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ABSTRACT

We propose a method that is effective in tracking 3D hand poses
occluded by a real object. Since existing model-based tracking meth-
ods rely only on observed images to estimate hand joints, tracking
generally fails when the hand joints are largely invisible. This prob-
lem becomes more prevalent when the tracked hand is grabbing an
object, as occlusion by the object makes it harder to find a proper
correspondence between the hand model and observation. The pro-
posed method utilizes the occluded part of the hand as additional
information for model-based tracking. The occluded depth informa-
tion is reconstructed according to the geometric of the object and
model-based tracking is employed based on particle swarm optimiza-
tion(PSO). We demonstrate that the reconstructed depth information
improves the performance of tracking an object-grabbing hand.

Index Terms: Computing methodologies—Computer vision
problems—Tracking

1 INTRODUCTION

Augmented Reality(AR) and Virtual Reality(VR) are important tech-
nologies for the next generation. In this AR/VR environment, the
use of hands provides the most natural and realistic means of inter-
action. In order to develop a hand gesture interface, advances in
3D hand pose estimation technology is crucial. Recent studies in
this field have shown that isolated hand poses can be estimated quite
accurately by a learned network that uses a large number of data sets
or by various model-based methods [9]. However, in most of the
environments where hands are actually used, there are many situa-
tions where hands holding real objects. Therefore, tracking hands
that interact with surrounding objects still remains a challenge.

The reasons for this challenge are as follows: First, information
on the hand is lost due to the occlusions made by the object. Second,
to compensate for the lack of information on the hand pose with
the information of the object, it is necessary to additionally find
the geometry or pose of the object. Almost all of the studies that
aim to solve these problems segment the hand and object to start
pose estimation. A different approach estimates hand and object
positions as heat map forms by using neural net instead of color
based segmentation or known object initialization [1]. However,
this approach is essentially the same with others in that it also relies
on the concept of separating the hand from the object and estimating
the pose by using each piece of data.

Our proposed method improves the pose estimation result by
reconstructing reasonable depth data in an empty space in the hand
image where the object region is segmented. After segmenting
the hand and the object in a given depth image, the area in which
the object was in the hand depth image will lose the depth value.
However, if we use the lost depth image even if it is clear that the
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hand is occluded by an object, it will show a significant error in
the subsequent tracking process. Invisible depth information yields
wrong correspondence because the model-based tracking estimates
the pose by fitting the model to observed depth image. Therefore,
we need to regenerate this wrong depth region, which can give us a
hint that the hand pose is correct even if the part of the hand model
is located in the occluded area behind the object.

After reconstruction, the Particle Swarm Optimization(PSO) al-
gorithm is used in the optimization process to estimate the hand pose
using the depth input. PSO is a method that generates multiple parti-
cles corresponding to multiple pose candidates and has been adopted
to many hand tracking algorithms. The proposed method was evalu-
ated through a qualitative experiment based on a sequence of various
modes of hand-object interactions. The results of the experiment
show that our method of reconstructing depth data improves the
tracking performance in situations where the hand interacts with an
object.

2 RELATED WORK

Various methods have been suggested for robust hand pose tracking
for hands interacting with objects. Several constraints (multi-camera
setting, glove-based solution, etc) have also been proposed to solve
the problem. We will discuss only the marker-less single RGB-D
camera based approach in view of the overheads and drawbacks of
each condition. There are three types of such methods: model-based,
learning-based, and hybrid.

The model-based approach, also known as the generative method,
estimates the hand pose by optimizing the objective function between
the 3D hand model and the input frame. Under the assumption
that the type and shape of an object are known, Kyriazis et al. [2]
proposed an ensemble of collaborative trackers for tracking multiple
interacting objects and used a physical simulation for hypothesizing
the state of several objects. Sridhar et al. [7] showed a 3D hand
model represented by a Gaussian mixture model which allows fast
pose estimation. To track hands in interaction with unknown objects,
Panteleris et al. [5] proposed a PSO-based algorithm that combines
hand tracking and object modeling techniques. These methods are
advantageous in tracking generalized pose, but it highly relies on
the final solution of the previous frame and the current frame input.
Accordingly, performance is decreased if the previous pose solution
is erroneous or if there is insufficient information on the input of the
current frame.

The learning-based approach typically estimates 3D hand poses
on a single frame with a trained model. During the last few decades,
various neural networks have been developed and methods of learn-
ing the hands interacting with objects in various environments have
been attempted. Romero et al. [6] presented an approach based
on nearest neighbor search that uses object as contribution to the
pose estimation in a contextual fashion. Recently, Mueller et al. [3]
showed hand-object tracking in cluttered scenes which used two
combined Convolutional Neural Networks(CNN). As in the various
fields where neural networks were used, this approach also showed
excellent performance for environments similar to the learned data,
but was not generalized to untrained poses and environments.

The hybrid method is a combination of the model-based and
learning-based approach, which utilizes the advantages of each
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Figure 1: System Overview.

methods. Sridhar et al. [7] combined discriminative hand part clas-
sification with multiple proposal optimization. Methods of using
interacting objects as constraints of the hand pose estimation process
have also been proposed. Tzionas et al [8] proposed a framework that
combines a generative model with discriminatively trained salient
points. Chen [1] used that the grasp type of the hand can be inferred
according to the shape of the object. The major benefit of using more
than one method in various combinations is that it usually yields
better results than using a single method. Still, the method is only
estimating through observed images, the performance is lowered in
highly occluded situations where there is lack of basis for estimation.

3 METHODOLOGY

Our system consists of the data processing and the model-based
tracking. We assumed that the user wears a colored band on his
wrist and the shape/color of the object are known. Figure 1 shows the
pipeline of the proposed method. Input RGB-D images are obtained
from an Intel Realsense SR300 sensor.

In the preprocess step, depth images were segmented into hand
and object based on the color of the wrist band and the object repre-
sented in the YUV color space to reduce the influence of brightness.
After segmentation, we reconstructed the depth for the intersection
of the object area and the convex hull area of the hand. The recon-
structed depth image was transferred to the tracker as input. Our
tracker is based on the PSO algorithm which generates multiple hy-
pothesis from a previous solution. Each hypothesis was represented
with a tiled rendering technique similar to [4].

Hand Model : We adopted the parametric hand model with 26
DoFs(Degree of Freedom). 6 DoFs for a global 3D translation and
a 3D rotation of model, 4 DoFs for a single finger. Each finger
was represented by three joints, one saddle joint at the base which
parameterized as two DoFs, and two hinge joints with one DoF.
From 26 DoFs of a hand model, the depth map of the model was
rendered and a discrepancy between the reconstructed depth image
and the rendered depth image has been calculated. In every iteration
of PSO, multiple hypotheses as the number of particles needed to be
rendered. For this purpose, tiled rendering was performed through
the OpenGL pipeline. Open source code from [2] was modified to
generate the hand model.

Preprocessing : To segment given depth images to hand and
object images, the RGB color space was converted to the YUV color
space. As the Y component represents luminance information, we
can minimize the influence of various light conditions by ignoring
the Y component. More specifically, to recognize a colored wrist
band, the U component was in range 70-116 and the V compo-
nent was in 139-177 to recognize a colored wrist band. For object
recognition, the U was in range 94-128 and the V was in 91-124.

Depth reconstruction

After segmenting hand with an object, the region where the object
overlaps with the hand is taken as the target area for reconstruction.
To determine which points are included in the target area, we used a
convex hull of the segmented hand depth image.

N

Figure 2: Reconstruction area(Green).
RGB image(Left), Contour(middle), Convex hull(right).

As seen in figure 2, the outermost boundary points of a segmented
hand depth image constitute an area containing almost all parts
of the hand in most cases. We checked whether each 2D point
corresponding to the object area exists in the convex hull area of
the hand. If the point satisfied the condition, we calculated a proper
depth value to reconstruct the point.

While *proper depth value’ can be defined in various ways, we
assumed that the geometric information of the object is known in
this study. By reconstructing the depth value corresponding to the
back of the object, we supported the hypothesis that the hand model
is placed behind the object. We used a spherical object for the
experiment. In this case, the reconstructed depth value dyecon is
defined as:

drecon = dmin +2r —gap (D
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where d,,;, is the minimum depth value in segmented object
depth image (means that the depth of the closest point to camera),
r is the radius of the sphere. gap represents the distance from the
tangent plane of the closest point on the sphere to each point of the
sphere surface, and D, ; represents the segmented depth image of
the object. Through Eq. 1, we can calculate the depth value dyecon
for the back of the sphere. For other types of objects, it can be done
by accurately fitting the 3D object model and extracting the depth
information of the backside of the 3D model.

Model-based Tracking

We solve the objective function for the model-based tracking. The
goal is to estimate the hand pose parameters x = {x,x2,...,X26 } in
the following optimization problem:

X = min E; 3)
XER0
where E; is the fitting error between an observation and a rendered
image.
We defined the objective function for the fitting error in a similar
way to that in [4]. The computation involves pixel-wise calculations
between the segmented depth image and the rendered depth image.
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Figure 3: Self-Qualitative comparison. Each image set shows, RGB image(1st column), depth image(2nd column), estimated pose(3rd column).

(a) Without depth reconstruction (b) With depth reconstruction

More specifically, the reconstructed depth image D,, and the rendered
depth image D, were compared in the objective function. The
difference value was weighted by the value less than one because it
is estimated rather than observed. The weight @ relies on whether
the pixel value is reconstructed. Similarly, the normalized difference
R between corresponding binary maps was calculated. A pixel in
the binary map was set to one if the value exists in the depth image.
When the model fits perfectly the segmented depth image in the
binary map, the second term (1-R) becomes zero. The objective
function E; is defined as follows:

Eq=(1—R)+RY min(®|D, — Dy|,dy)/N )

where dy; represents the value of the clamped depth difference and
N is a normalization term.

To optimize the objective function, we employed a PSO in the
model-based tracking. The PSO is a stochastic method that is per-
formed by generating multiple candidate solutions (called particles)
and iteratively updating those solutions. We set the number of
particles to 64 and the number of generations to 30 for the model-
based tracking. Multiple renderings and calculations of the Eq.4 are
required in each generation. Since the process requires computa-
tionally large amounts, we performed optimized GPU calculations
based on CUDA and OpenGL. Specifically, the proper distribution
of GPU memory and a parallel reduction has been used along with a
non-NULL stream execution has been used.

4 EXPERIMENT

Qualitative experiments were conducted to verify the effectiveness
of the proposed method. We captured several sequences of the hand
interacting with a spherical object. The sequences include actions
such as rolling the ball around in the hand, holding it with fingers,
and grabbing in various poses. While recording the sequence, we
intended to occlude hand joints by the object as much as possible.
Figure 3 shows a qualitative comparison evaluation of the final
hand model with and without the proposed method. Without the
depth reconstruction process, the region corresponding to the object
was removed as shown in the row (a), and an image with the depth
value of 0 in the corresponding object area became an input of the
tracker. When the depth reconstruction process was performed,
the depth value corresponding to the back surface of the object
was filled in the target area calculated with Eq. 1, as shown in row

(b). In both cases, the tracker found a model pose with the lowest
discrepancy error for given inputs. As a result, when the depth
reconstruction was not performed, the hand joint information behind
the object was missing in the transferred input, so that a completely
incorrect pose result was obtained in a certain sequence. However,
reconstructed depth values gave additional information about hand
joints hidden by object, which yielded more realistic hand pose
results. The computational time for the depth reconstruction process
was measured to be less than 2.90 ms on average. This is a value
that has less influence on real-time hand pose estimation.

Limitation

(a)

(b)

Figure 4: Failure cases due to incorrect depth reconstruction.
(a) Without depth reconstruction (b) With depth reconstruction

The target area of the depth reconstruction was the intersection
of the convex hull area of the hand and the object. Since there is
no guarantee that the intersection area necessarily includes a finger
behind, the wrong depth value may be reconstructed even though the
actual finger is located elsewhere. Therefore, this approach is more
effective in a situation where the object is held in the palm of the
hand than when the object is placed between the fingers. Likewise,
the proposed method adds a depth value of the back side of the
object in the target area. However, a gap may exist between the back
side of the object and where the actual hand is located. As seen in
Figure 4, incorrect depth value led to an invalid hand pose as a result
of optimization.

Our future work will obtain a confidence map for the recon-
structed depth to apply an appropriate variable weight rather than
the current fixed weight value. We will also extend the application of
our depth reconstruction to objects with shapes other than spheres.



5 CONCLUSION

Accurate input data is imperative in estimating hand poses, regard-
less of whether the method is generative or discriminative. However,
previous studies have shown that using separate depth data for the
hand and object in situations where the hand is grabbing the object
is not effective. It is difficult to obtain a good tracking performance
by utilizing the depth input that has lost partial joint information
located behind the object.

To solve this problem, we have supplemented a basis for hand
joints hidden by an object through the reconstruction of depth in-
formation in that area. As a result of the PSO-based tracker, the
proposed method provides more accurate poses in the hand-object
grabbing sequences. Since the proposed method is deals with data
processing in estimating hand pose, it can be easily applied to various
existing researches. However, the proposed method may perform
particularly well only when the hand is in contact with the object;
otherwise, it may supplement wrong depth data. Therefore, we
will perform a more effective depth reconstruction by applying ob-
ject recognition and thereby enhancing the overall reliability of our
results in the future.
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