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Figure 5: Ground-truth object pose annotation. (a) We first initialize a few points with known 2D-to-3D correspondences. (b) The nearest
corner points of the initialized points are detected. (c) The other corner points are computed with an initial pose p0 according to the initial
correspondences. (d) We later refine these points and discard non-robust ones. (e) The final pose p is estimated according to the remaining
points. (f) The object pose in the related color image is computed according to the estimated transformation matrix.

Figure 6: Camera frames for 2D (top row) and 3D (bottom row)
target objects blended with masks. The mask is generated using
the related pose and its geometric model of the target.

timation. The RANSAC-based schemes [7] are applied to these
methods to remove incorrect feature correspondences. We imple-
ment a CUDA-based direct pose estimator, which is ten times faster
than the recent method [21] with equivalent accuracy.

To recover 3D object poses, we evaluate two state-of-the-art
approaches for pose estimation and pose tracking, i.e., UDP [3]
and PWP3D [15]. We note numerous camera pose trackers have
been released recently that achieve real-time performance by lever-
aging the reconstructed environment maps. Two state-of-the-art
approaches in this field, i.e., ORB-SLAM2 [14] and ElasticFu-
sion [22], are used for evaluation. The ORB-SLAM2 method
tracks camera poses based on sparse features, and the ElasticFu-
sion scheme solves a minimization problem based on intensity and
depth values. These camera pose trackers are evaluated by deactiv-
ating them within background regions of a video sequence. Fore-
ground and background regions are separated according to the geo-
metric model and related ground-truth pose, as illustrated in Fig-
ure 6. For SLAM-based approaches, we construct a 3D map of
the target object for evaluation. Each map is constructed with syn-
thetic frames created by rendering a mesh from 341 viewpoints
on one-half of a recursively divided icosahedron. Since the UDP
method [3] does not perform well if it is trained on synthetic im-
ages (as discussed in [3] and confirmed in our comparative study),
we select about 10% of the images from the proposed dataset as
the training data for UDP. For the iterative energy minimization
schemes (i.e., PWP3D and ElasticFusion), the ground-truth pose
in the first frame is provided and object pose tracking is performed
subsequently. The mask image of the first camera frame is also used
for the PWP3D scheme to set the color distribution of foreground
and background regions. To fairly compare different approaches,
the result of the first frame in each video sequence is not considered.
As the SLAM approaches are able to deal with 2D cases, we also
evaluate these methods with 2D objects. More details on experi-
mental settings can be found in the supplementary material.

4.2 Evaluation Metrics
Given the ground-truth rotation matrix R̂ and translation vector
t̂, we compute the error of the estimated pose (R, t) by e =
avgx2M kRx+ t � (R̂x+ t̂)k, where x is a 3D point of model M [9].
For a 2D object, we define the model points as vertices of a bound-
ing box, whose height is half of its side length, as illustrated in Fig-

ure 1. The pose is considered to be successfully estimated if e is less
than ked where d is the diameter (i.e., the largest distance between
vertices) of M and ke is a pre-defined threshold. We evaluate a
method by the percentage of frames with correct estimations under
different values of ke in a precision plot. A method with higher
area-under-a-curve (AUC) scores achieves better pose estimation
results.

5 EVALUATION RESULTS

All the experiments are carried out on a machine with an Intel Core
i7-6700K processor, 32 GB RAM, and a NVIDIA GTX 960 GPU.
The RGB-D video frame size is 1920�1080. Each approach for
2D and 3D target objects is evaluated on 20,988 images and 79,968
images, respectively. The iterative energy minimization approaches
(e.g., ElasticFusion and PWP3D) tend to lose track of all frames
once the matching baseline is too wide. We thus evaluate the Elast-
icFusion+ and PWP3D+ methods (variants of ElasticFusion and
PWP3D) by feeding the ground-truth pose in the previous frame
for re-initialization when a failure occurs which is determined by
visual inspection. We report the main results of the comparative
study on pose tracking in this manuscript, and present more details
in the supplementary material.

5.1 Overall Performance
The experimental results are shown in Figure 7. The maximum
coefficient ke is set to 0.2 in the plots, with AUC scores ranging
from 0 to 20.

2D objects. The average score of tracking the wing sequence is
lower than the others since the target object contains less texture or
structure. There exist many ambiguous pose candidates that cannot
be distinguished by all evaluated approaches as the corresponding
cost values are similar. In contrast, although the object in the duck
sequence does not contain much texture, the DPE method is able
to estimate poses well based on the distinct contour. The feature-
based schemes outperform direct methods when a sufficient number
of features can be extracted from a target object, as shown in the
other four cases.

Despite the IPPE algorithm is designed for pose estimation of
planar objects, it does not perform as well as the OPnP algorithm
that is able to estimate pose in more general scenarios. As the
FAST-based detector [17], which is used in the ORB-SLAM2
method, is designed for efficiently detecting corner points in an im-
age, it does not localize features well. Therefore the AUC scores
of the ORB-SLAM2 method are lower than those of SIFT-based
methods in most cases. It is worth noticing that the ORB-SLAM2
method performs well based on the feature-based scheme as it
achieves wide baseline matching, which prevents the tracker from
getting stuck in a local minimum. In contrast, the ElasticFusion
method tends to lose track of the target object when the initial pose
is not accurate since the energy minimization scheme is sensitive to
perturbation caused by the introduced distortion in this work.
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Figure 7: Overall performance on proposed benchmark dataset. The AUC score for each approach is shown in the legend.

3D objects. Since the tracking accuracy and area of an ob-
ject within one frame are in positive correlation, most approaches
achieve better performance on tracking the soda, chest, and house
sequences. Similar to tracking 2D objects, methods with energy
minimization scheme do not perform well on the 3D dataset. How-
ever, they also show the ability to refine poses under the short-
baseline conditions. We note that although the AUC scores of the
ElasticFusion+ and PWP3D+ methods seem to be higher than the
other approaches, it does not mean that they outperform others be-
cause their tasks are significantly simplified as the ground truth of
the previous pose is given when a failure occurs. As the UDP al-
gorithm does not have any further pose refinement scheme, the es-
timated pose accuracy is not as high as the other approaches. Both
PWP3D and ElasticFusion methods are prone to losing track of the
target when its appearance changes drastically.

5.2 Performance Analysis by Attributes

In this section, we show experimental results for each method with
respect to different lighting and movement conditions.

2D objects. We present the pose tracking results under two dif-
ferent lighting conditions and freestyle condition movements in
Table 3. As both ORB [18] and SIFT [12] are less sensitive to
illumination change, the feature-based methods perform well in se-
quences under lighting variations. In contrast, the DPE algorithm
does not track object poses well under different lighting conditions
as the direct methods operate on the pixel values without extracting
features that are designed to handle illumination changes.

The pose tracking results of target objects in different motion
patterns and speeds are shown in Figure 8. Due to fast camera
speeds, the recorded images in the translation case contain signi-
ficant motion blur. As the feature-based approaches are not able
to determine useful correspondences in blurry images, these meth-
ods do not track poses well. On the other hand, the DPE algorithm
performs well with different camera speeds as it can handle objects
with less texture.

The ASIFT algorithm outperforms other feature-based ap-
proaches in the sequences with out-of-plane rotation since it is de-

Table 3: AUC scores of evaluated approaches in the dynamic
lighting conditions and the freestyle motion conditions.

Approach Flashing Light Moving Light Free Motion

SIFT+IPPE 14.194 13.902 13.904
SIFT+OPnP 15.380 15.183 14.408
ASIFT+IPPE 13.996 13.584 12.808
ASIFT+OPnP 15.312 14.902 13.461

DPE 12.996 7.516 9.793
ORB-SLAM2 14.879 14.128 14.986
ElasticFusion 1.974 7.479 2.948

ElasticFusion+ 16.981 18.173 18.107
UDP 5.170 7.245 3.857

PWP3D 5.084 4.907 2.890
PWP3D+ 13.071 14.434 16.041

ORB-SLAM2 15.906 15.987 9.104
ElasticFusion 1.444 2.005 0.278

ElasticFusion+ 14.598 12.299 10.871

signed to account for the affine transformation. We note the Elastic-
Fusion method performs better at higher camera speed. This may be
attributed to the fact that the decreased frame number of high-speed
sequences also reduces the changes that iterative minimization ap-
proaches lose track. As in-depth analysis of this issue requires dif-
ferent experimental setups which are beyond the scope of this work,
we will address it in future work.

3D objects. Since we only change the visible light in the above-
mentioned experiments with illumination variations, the depth im-
ages are not significantly affected. Compared to the pose tracking
results of most approaches under normal light, the performance dif-
ference on 3D objects is not significant. In contrast, as the PWP3D
method recovers the object pose using color frames only, the pose
tracking results are worse than those under normal light.

We note all approaches perform worse when the target object
moves forward and backward in front of the camera. One reason
is the size change of a target object in two consecutive frames. For
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Figure 8: Performance by attributes with different speeds on proposed benchmark dataset. Level 5 stands for the fastest speed.

the ICP-based approaches, e.g., ElasticFusion, it is difficult to align
two point sets of different sizes. For the segmentation-based ap-
proaches, e.g., PWP3D, it is crucial to set a gradient step in the z-
direction.We also notice that the depth values captured by Kinect v2
occasionally change significantly even under the static conditions.
As such, the evaluated approaches may occasionally lose track of
objects when the camera is not moving.

6 CONCLUSION

In this work, we propose a large benchmark dataset and perform
thorough performance evaluation under various conditions close
to real-world scenarios. The proposed benchmark dataset con-
tains 690 color and depth videos with over 100,000 frames. These
videos are recorded under seven different movement and lighting
conditions with five speeds. We select six 2D target planes with
three different texture levels, and six 3D target objects with three
different geometric level. The ground-truth poses are annotated
by leveraging the clear infrared images recorded by the global-
shutter infrared camera with fast shutter speed from the Kinect
v2 sensor, which enables us to record sequence even under fast
motions. Based on the benchmark experiments, we discuss some
tracking components that are essential for improving the tracking
performance. This large-scale performance evaluation facilitates a
better understanding of the state-of-the-art object pose tracking ap-
proaches, and provide a platform for gauging new algorithms.
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