Data Fusion in 3D Vision Using a RGB-D Data Via Switching
Observation Model and Its Application to People Tracking

Du Yong Kim, Ba-Tuong Vo, and Ba-Ngu Vo

Abstract—In this paper, we propose a new method for
3D people tracking with RGB-D observations. The proposed
method fuses RGB and depth data via a switching observation
model. Specifically, the proposed switching observation model
intelligently exploits both final detection results and raw signal
intensity in a complementary manner in order to cope with
missing detections. In real-world applications, the detector
response to RGB data is frequently missing. When this occurs
the proposed algorithm exploits the raw depth signal intensity.
The fusion of detection result and raw signal intensity is
integrated with the tracking task in a principled manner via
the Bayesian paradigm and labeled random finite set (RFS).
Our case study shows that the proposed method can reliably
track people in a recently published 3D indoor data set.

[. INTRODUCTION

In recent years, 3D vision research using RGB-D data has
been gaining popularity due to the development of compact
and cheap sensors such as the Kinect [1]. Various techniques
for multi-person tracking application using RGB-D data have
been proposed in [5], [6].

In [5] 3D multi-person tracking using RGB-D data is
achieved by applying histogram of oriented gradient (HOG)
[2] detectors to RGB and depth data. Specifically, the HOG
detector is applied to RGB data and the same method is pro-
posed for depth data via the so-called histogram of oriented
depth (HOD) [4]. Missed-detections are inevitable because
the offline-trained HOG/HOD detectors are not perfect. To
circumvent the missed-detection problem, the authors of
[5] incorporate the online-boosting method of [3] when the
tracking algorithm is not able to produce trajectories.

In [6], several detectors (e.g., upper body detector, depth-
based shape detector) are combined to generate multiple
cues. Each of these detectors has its own advantage in certain
scenarios and the combination of detectors is expected to
improve the performance over any individual detectors. The
fusion of detector outputs is achieved by using Markov chain
Monte Carlo simulation.

We exploit the observation that, in RGB-D data process-
ing, more reliable bearing information can be obtained from
the RGB data with a carefully designed detector whereas
the depth information is only measured by the IR module.
As with all detection-based techniques, missed-detection is
inevitable and poses a significant challenge. To address
this challenge, we propose a hybrid observation (RGB-D
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data from Kinect) model so as to utilize the appropriate
observation models for the right scenarios to achieve reliable
data fusion for 3D people tracking.

When the proposed hybrid observation model is used in
multi-person tracking, data association is required to account
for uncertainty in association of measurements to targets.
Traditional tracking algorithms such as multiple hypothesis
tracking (MHT) [9] and joint probability data association
(JPDA) filter [10] are suitable in this respect, however, they
depend on various heuristics and require additional track
management for the appearance/disappearance of objects.
On the other hand, the RFS multi-target tracking frame-
work addresses all of the aforementioned uncertainties in
a mathematically principled and systematic manner via the
optimal Bayes multi-object filter [7], [8]. While efficient
approximations to the optimal Bayes multi-object filter such
as the probability hypothesis density (PHD) filter [7], [11],
[12], the cardinalized PHD filter [7], [13], and the multi-
Bernoulli filter [7], [14] are able to manage target appear-
ance/disappearance, they do not produce tracks for individual
targets. To address this problem, we adopt the labeled RFS
multi-object filtering framework introduced in [16], [17].

Relevant research of RFS-based filters for multi-object
tracking with video data can be found in [19], [20], [21],
[22], [23]. However, to the best of our knowledge, this paper
is the first attempt to apply RFS-based filtering to RGB-D
data for 3D application. Specifically, this paper proposes a
hybrid observation model for the labeled RFS multi-object
filter which then leads to a reliable 3D people tracking
algorithm for RGB-D data.

The remainder of the paper is organized as follows.
Section 2 defines the states and measurements in 3D coordi-
nates along with explanations of how 3D measurements are
obtained from the Kinect sensor’s RGB-D data. In Section 3
we detail the proposed observation model and explain how
the proposed observation model is applied in the labeled RFS
tracker. In Section 4, experimental results are demonstrated
in a 3D people tracking application. Concluding remarks are
presented in Section 5.

II. STATE AND OBSERVATION IN RGB-D DATA
A. Random finite set description for state and observation

Suppose that at time k, there are N, objects and M
observations (i.e., detections). Since multiple object states
and their detections are not ordered and their numbers are
not fixed, it is natural to represent the multi-object state and
measurement as finite sets of points. To this end, we follow
the RFS framework, where the states of the N, objects and
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Fig. 1. HOG detections including clutters and missed-detections
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Fig. 2. Sensor schematic diagram

the M} observations can be represented as a finite set of states
and a finite set of observations, respectively:

X = {21, xn ) € F(X),
Zk ={z 1y zem ) € F(Z),

where #(X) and .%#(Z), respectively, are the finite
subsets of the state space X and observation space
Z. Here, the state vector is a 6-D vector, i.e.,
Xk = [PX ks Vikr PY ks Vyes PDk- Va k)| Which represents the 3-D
position and corresponding velocities. From a given image at
time k, we measure the 3-D position z; = [pX’k,pY’k,pD’k]T
by using a designated detector.

The above RFS representation is the basis of a number
of algorithms from the RFS framework. We use the labeled
RFS filter [16] in order to provide trajectories of people.

ey

B. RGB-D observation for people detection

In this paper, the HOG detector is used to detect pedes-
trians in RGB data [2]. As the name suggests, the HOG
describes the edge orientation information within the fixed
size of the block and stores the information as a histogram.
For the specific type of the object (e.g., people) the HOG
has unique histogram that allows it be distinguished from the
HOG of other types of objects. By using the HOG descriptor,
a classifier, usually support vector machine (SVM), is used
to determine whether the given HOG describes a target of
interest or not. Due to the classification error, as shown in
Fig. 1, HOG detections may contain false positives whose
HOG features are quite similar to that of pedestrians, but are
actually originated from non-targets. Conversely, there may
be missed-detections if the HOG feature of pedestrian is not
discriminative enough.

Depth information in RGB-D data is obtained from the IR
camera of the Kinect sensor. The depth image resolution has
the same pixel resolution as the RGB camera of the Kinect
and the depth information at the certain pixel location is

Fig. 3. HOG detection results and depth intensity in RGB-D data

coded with 11 bits. The relation between the coded bit and
the depth metric in meters is given in Eq. (3) in the next
section.

III. SWITCHING OBSERVATION MODEL FOR RGB-D DATA
FUSION

A. Proposed observation models for RGB-D data

In this section, we describe the likelihood functions for
RGB detection (i.e, HOG) and depth intensity in the pro-
posed hybrid observation model. Fig. 2 shows the sensor
schematic diagram of the proposed observation model where
RGB data is processed by the HOG detector and the depth
image is directly used without any detection process. As
an example, Fig. 3 illustrates the HOG detection and the
depth intensity image. Note that the field of view in Fig. 3
is generated by two Kinect sensors.

For the RGB detection, assuming that the state is observed
in additive Gaussian noise, the measurement likelihood of a
detection at location z; of an object with state x; is given by

el (zel) = A (2 Hg, E) ©)

where .4 (z;m, P) denotes a normal distribution with mean m
and covariance P, H=[1 010 1 0], and X is the covariance
matrix of the observation noise. From RGB data input the
designated detector outputs the Cartesian coordinates of the
detections in 2D. This mathematical model, which describes
the point wise detector response may be dependent on the
type of features considered. For the depth measurement, we
simply use the metric depth obtained from the raw depth
value at the location of the RGB detection. Here, the raw
depth value from the IR sensor is coded with 11 bits, thus
the metric depth of the raw depth value can be calculated
from Eq. (3). The likelihood function Eq.(2) can also be
used for the HOD detector [4], which we test the HOD in
our experiments.

To achieve reliable data fusion performance in 3D, we
exploit the depth intensity from the IR module in the
Kinect as a secondary observation. The rationale for using
depth intensity as a secondary observation is that bearing
information in the depth image is not reliable compared
to the HOG detection with RGB image data. We used the
conversion equation (3) to obtain the metric depth value from
the raw depth information of the IR sensor as follows.
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where 7;(-) is the converted depth metric in meters at the
pixel j, wj(xg) is the raw depth information coded with 11
bits at the pixel j given the state x;, B = 0.075m is the
distance between the IR projector and the IR camera, F; is
the focal length of the IR camera in the horizontal direction,
and W, = 1084 is the maximum raw depth value in bits.

Denoting the image of depth information by d, the
likelihood of the depth intensity is given by

M
@) 0i(d.irxx)
& (di) =1 | Pi(d.i —_—,
k ( k) II;II ( k, )ielgx) (pi(dk,i)

where M is the number of pixels in the given image,
dix is the depth intensity value at pixel i, ¢;(dy;xx) =
N (dy i3 T;(wi(xx)), 01) is the target originated intensity dis-
tribution, @;(dy;) = -4 (di;;0,05) is the non-target intensity
distribution, T(x) denotes a set of pixels in illuminated by
a target with state x, o; and o} are the variances of the
Gaussian noises for target/non-target intensities, respectively,
T;(wi(x)) is the averaged metric depth of the target region in
meters at pixel i illuminated by the target with given x;. Note
that the target region and the non-target intensity distribution
are obtained from the background subtracted image similar
to the method used in [18].

The observation likelihood model given by Eq. (4) is
typically used for the track-before-detect problem in the
literature [15], [18]. The difference between the track-before-
detect method and ours is that our proposed method only uses
the depth image data when the miss-detections occur.

The observation model given by Eq. (4) can be applied to
another type of intensity such as a classification score of the
HOG feature (i.e., raw signal before thresholding). However,
the classification score distribution is dependent on the
training process of the HOG detector. Consequently, it may
not be suitable for autonomous robotics application where
off-line training simply does not cover enough scenarios. On
the other hand, the IR camera does not require training and
the depth information is inherently accessible. Therefore,
we propose to use the depth intensity image as a secondary
observation to compensate the imperfection in HOG
detections.
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B. Application to people tracking in 3D

In this subsection, we describe how the proposed observa-
tion model is used with the labeled RFS filter. First, to make
the paper self-contained, we briefly summarize the labeled
RFS filter’s prediction and update equation.

The multi-object state is a finite set X € & (X x L), where
L is a discrete set called the label space. The label for given
object state is defined as ¢ = (¢,i) where ¢ is the time of birth
and 7 is the index of individual objects at that time. The set
of labels of X is denoted by .Z(X) £ {£: (x,/) € X}.

We consider multi-object density of the form:

X
Y ofYazx)[p]
(1,6)eZ (Ly) x By 5)

-1 (X) = A(X)

where A(X) = 6 #(x) (IX|) is the distinct label indicator.
Here, Ly is the label space at time k, Z;_; £ @y x ... X @_;
denote the space of association map history to time k — 1,
where O, denotes the space of all association maps at time
t (an association map is a function 0 : L — {0,1,...,|Z|}
such that (i) = 0(i') > 0 implies i ={'). Each I € # (Ly_)
represents a set of tracks labels at time k . The pair (1,§)
represents the hypothesis that the set of tracks I has a

history £ of association maps. The weight a),&? represents

the probability of hypothesis (I,€) and p]@] (-,0) is the
probability density of the kinematic state of track ¢ for the
association map history &.

In the following, subscript B’ and ’S’ are used to distin-
guish the processes for new-born object and survived object,
respectively. B; is the label space of new-born objects,
Iy, (Y) is the indicator function meaning that whether the
label set Y is a subset of IL; or not.

1) Prediction:
The predicted multi-object density to time k is given by

X
Y offlazm)pd
(1.5)eF (L) < &y
(6)

Ti—1(X) = A(X)

where

w]&\lk@l = WB_’k(IﬁBk)a)éi) ([ﬁLk,l),
P 0 =1, (0pF) e 0+ (1= 11, (0)ppi(x.0),
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ng ()
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g ()= (1=psi 1 (0,07, (,0)).

Here, fix—1(x|-,¢) is the state evolution density for each

object state. In the implementation, we used the constant
velocity model as follows.

)

X =Fxp_1+Tvy
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where T; is the measurement scan interval, and v; ~
AN (v;0,Q) is a ii.d., Gaussian process noise vector with
0= 6313 where o, is the standard deviation of the process
noise acceleration. In the experiments, these values are set
by considering the maximum speed of the object regarding
to the frame rate; I3 is the 3 x 3 identity matrix.

2)Update: When the measurement is available the updated
multi-object density is given by

T (X|Zy) =

X
ax) Y Y oY@z [pg” ¢1z)]
(1,E)eZ (Ly) x E;, 0€6; )

where @y, is the space of mappings 6 : L, — {0, 1,...,|Z|},
such that 6(i) = 6(i") > 0 implies i =, and



Fig. 4. Missed-detections in selcted frames (first row: HOG detection with RGB data, second row: HOD detection with depth data)
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Note that yyz, (x,¢;0) is the generalized likelihood function
which integrates the two types of likelihood (i.e., Eq.(2) and
Eq.(4)).

For 3D people tracking, we have incorporated the pro-
posed observation model, i.e., Eq. (2)-(4) into the labeled
RFS filter. The first observation likelihood model is used
when the detection response from the HOG detector is

700 800 900 1000

Tracking results in 3D

available. When there is a missed-detection in the HOG
detector, we switch to the second observation model Eq. (4)
in order to improve the tracking performance.

At this point, it is required to know in which track the
missed-detection occurred. In a single person tracking case, it
is straightforward to declare the missed-detection. However,
in a multi-person tracking problem, it is difficult because
track labels and data association are related. This problem
is addressed by using the labeled RFS filter of [16], [17]
because it provides the track label and data association
information.

In summary, we propose a new form for the function
Yz, (x,4;0) in [16] where ¢ is the track label and 6 is
the association map so that the filter can deal with the
missed detections by switching to an alternative measurement
characterized by a corresponding likelihood. As the associ-



ation mapping results are available from the labeled RFS
filter [16], it automatically utilizes one of HOG detection
results or the depth intensity. With this mechanism, we
can address missed-detections intelligently to provide more
accurate tracking results. In the experiment, we consider
the linear Gaussian dynamic motion model and implement
the generalized labeled multi-Bernoulli recursion equations
based on particle approximation.

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the pro-
posed labeled RFS filter with switching observation model
on the RGB-D dataset of [4]. In our experiments, we also
considered the HOD detector for comparison purpose. It will
be shown that the HOD detections are not reliable in bearings
as opposed to the HOG detections because the bearing
information from the IR sensor module is not accurate.

The data set is generated by three vertically mounted
Kinect sensors assembled on a sensory tower at 1.5m height.
The data acquisition rate, i.e., frame rate, is 30Hz. In this
dataset, temporal missed-detections occur in the detector. The
HOG detector output depends on the detection threshold and
missed-detections are inevitable when we only use detec-
tions with high certainty. Likewise, there are also missed-
detections in the HOD detector. We display frames for
which both the HOG and HOD have missed-detections,
respectively, in Fig. 4. In these scenarios the combination
of HOG and HOD, called Combo-HOD [4], is not able to
alleviate the missed-detection problem as illustrated in the
results.

The missed-detection problem can be effectively addressed
by the proposed observation model. When missed-detections
occur in several time steps the tracker with single observation
model (including Combo-HOD) breaks down in the sense
that it treats the same object as a new track after few time
steps. This problem is alleviated by the proposed observation
model as illustrated in Fig. 6.

We compare three approaches: 1) proposed model with
HOG detector + depth intensity; 2) Combo-HOD; 3. HOD
detector + depth intensity; to show the superior performance
of the proposed observation model. Observe that the com-
bination of two types of detectors (i.e., Combo-HOD) could
slightly improve the tracking performance compared to that
of the single type feature (i.e., method 3). However, it could
not deal with mis-detections when both detectors failed (also
described in Fig. 4). The proposed hybrid observation model
using only the depth data (i.e., HOD + depth intensity) were
tested to verify that bearing information in HOD detector is
not good as the HOG detector.

Another possible implementation is the Combo-HOD with
the proposed hybrid model. Our experience suggests possible
improvement in the speed of the HOG detection with the help
of the scale-informed search as noted in [4]. However, the
tracking performance did not improve.

From the experimental results, it is recommended that
more reliable bearing information from RGB data should
be used and the depth intensity can be effectively used as a

secondary observation to cope with temporal mis-detection.
The tracking results of our method is also displayed in 3D
space in Fig. 5.

An important advantage of the proposed approach is that
it is general enough to apply to any type of detectors and
raw signal intensities. In the current tested data set, the
overlapping view of sensor is not effectively considered.
This is a future direction of research. Additionally, object
occlusion problem is another important issue that needs
further investigation.

V. CONCLUSION

In this paper, we have presented a hybrid observation
model that fuses the bearing and range information in RGB-
D data for detection and tracking in 3D space. The proposed
observation model is particularly effective when there are
RGB detection losses. To this end, the observation model
switches between the final detection response and the raw
signal density. The proposed observation model is verified
on a 3D multi-person tracking example. We used the labeled
multi-object Bayes filter as a tracking framework because it
provides target trajectories and allows the proposed observa-
tion model to be seamlessly integrated within the filter. The
proposed method has been successfully tested with a recently
published real-world RGB-D dataset.
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