7 46.2 90.2 89.0 93.8 93.9 96.3 89.3 96.7 66.4 89.7
003 cracker box 91.4 95.3 96.4 97.2 57.0 72.3 88.5 93.0 96.5 97.2 96.0 97.1 82.4 92.1
004 sugar box 97.6 98.2 97.1 97.9 50.4 72.7 94.3 96.3 97.6 98.1 94.0 96.4 96.1 98.4
005 tomato soup can⋆ 90.3 94.8 64.7 89.5 72.4 91.6 89.1 93.2 95.0 97.2 87.2 95.2 73.2 97.3
006 mustard bottle 97.1 98.0 97.1 98.0 87.7 98.2 92.0 95.1 95.8 97.4 98.3 98.5 96.2 98.4
007 tuna fish can⋆ 92.2 98.0 69.1 93.3 28.7 52.9 92.0 96.4 86.5 91.1 86.8 93.6 73.2 95.8
008 pudding box 83.5 90.6 96.8 97.9 12.7 18.0 80.1 88.3 97.9 98.4 60.9 87.1 73.8 88.9
009 gelatin box 98.0 98.5 97.5 98.4 49.1 70.7 92.0 94.4 97.8 98.4 98.2 98.6 97.2 98.8
010 potted meat can 82.2 90.3 83.7 86.7 44.1 45.6 78.0 88.9 77.8 84.2 76.4 83.5 93.3 97.3
011 banana⋄ 94.9 97.6 86.3 96.1 93.3 97.7 81.0 90.5 94.9 97.2 92.8 97.7 95.6 98.4
019 pitcher base⋄ 97.4 97.9 97.3 97.7 97.9 98.2 90.4 94.7 96.8 97.5 97.7 98.1 97.0 98.8
021 bleach cleanser 91.6 96.9 95.2 97.2 95.9 97.3 81.7 90.5 95.9 97.2 95.9 97.0 92.6 97.5
024 bowl⋄⋆ 8.1 87.0 30.4 97.2 24.2 82.4 38.8 90.6 80.9 94.5 34.0 93.0 74.4 98.4
025 mug⋄ 94.2 97.6 83.2 93.3 60.0 71.2 83.2 92.0 91.5 96.9 86.9 96.7 95.6 98.5
035 power drill 97.2 97.9 97.1 97.8 97.9 98.3 85.4 92.3 96.4 97.4 97.8 98.2 96.7 98.5
036 wood block 81.1 91.5 95.5 96.9 45.7 62.5 44.3 75.4 95.2 96.7 37.8 93.6 93.5 97.2
037 scissors⋄ 92.7 96.0 4.2 16.2 20.9 38.6 70.3 84.5 95.7 97.5 72.7 85.5 93.5 97.3
040 large marker⋆ 88.9 98.2 35.6 53.0 12.2 18.9 80.4 91.2 92.2 96.0 89.2 97.3 88.5 97.8
051 large clamp⋄ 54.2 77.9 61.2 72.3 62.8 80.1 73.9 84.1 94.7 96.9 90.1 95.5 91.8 96.9
052 extra large clamp⋄ 36.5 77.8 93.7 96.6 67.5 69.7 49.3 90.3 91.7 95.8 84.4 94.1 85.9 94.3
061 foam brick⋄ 48.2 97.6 96.8 98.1 70.0 86.5 91.6 95.5 93.7 96.7 96.1 98.3 96.2 98.5

All Frames 80.7 94.0 78.0 90.2 59.2 74.3 82.3 91.9 93.0 95.7 87.5 95.2 86.4 96.5

Table 2. Average speed in frames per second and hardware re-
quirements for the CPU and GPU. Except for PoseRBPF [15], re-
sults are taken from [64]. PoseRBPF was evaluated without SDF.

Approach Single Core No GPU FPS

PoseCNN+ICP+DeepIM [68] ✗ 0.1 Hz
Wüthrich [66] ✓ ✓ 12.9 Hz
RGF [24] ✓ ✓ 11.8 Hz
DeepIM [31] ✗ 12.0 Hz
se(3)-TrackNet [64] ✗ 90.9 Hz
PoseRBPF [15] ✗ 7.6 Hz
ICG (Ours) ✓ ✓ 788.4 Hz

in Tab. 2. The evaluation of ICG is conducted on an In-
tel Xeon E5-1630 v4 CPU. In comparison, [64] used an In-
tel Xeon E5-1660 v3 CPU and a NVIDIA Tesla K40c GPU.
The results show the outstanding efficiency of our approach.
While ICG runs only on a single CPU core, it is almost one
order of magnitude faster than the second-best algorithm
se(3)-TrackNet, which requires a high-performance GPU.

6.2. OPT Dataset

While the YCB-Video dataset features challenging se-
quences in real-world environments and a large number of
objects, ground truth has limited accuracy and with a large
threshold et = 0.1m, the dataset mostly evaluates robust-

Table 3. Results on the OPT dataset [67]. The reported AUC
scores are scaled between zero and twenty to match other evalua-
tions. Results are taken from [67] and the respective publications.

Approach Soda Chest Ironman House Bike Jet Avg.

PWP3D [42] 5.87 5.55 3.92 3.58 5.36 5.81 5.01
ElasticFusion [65] 1.90 1.53 1.69 2.70 1.57 1.86 1.87
UDP [5] 8.49 6.79 5.25 5.97 6.10 2.34 5.82
ORB-SLAM2 [36] 13.44 15.53 11.20 17.28 10.41 9.93 12.97
Bugaev [7] 14.85 14.97 14.71 14.48 12.55 17.17 14.79
Tjaden [60] 8.86 11.76 11.99 10.15 11.90 13.22 11.31
Zhong [73] 9.01 12.24 11.21 13.61 12.83 15.44 12.39
Li [30] 9.00 14.92 13.44 13.60 12.85 10.64 12.41
SRT3D [56] 15.64 16.30 17.41 16.36 13.02 15.64 15.73
ICG (Ours) 15.32 15.85 17.86 17.92 16.36 15.90 16.54

ness. Also, images do not contain motion blur, favoring
texture-based methods. The OPT dataset [67] nicely com-
plements those properties. It includes 6 objects and consists
of 552 real-world sequences with significant motion blur.
Ground truth is obtained using a calibration board. For the
evaluation, the area under curve of the ADD metric is used
with a threshold of rt = 0.2d, where d is the largest distance
between model vertices. The final value is scaled between
0 and 20. Following [67], we refer to it as AUC score.

Evaluation results are reported in Tab. 3. For ICG, the
parameters σr = {15, 5, 1.5}, σd = {35, 35, 25}, s =
{6, 4, 1}, and rt = {50, 20, 10} are used. Also, like in [56],
we constrain the rotationally symmetric soda object using
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Table 4. Mean RMS errors for translation and rotation parameters
on the Choi dataset [10]. Results are from the respective papers.

Approach Choi [10] Krull [27] Tan [59] Kehl [25] ICG (Ours)

Translation [mm] 1.36 0.82 0.10 0.51 0.04
Rotation [degree] 2.45 1.38 0.07 0.26 0.04

Table 5. Ablation study on critical components of our algorithm.

Dataset Choi [10] OPT [67] YCB-Video [68]

Experiment Trans. Rot. AUC ADD ADD-S

Original 0.04 0.04 16.54 86.4 96.5
W/o Region 0.06 0.04 8.94 66.1 84.1
W/o Depth 41.65 23.39 15.88 26.6 42.8
W/o Regularization 0.04 0.04 14.48 72.0 91.5
W/o Occlusion Hand. - - - 77.6 91.9

λr = 70000. In the evaluation, ICG is compared to state-
of-the-art classical methods that use different sources of in-
formation, including region, edge, texture, and depth. Our
approach performs best or second-best for all objects and
improves on the state of the art by a significant margin.

6.3. Choi Dataset

Finally, we also want to evaluate the accuracy of our
method. For this, the simulated dataset of Choi [10], which
features four sequences and perfect ground truth, is used. To
evaluate the accuracy, root mean square (RMS) errors in the
x, y, and z directions and in the roll, pitch, and yaw angles
are calculated. The rotational and translational mean over
all four sequences is reported in Tab. 4. Detailed results are
provided in the supplementary material.

For our algorithm, we use the parameters σr = {5},
σd = {10, 1}, s = {2, 1}, and rt = {10}. Note that since
the dataset provides perfect depth and uncluttered color
images, results have to be considered as an upper bound.
Nevertheless, the experiments demonstrate that, with good
enough data, the method is highly accurate.

6.4. Ablation Study

To demonstrate the importance of the algorithm’s com-
ponents, we perform an ablation study on all three datasets.
Average results of this evaluation are provided in Tab. 5.
The experiments show that while the effect of the depth and
region modality differs between the datasets, each modality
significantly contributes to the final result. Also, we observe
that while values on the Choi dataset stay the same without
regularization, it is very important to the challenging se-
quences of the OPT and YCB-Video dataset. For the case
without occlusion handling, similar results are obtained.

Finally, the convergence of our approach is evaluated in
Fig. 5. For the YCB-Video dataset, which values robustness,
the algorithm converges after only two iterations. With

0 1 2 3 4 5 6
50

60

70

80

90

100

Iterations

ADD-S
ADD

0 1 2 3 4 5 6
10

12

14

16

18

20

AUC

0 1 2 3 4 5 6
10−210−2

10−1

100
101
102
103

Trans.
Rot.

Figure 5. Convergence plot showing the final results for the YCB-
Video, OPT, and Choi dataset in red, yellow, and blue, respectively.

one additional iteration, accurate results are obtained on the
Choi and OPT datasets. Independent of accuracy and ro-
bustness, fast convergence ensures that a maximum of only
four iterations is sufficient to obtain excellent results.

6.5. Limitations

While ICG achieves remarkable results, some limitations
remain. First, our method requires the geometry of tracked
objects. Also, for the region modality, objects have to be
distinguishable from the background. In addition, the depth
camera has to provide reasonable measurements for the ob-
ject’s surface. Another important limitation emerges if the
object geometry is very similar in the vicinity of a particu-
lar pose. Naturally, using geometric information alone, it is
impossible to predict the correct pose in such cases. Finally,
like many conventional approaches that use line search, the
algorithm has only a local view of the six-dimensional joint
probability distribution. As a consequence, it is constrained
by local minima with a limit to the maximum pose differ-
ence between consecutive frames.

7. Conclusion
In this work, we developed ICG, a highly efficient, tex-

tureless approach to 3D object tracking. The method fuses
region and depth in a well-founded probabilistic formula-
tion that is able to handle occlusions in a robust manner.
While the overall algorithm is relatively simple and requires
little computation, it performs surprisingly well on multiple
datasets, outperforming the current state of the art for many
cases in robustness, accuracy, and efficiency. This is even
more remarkable since ICG has an inherent disadvantage
in not using texture. Assuming that texture would further
improve results, our evaluation suggests that deep learning-
based techniques do not yet surpass classical methods. This
is especially surprising since, at the expense of high com-
putational cost and limited real-time capability, such algo-
rithms can, in theory, directly consider all available infor-
mation. As a consequence, we believe that for both classical
and learning-based tracking, as well as potential combina-
tions, there remains a large number of ideas that wait to be
explored to further improve 3D object tracking.
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