


Abstract—This paper presents a new approach to accurately
track a moving vehicle with a multiview setup of RGBD cameras.
We first propose a correction method to eliminate a shift, which
occurs in the depth sensors when they become worn. This issue
could not be otherwise corrected with the ordinary calibration
procedure. Next, we present a sensor-wise filtering system to
correct for an unknown vehicle motion. A data fusion algorithm
is then used to optimally merge the sensor-wise estimated
trajectories. We implement most parts of our solution in the
graphic processor. Hence, the whole system is able to operate at
up to twenty five frames per second with a configuration of five
cameras. Test results show the accuracy we achieved and the
robustness of our solution to overcome the uncertainties in the
measurements as well as the modelling.

Index Terms—RGBD; real-time; tracking; multiview; Kalman
filter; robust ;ஶࡴ covariance intersection; GPU.

I. INTRODUCTION

OWADAYS, real-time tracking of moving objects in RGB
video streams has become one of the most targeted
research areas. Surveillance, sports reporting, video

annotation, and traffic management systems are a few of the
domains that have widely benefited from the advances in this
field [1]. At the highest current performance level, the RGB
data remains a limiting factor in giving a complete real world
view. Recent off the shelf RGBD sensors, such as the
Microsoft Kinect, provide great potential for better perception
of the surrounding space [2]. These cameras have the ability to
deliver both the 3D map of the scene along with the
corresponding colour image at a frequency of 30Fps.
In the present work, we focus on the use of multiple RGBD
sensors to accurately localise moving robots. The result of this
solution is used to feed augmented reality and robotic systems
with real-time pose data. The cooperative multiview sensing is
better able to overcome the occlusions among different views.
The latter leverages the joint action of all the sensors for more
reliable tracking. Nevertheless, the processing of large
amounts of 3D data is computationally expensive and as such
may inversely affect the response time of the system. Hence, a
need emerges for compromise between performance and
response time in the processing stream. The graphic
processing units (GPUs) are a very powerful tool when the
different parts of the data can be simultaneously processed [3].
In our case, the huge amount of 3D data parallel streamed by
the cameras is subject to a smoothing and a fusion algorithm.

The processing starts with the RGBD data acquisition. The
data is then sent through a smoothing stage to enhance its
quality[4]. The 3D positions of the targets are then computed
and sent to the Robust Hஶ filtering level to correct them.
Based on the single estimates, a data fusion algorithm is
applied to combine all the sensor-wise estimates of the
position in a unique consistent result.
Our three main contributions in the present work are:
 We improve the raw measurements of the RGBD sensor

using a mathematical correction model.
 We deal with the uncertainties in the model describing the

motion of the vehicle using the Robust ஶܪ filter, which
has the ability to deal with the uncertainties in the
measurements and the modelling.

 We apply the Covariance Intersection algorithm with
adaptive weighting coefficients computed from the specific
characteristics of our tracking setup.

The paper is structured as follows: in section II, we discuss the
state of the art of image based tracking applications. We then
explain the architecture of our system in section III. We give
the details about the first two modules of the system in section
IV. In section V, we detail the modelling of the uncertainties
how the objects can be accurately tracked without prior
knowledge of their motion. In section VI, we present the
covariance intersection technique. In section VII, we clarify
how it is possible to compute the orientation of the vehicle in
our solution. We validate our finding in section VIII, where
we plot the error graphs obtained from the real experiments.
Finally, we discuss the possible improvements and future
works in section IX.

II.RELATED WORKS

The tracking problem is generally divided into three stages:
motion detection, object segmentation, and object tracking [5].
Single-camera tracking methods suffer from object/object or
object/obstacle occlusions. The latter lead to failure as the
tracked entities become incorrectly associated [6]. Zhao et al.
[7] presented a method for people tracking with a single
camera. They used the 3D shape models of people that were
projected back into the image space to perform the
segmentation and to resolve the occlusions. Each human
hypothesis is then tracked in 3D with a Kalman filter using the
object’s appearance constrained by its shape. Okuma et al. [8]
propose a combination of Adaboost for object detection and
particle filters for multiple objects tracking. The combination
of the two approaches leads to fewer failures than either one
on its own, as well as addressing both detection and consistent
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track formation in the same framework. Leibe et al. [9] present
a pedestrian detection algorithm for crowded scenes. Their
method iteratively aggregates local and global patterns for a
better segmentation. These and other similar algorithms are
challenged by the occluding and the partially occluding
objects and appearance changes.
On the other hand, the cooperative multiview object tracking
has recently benefited from a large interest against a single
camera methods [6]. This advantage is largely driven by the
wider coverage of the scene, which is an asset in handling
occlusions. KidsRoom system developed at MIT Media
laboratory [10] uses a real-time tracking algorithm based on
contextual information. The algorithm uses the overhead
camera views of the space, which minimises the possibility of
one object occluding another. The system can track and
analyse the actions and interactions of people and objects. The
lighting is assumed to remain constant during the runtime. The
background subtraction is used to segment the objects [11],
and the foreground pixels are clustered into 2D blobs. The
algorithm then maps each person known to be in the room
with a blob in the incoming image frame. Pfinder (Person-
finder) is another real-time system for the tracking and
interpretation of human motion [12]. Motion detection is
performed using the background subtraction, where the
statistics of the background pixels are recursively updated
using a simple adaptive filter. The human body is modelled as
a connected set of blobs using a combination of spatial and
colour cues. Pfinder has been applied in a variety of
applications including: video games, distributed virtual reality,
providing interfaces to information spaces, and recognising
sign language. In our system, we only track robots in the first
stage. We also apply background subtraction to extract the
position of the markers on the vehicle. However, the
computation of the actual centre of mass is based on the
extraction of contours for every marker and the computation
of its corresponding zero-th and first moments [13].
From a filtering point of view, the tracking problem is
considered as a sequential recursive estimation problem. The
estimation combines the knowledge about the previous
estimate and the current measurement using a state/transition
model. In the image space, the measurement comes from the
relative 3D position of the vehicle in the space where it is
moving. Each frame is processed within a time step. The noise
statistics are deduced from the noise process affecting both the
measured and the estimated positions. The state/space
formalism, where the current tracked object properties are
described in an unknown state vector updated by the noisy
measurements, is very well adapted to the object tracking
problem. The sequential estimation has an analytical solution
under a very restrictive hypothesis. The Kalman filter (KF) is
an optimal solution for the class of linear Gaussian estimation
problems [14]. For the nonlinear systems, a number of
Bayesian techniques were proposed to perform the
optimisation. When the Gaussian distribution is assumed,
commonly used approaches include the extended Kalman
filter (EKF) [15] and the Unscented Kalman filter (UKF) [16].
The particle filter is another numerical method that enables an
approximate solution to the sequential estimation to be found.

[17]. All the filters above are very sensitive to the error in the
system’s model. In other words, if the system is imprecisely
modelled, which is very common in the real scenarios [18],
the accuracy of the estimation is not the optimal. To overcome
the uncertainty in the system, the Robust Hஶ filter (RF) is
known for its ability to cope with the uncertainties impinging
on the model and the measurements. The author is not aware
of any RF system being used for accurate tracking.
Furthermore, Covariance intersection (CI) [19] is applied to
combine the estimates computed upon the raw output of each
camera in a way that minimises the error in the global estimate
[20].
RGBD sensors have recently become very popular in the
capture of 3D data among professionals and researchers alike.
They do not deliver just the colour but also the depth
information at a frame rate of 30Fps. This information (colour
and depth) enables us to benefit from both the colour image
and the 3D geometry approaches to overcome the traditional
problems of many robotic and computer vision applications
such as human pose estimation [21], robot navigation [22],
SLAM [23], object tracking [24], and 3D scanning [25].
However, the 3D ,ݕ,ݔ) (ݖ point data resulting from these
RGBD sensors are more important in size than their colour
counterpart. Thus, emerges the need for the GPUs to achieve
real-time performance. There are many examples in published
literature that show the bottlenecks in processing are reduced
if the solution is implemented using the GPU, resulting in
higher performance. Kinect fusion [25] and the work of Tong
et al. [26] are the best examples.

III. SYSTEM OVERVIEW

A. Kinect camera

Kinect sensor1 is an RGBD camera that has the ability to
capture a depth map of the scene and its RGB colour image at
a frame rate of 30Hz and a resolution of 640 × 480 pixels. The
sensor contains an IR-projector that projects a set of IR
patterns onto the scene. An IR-camera captures the light
reflected by the projected patterns and an RGB imager senses
the colour of objects [27]. The sensor infers the depth of the
scene after the computation of the disparity with a
triangulation approach. After a calibration procedure, both the
RGB image and the depth data can be fused into a coloured
point cloud of about 300,000 points in every frame.
Although the Kinect comes with factory embedded calibration
parameters ࢞ࢌ) ࢟ࢌ, , ࢞ࢉ , ࢟ࢉ intrinsic parameters for both RGB

and IR cameras and the extrinsic parameters [ܴ, ܶ] of the IR-
RGB stereo setup) the actual accuracy of the capture may
range from less than one millimetre to many centimetres. This
clear difference depends on the state of the sensor, the target
application and the nature of the scene [28]. To reliably track
moving objects with Kinect, the sensor should be accurately
recalibrated. The native parameters are more generic and
remain the same for all the Kinects in the market. However,
the frequency of use and the external factors, which widely
differ from one application to another, can easily affect the
precision of the measurements [24].

1 http://www.xbox.com/en-GB/Kinect, 2012



B. Hardware and software configuration

Our real-time tracking setup is composed of ܰ = 5 Kinect
cameras covering a volume of 4 × 4 × 3 meters. All the
sensors are connected to the same workstation (Figure 1). The
hardware configuration encloses an INTEL i7 3930K CPU
with six physical cores (two logical cores per physical core)
running at 3.20 GHz, 16.0 GB of RAM as well as an NVIDIA
GeForce 2GB GTX 680 GPU. In the present research, we
track a ground robot (Pioneer P3-DX2). However, our tracking
system can be used to estimate the trajectory of any kind of
ground or aerial vehicle moving in indoor environments. The
robot moves freely in the space covered by the sensors
according to an embedded obstacle avoidance algorithm that
runs simultaneously with the capture. Therefore, we use a
more general motion model, which adapts to every possible
model of motion characterising the vehicle. From a software
point of view, we need to access the output of all the Kinects
simultaneously in real time. Thus, we used Kinect SDK 1.7.03

and CUDA4 to program the GPU. CUDA is a GPU/CPU
programming language that allows us to build heterogeneous
applications capable of running in the CPU and some kernels
to be launched in the GPU [29].

C. Real-time multi-Kinects tracking architecture

The system consists of four main modules through which
flows every synchronised set of RGBD data streamed by the
five sensors (see Figure 2, Figure 3):

2 http://www.mobilerobots.com/researchrobots/pioneerp3dx.aspx, 2013
3 http://www.microsoft.com/en-gb/download/details.aspx?id=36998, 2013
4 http://www.nvidia.com/object/cuda_home_new.html, 2013

1) Capture module

It streams the 3D point clouds to the tracker and to the
following stages of the platform. At this level, we associate a
thread to each sensor. This architecture allows full occupation
of both the CPU and the GPU during the capture.
Nevertheless, other sensor related limitations should be taken
into account when using multiple Kinects simultaneously. The
IR beams emanating from the projectors can interfere with
each other. They confuse the IR cameras when inferring the
disparity as it would be impossible to decide which IR speckle
belongs to which sensor. As a result, some holes may appear
in the 3D data because of the undefined disparity information
[30].Each thread acts independently by loading the data into
the GPU and performing the following computations:
 Filtering the unreliable �ࢠ elements (pixels where no

disparity information is available).
 Correcting the remaining valid depth values using the

appropriate correction models.
 Computing ࢞ ࢟, for the valid points only using the intrinsic

parameters of the IR camera.
 Mapping the colour image onto the depth image using the

stereo calibration parameters.

2) Markers extraction module

To compute the position and the orientation of the robot, we
fix three distinctive markers on its top (see Figure 1). The 3D
pose of the moving object is obtained by estimating its centre
of mass and the corresponding orientation. This becomes
possible because we have the colour data mapped with the
depth image. Consequently, we just need to fetch the markers
in the colour space, and then the corresponding 3D positions
are easily resolved. The background/foreground segmentation

TABLE 1
SYMBOLS AND THEIR CORRESPONDING MEANING

Symbol
Quantity/Unit/Range/

Size
Definition

ࡺ 5 Number of cameras covering the whole scene

࢞ࢌ ࢟ࢌ, pixel Focal lengths in pixel unit toward ܺ,ܻ axes respectively

࢟ࢉ,࢞ࢉ pixel Centre of the imager

܀ 3 × 3 Rotation transform from colour camera (RGB) frame to infrared (IR) frame

܂ 3 × 1 The translation describing the shift between RGB frame centre and IR frame

࢛ ࢜, pixel Coordinates of a given pixel in the IR frame

(࢜,࢛)ࢠ 0.8 – 4.5 (meter) Depth measurement (the distant that separates the sensor from the scene)

,࢟,࢞ ࢠ meter Coordinates of the robot in the world frame

,̇࢞ ,̇࢟ ࢠ̇ meter/second Velocities of the robot on the three axes of the world frame

,̈࢞ ,̈࢟ ࢠ̈ meter/second2 Accelerations of the robot on the three axes of the world frame

ࢋࢠࡿ_ࡵ 640 × 480 Size of the images in every RGB and Depth frame

ࡷ_ࢊ࢈ࢍࡾ 640 × 480 Raw RGBD (RGB + Depth) data streamed by the i-th (0 ≤ ݅ ≤ 4) Kinect sensor

ࡷ_ࢊ࢈ࢍࡾ_ࡼ 640 × 480 Pre-processed and aligned frames

࢙ࡼ 3 + 3 Position and orientation of the robot delivered by the i-th (0 ≤ ݅ ≤ 4) Kinect sensor

࢈ࡾ_ࡲࡾ 3 + 3 Position and orientation of the robot resulting from the Robust ஶܪ filter

࢜ 3 × 3 Covariance matrix associated to ܾܴ_ܨܴ

ࢽ,ࢼ,ࢻ 1 × 3 Orientations of the robot



module takes as input the aligned colour image and follows
these steps:
 RGB to HSV (Hue, Saturation and Value) conversion. This

conversion is motivated by the fact that the HSV space is
more robust to the light intensity changes [31].

 Colour thresholding to separate the markers from the
background.

 Erode and dilate the binary thresholded image.
 Actual extraction of the markers.
The output of this module is the raw position and orientation
data characterising the vehicle in its neighbourhood.
3) The Robust filtering module

The filtering module aims to enhance the quality of the
position and the orientation information. It acts on the whole
trajectory of the moving robot, and filters it according to a
rough state/transition motion model. However, for generality
and to allow the solution to work with any kind of ground or
aerial vehicles, we assume that we do not have an exact
model. We choose a classical Newtonian motion system with
approximate parameters. We compensate for the lack of
knowledge about the nature of the system by adapting the
Robust H∞ filtering scheme [32] to our Newtonian model of
motion. The output of this stage is the sensor-wise filtered
positions and orientations.
4) Data fusion module

At this level, we aim to combine all the sensor-wise estimates
to produce, in a cooperative manner, a complete and more
accurate position data. We use the external calibration
parameters of the Kinects with the reference frame to combine
the data with the covariance intersection technique [33][19]
following these steps:
 Transforming each position data for every Kinect to a global

reference frame.
 Applying the covariance intersection algorithm on these data

to produce a unique acceptable position and orientation
information.

As the markers can be occluded during tracking, it is necessary
to fill the missing data. In addition, the quality of the
measurements is not the same among the five viewpoints.
Thus, a weighting coefficient is associated to each sensor
according to the error in its measurements. These coefficients
promote the more accurate measurement. This approach allows
us to optimally fuse all the outputs in a more precise estimate
benefitting from the best of each sensor.

IV. CAPTURE AND MARKERS EXTRACTION

A. Capture module

1) Filtering the unreliable �ݖ��
We filter the unreliableࢠ��� to reduce the markers’ search
space in the corresponding RGB image. A depth value is
considered unreliable if:
 There is no disparity information at the raw depth pixel.
 It exceeds the interval of useful depth data (0.8m – 4.5m).
2) �ݖ correction with sensor’s model

After being used for a long time, every electronic device
suffers from a decrease in accuracy. The quality of the 3D
map obtained by the Kinect sensor is highly affected by the
performance of its IR setup. However, the RGB camera

(passive part of the device) is more robust and the colour
image remains unaffected for a longer time.
To ensure a higher precision in our tracking system, we
propose an effective correction approach to enhance the
quality of the measurements among different Kinects covering
the same scene. To this end, we compute a function that takes
as input the shifted raw outputs of the device and corrects
them. This approach is justified by the fact that the regular
camera calibration procedure cannot handle this drop in the
quality of the disparity measurements. The origin of the
problem is not related to the optical configuration of the
infrared camera, but to an error factor generated by disparity
computation module [34]. The latter is an offset that appears
in the estimation of the distance between the sensor and the
object. Its value becomes more important as the object
becomes further away. Our purpose is to correctly remap the
shifted depth (ࢎ࢙ࢠ) to its respective correct value. Hence, we
take the depth measurements output by the sensor along with
their correct ground truth counterparts ,(࢘ࢉࢠ) the pairs ,ࢎ࢙ࢠ)
(࢘ࢉࢠ are related by a function:

(௦ݖ)݂ = ௦ݖ − ݖ (1)

(ࢎ࢙ࢠ)ࢌ represents the shift from the correct reading. It
computes for every depth value the corresponding error based
on the ground truth reference (࢘ࢉࢠ) as shown in equation (1).
(ࢎ࢙ࢠ)ࢌ is computed from the sample points taken
simultaneously from Kinect and a high precision tracking
system5. Once we obtain the pairs ,ࢎ࢙ࢠ) ,(࢘ࢉࢠ we fit the sparse
data with a polynomial approximating the shape of the
representative curve. The same polynomial will serve as a
model, which takes as input a raw measurement (ࢎ࢙ࢠ)
generated by the Kinect and outputs a corrected estimate
.(࢘ࢉࢠ) Nonetheless, the shift is not calculated for all the
300,000 points in the frame. Instead, we focus on correcting a
limited set of known Z-Levels (Figure 4) that can exist in the
point cloud [35]. Thus, we attribute to each raw range value a
respective corrected value. As a result, the correction of the
whole depth image is reduced to the correction of the known
Z-Levels only.
3) ,�ݔ �ݕ�� computation and stereo mapping

Kinect has two cameras, one for the colour image and the
other for the depth data. However, we do not actually know
the depth of a given pixel in the colour image because the two
cameras have different viewpoints. Hence, we need a proper
stereo calibration to get the right [R, T] transformation that
relates both cameras. We first compute the world
coordinates࢞���, �࢟�� for every valid pixel coordinates
(equations (2), (3)). To complete this step, we need the
calibration parameters of the IR camera:

ݔ = ൫ _ݑ − ܿ௫_൯ ݖ / ௫݂_ (2)

ݕ = ൫ _ݒ − ܿ௬_ ൯ ݖ / ௬݂_ (3)

Afterwards, we apply the stereo calibration parameters [R, T]
on the point ,�࢞)ࡼ ,�࢟� (�ࢠ� to transform it from the IR

5 http://www.naturalpoint.com/optitrack/, 2013



Figure 1. Multi-Kinects real-time tracking system

Figure 2. Capture and markers extraction modules

Figure 3. Filtering modules

coordinate system to the RGB frameࡼ�Ԣሺ࢞�Ԣ�ǡ �ǡԢ࢟� (�Ԣࢠ�
(equation (4)):

ܲ′ = ܲࡾ + ࢀ (4)
In the next step, we re-project ܲԢ to the RGB imager using the
intrinsic parameters of the colour camera (equations (5), (6)).

_ݑ = ൫ ′ݔ ௫݂_ / ′ݖ ൯ + ܿ௫_ (5)

_ݒ = ൫ ′ݕ ௬݂_ / ′ݖ ൯ + ܿ௬_ (6)

The output is a coloured 3D point cloud where every point
�ǡ࢞ሺࡼ �ǡ࢟� (�ࢠ� has its own colour and world coordinates.

(a) Actual output of the camera (b) Structure of the Z-Levels

Figure 4 Kinect depth data

B. Markers extraction

1) RGB to HSV conversion



RGB colour model is the often used in computer and
electronic systems. However, this coding has many
downsides when we consider the colour from a perceptual
point of view [31]. When we try to decide whether an object
of a known colour exists in a given image like a human does,
we notice a large difference between the respective RGB
combinations of the source and target objects. This even
happens when a small change in the lighting occurs. On the
other hand, HSV colour coding was proven to be less
sensitive to the light intensity and the shadows [36].
2) Colour thresholding and the morphological operations

Once we convert our image to HSV space Figure 5 (a), we
need to localise the areas of similar colour as the target. The
thresholding and the binarisation Figure 5, are used to
recognise and extract the three yellow markers from the scene.
The alignment between the colour image and the depth map
allows us to obtain the 3D coordinates for each marker. We
apply erosion on the binary image to eliminate the disturbing
noise spots, followed by a dilation to recover the eroded part
of the areas representing the markers. The 3D position of the
robot is the centre of the triangle defined by the three markers.
On the other hand, the orientation of the robot is deduced from
the centre of the triangle and the frontal marker.
3) Markers extraction

After localising the markers in the binary image, we proceed
to the actual computation of their centres of mass. We start by
extracting the contours of every marker in the binary image
(white spots in Figure 5 (b)). Afterwards, we compute the
zero-th and the first moments of each marker in the binary
image [13] using equation (7).

,ߤ =   (ݕ,ݔ)݂ݕݔ
ஶ

௬ୀ

ஶ

௫ୀ

(7)

To compute the centroid of the markers in our binary image
we use the first moments μଵ, μଵ and the moment μ
(represents the area covered by the marker). The marker’s
centroid coordinates are:

(ݕ,ݔ) = ൬
ଵߤ
ߤ

,
ଵߤ
ߤ

൰ (8)

This technique is robust to noise. The centroid might be a little
bit shifted because of some noisy contour elements. However,
the error in its position does not significantly affect the
accuracy of our tracker even if the target is further away.

(a) HSV image (b) binary image (c) tracked markers
Figure 5. Markers extraction

V.ROBUST FILTERING

A. Motion model

Raw Kinect position measurements are only precise at close
range from the sensor because the error in position remains
below 5cms for 3 meters the correction module we introduced.
It becomes below 5cms for up to 4.5m depth after the
correction. However, the accurate tracking of moving objects
requires a higher accuracy with an acceptable additional
computational load. To fulfil this requirement in a relatively
large indoor space, we apply the robust ஶܪ filtering [32] on
the trajectories delivered by the five cameras. Our need for
such a filtering scheme is motivated by its ability to deal with
the problem of uncertainty in the model describing the motion
of the vehicle. If the filter becomes too tight to the imprecise
model of the vehicle, the tracking would fail within a few
iterations. In the context of this work, the tracked entities are
assumed to move irregularly. The translation, the rotation and
the occlusions between the rigid bodies often occur in real
situations. As a consequence, a constant velocity model is
difficult to adapt. On the other hand, the acceleration of the
ordinary ground and flying robots is more stable and does not
change in magnitude like it does in sign, because of the
smooth and gradual variations of velocity. Consequently, the
motion of the vehicle tends to follow a Newtonian model with
a varying velocity and a bounded acceleration. To correct the
raw position data output by the cameras in real time, the filter
should be able to robustly predict the next state of the
vehicle ,ࢀ[ሶࢠ�̇࢟�̇࢞�ࢠ�࢟�࢞] and correct it accordingly after
obtaining the measurements and the control input (the
acceleration). However, the filter is not applied to the
orientation data. The computation of the latter is based on the
estimated positions of the markers and the centroid of the
robot.
For the ,࢟,࢞) (ࢠ position of a given marker, the motion model
will be:

⎩
⎪⎪
⎨

⎪⎪
ାଵݔ⎧ = ݔ + ݔ̇ܶ +

ܶଶ

2
ݔ̈

ାଵݕ = ݕ + ሶݕܶ� +
ܶଶ

2
ሷݕ

ାଵݖ = ݖ + ݖ̇ܶ +
ܶଶ

2
ݖ̈

(9)

The equations of the corresponding velocities ሶݔ) ሶ,ݕ, (ሶݖ are:

൝

ାଵݔ̇ = ݔ̇ + ݔ̈ܶ
ାଵݕ̇ = ݕ̇ + ݕ̈ܶ
ାଵݖ̇ = ݖ̇ + ݖ̈ܶ

(10)

The state-transition system is:

ାଵݏ = ݏܨ + ݑܤ + ݓ
ݐ = ݏܪ + ݒ

(11)

Where:

ݏ = ݔ] ݕ ݖ ݔ̇ ݕ̇ ்[ݖ̇

ݐ = ݔු] ݕු [ݖ̌
ݑ = ݔ̈] ݕ̈ [ݖ̈
ܪ = ,ଷܫ] 0ଷ]

(12)



At every time-step�; ࢙ is the estimated state of the vehicle
(position and velocity); ࢚ is the measurement output by the
sensor;࢛� : the accelerations of the vehicle along the three
axes;ࡽ� : the covariance of noise affecting the system
ࡾ�;(࢝) : the covariance of noise affecting the measurements
.(࢜)
From the equations (9), (10); the state-transition matrix ࡲ
becomes (13).

B. Robust ஶܪ filter

In the practical situations, the exact model of the system may
not be available. The performance of such system becomes an
important issue. The robust Hஶ filter [18], adopts as process
and measurements models the state space representation in
(15). In our case, the matrices of such models are defined by
(13), (14):

ାଵݏ = ܨ) + ݏ(ܨ∆ + ݑܤ ݓ+
ݐ = ܪ) + ݏ(ܪ∆ + ݒ

(15)

At time-step�; ࢝ and ࢜ are uncorrelated zero-mean white
noise processes with the covariance matrices ࡽ and ࡾ
respectively. The matrices ࡲ∆ and ࡴ∆ represent the
uncertainties in the system and the measurements matrices.
These uncertainties are assumed to be of the form:

ቈ[
ܨ∆
ܪ∆

] = ቈ[
ଵܯ

ଶܯ
] ߁ ܰ (16)

ࡹ�,ࡹ and ࡺ are three known matrices, and ࢣ is an
unknown matrix satisfying the bound:

߁
߁் ≤ ܫ (17)

It is assumed that ࡲ is non-singular. This assumption is not
too restrictive; ࡲ should be non-singular for real systems
because it comes from the exponential of the system matrix
(the matrix exponential is always non-singular). The problem
is to design a state estimator of the form:

ାଵݏ = ݏ෨ܨ + ݐܭ (18)

with the following characteristics:
 The estimator should be stable (the eigenvalues of ෩ࡲ
should be less than one in magnitude).
 The estimator error satisfies the following worst-case
bound:

max
௪ೖ,௩ೖ

‖ଶݏ̃‖
‖ଶݓ‖ + ‖ைభషభݏ̃‖+‖ଶݒ‖ + ‖ைమషభݏ‖

≤
1

ߠ (19)

 The estimation error of ࢙ satisfies the following RMS
bound:

ݏ̃)ܧ ݏ̃
்) < ܲ (20)

The solution of this problem can be achieved by the following
procedure:
1) Choose a scalar sequence ࢻ >  and a smallࢿ� > �.
2) Define the following matrices

ܴଵଵ = ܳ + ଵܯଵܯߙ
்

ܴଵଶ = ଶܯଵܯߙ
்

ܴଶଶ = ܴ + ଶܯଶܯߙ
்

(21)

3) Initialise ࡼ and ෩ࡼ as follows:

ܲ = ଵܱ
෨ܲ
 = ܱଶ (22)

ࡻ,ࡻ are the initial values we attribute to the estimation error
covariance matrices for the computation of ,ࡲ�,ࡾ�,ࡾ�
ࡴ and .ࢀ Although these parameters have initially large
values, the filter automatically tunes them within few
iterations. Hence, the process reaches a steady state, and the
error in estimation decreases to its lowest levels.
4) Find the positive definite solutions ࡼ and ෩ࡼ satisfying the
following Riccati equations:

ܲାଵ = ଵܨܩଵܨ
் +ܴଵଵ+ܴଵଵܴଶܴଵଵ

் −

൫ܨଵܩܪଵ
் +ܴଵଵܴଶܴଵଶ൯ܴ

ିଵ൫ܨଵ ܶܪଵ
் +ܴଵଵܴଶܴଵଶ൯

்

ܫߝ+

(23)

෨ܲ
ାଵ = ܨ ෨ܲܨ

் + ܨ ෨ܲ ܰ
்൫ߙܫ

− ܰ
෨ܲ
 ܰ

்൯
ିଵ

ܰ
෨ܲ
ܨ

்+ܴଵଵ + ܫߝ (24)

Where the matricesࡾ�ࡾ�,ࡲ�,, ࡴ and ࡳ are defined as:

ܴଵ = ( ෨ܲ
ିଵ − ܰ

்
ܰ/ߙ)ିଵܨ

் (25)
ܴଶ = ܴଵ

ିଵ( ෨ܲ
ିଵ − ܰ

்
ܰ/ߙ)ିଵܴଵ

ି் (26)
ଵܨ = ܨ + ܴଵଵ ܴଵ

ିଵ (27)
ଵܪ = ܪ + ܴଵଶ

் ܴଵ
ିଵ (28)

ܩ = ( ܲ
ିଵ − ଵି(ܫଶߠ (29)

5) If the Ricatti equation solutions satisfy:

1

ଶߠ
ܫ > ܲ

(30)

ܫߙ > ܰ
෨ܲ
 ܰ

் (31)

Then the estimator of equation (18) solves the problem with:

ܭ = ൫ܨଵ ܶܪଵ
் +ܴଵଵܴଶܴଵଶ൯ ෨ܴ

ିଵ (32)
෨ܴ
 = ଵܪ ܶܪଵ

் +ܴଵଶ
் ܴଶܴଵଶ+ܴଶଶ (33)

ܨ = ଵܨ − ଵܪܭ (34)

ܨ = 
ଷܫ ଷܫܶ

0ଷ,ଷ ଷܫ
൨ (13)

ܤ = 
ܶଶ

2
ଷܫ

ଷܫܶ


(14)



The parameter ࢿ is generally chosen as a very small positive
number. In our case it was fixed to ࢿ = ିૡ.
The parameter ࢻ has to be chosen large enough so that the
conditions of equations (30), (31) are satisfied. However,
when ࢻ increases ࡼ also increases, which results in a looser
bound for the RMS estimation error [18].
A steady-state of the robust filter can be obtained by letting
the parameter ାࡼ� = ࡼ and ା෩ࡼ� = ෩ࡼ in equations (24). In
our case, we compared the raw tracking results delivered by
the Kalman filter; against the trajectory filtered with the
Robust ஶܪ filter. With the application of this filter we have a
more robust tracker.
The adaptation of the Robust ஶfilteringܪ scheme is proven to
be flexible and able to produce accurate state estimation based
on the uncertain system parameters. This asset enables us to
track the vehicles without the exact knowledge of their motion
model. The Robust ஶfilterܪ showed very interesting results in
several automation and control applications [37] [38]. More
importantly, the results we obtained and the error in estimation
compared to the ground truth measurements show the
effictivness of our approach against the naïve filtering scheme
(Kalman filter does not consider the uncertainties in the
system). The latter does not have the ability to cope with the
uncertainty. Nevertheless, if the exact model becomes
available, the Robust ஶܪ filter performs even better.
Although in many real cases the exact model is hard to
determine [39]. The Robust filter combines the robustness of
ஶܪ (it is less affected by the accuracy of system’s parameters)
and the optimality of Kalman filtering.

VI. TRACKING DATA FUSION

The precision of some Kinects’ tracking measurements can be
important particularly if the target moves far from them. In
addition, if there are many targets moving around the
obstacles in the same scene, occlusions can appear and
consequently prohibit the decent recognition of the vehicles.
At this level of our pipeline, we propose to develop the
cooperation between multiple Kinects with the application of
covariance intersection filter [19]. We combine the estimated
positions delivered by all the cameras (after being filtered by
robust ஶܪ filter) in one consistent estimate that precisely
determines the pose of the vehicle in its space.

A. Covariance intersection Filtering

Based on the estimates determined by the Robust ஶܪ filter
ෝ࢞� ( ≤  ≤ (ࡺ at time step�, and their respective
covariance matricesࡼ�; we compute a combined estimate ࢞
with its error covarianceࡼ��where the true state of the system is
࢞ (real position of the vehicle).
If we consider ࡺ unbiased estimates related to each camera
,ෝ࢞ ෝ࢞,ෝ࢞ … ࡺෝ࢞. for the unknown state vector࢞�:

In the presence of a correlation between the estimation errors,
the estimated ࡼ may become far too optimistic and this can
cause divergence in sequential filtering. A conservative
estimate can be given by applying the covariance intersection
according to:

With the nonnegative coefficients ߱ verifying the following
consistency condition:

߱

ே

ୀଵ

= 1 (39)

An estimate can always be obtained with:

ܲ ≥ ܲ ≔ ݔ)]ܧ − ݔ ݔ)( − ݔ )்] (40)

Where �ࡼ ≥ ࡼ denotes the fact that ࡼ − �isࡼ positive semi-
definite. Consequently, the coefficients ߱ are meant to
minimise either the trace or the determinant of��ܲ.
In order to avoid the possibly high numerical implementation
effort to find the solution of this nonlinear optimisation
problem, Neihsen [19] has proposed a fast approximate
solution.
For (ࡼ)ࢋࢉࢇ࢚࢘ ≤ ;(ࡼ)ࢋࢉࢇ࢚࢘ ≤ , ≤ ࡺ one would
expect ࣓ ≥ .࣓
From a computationally optimal point of view, rather than
using the estimation uncertainty ࡼ the authors in [33]
introduced the estimation certainty by consideringࡿ�� =
ࡼ
ି :

߱ =
(ܵ)݁ܿܽݎݐ

∑ )݁ܿܽݎݐ ܵ)
ே
ୀ

(41)

Equation (41) means that the greater (ࡿ)ࢋࢉࢇ࢚࢘ is (the more
certain we are about the estimate ,(ෝ࢞ the higher the
corresponding weight ࣓ will be. On the other hand, the
smaller (ࡿ)ࢋࢉࢇ࢚࢘ is, the lower the weight�࣓ becomes.
More importantly, the consistency condition (39) remains
satisfied:

߱

ே

ୀଵ

=
∑ ே(ܵ)݁ܿܽݎݐ
ୀ

∑ )݁ܿܽݎݐ ܵ)
ே
ୀ

= 1
(42)

ݔ = ܲ ܲ
ିଵݔො

ே

ୀଵ

(35)

ܲିଵ =  ܲ
ିଵ

ே

ୀଵ

(36)

ݔ = ܲ߱ ܲ
ିଵݔො

ே

ୀଵ

(37)

ܲିଵ = ߱ ܲ
ିଵ

ே

ୀଵ

(38)



B. Covariance intersection for multikinect tracker

As we explained earlier, some Kinects may be faulty and
consequently produce erroneous measurements when the
target is far away from the sensor. However, with a
cooperative multiview setup, the final estimate of position and
orientation can be jointly corrected. The correction is led by
the weighting coefficients which give higher weighting to the
more accurate measurements delivered by each camera in the
multiview setup covering the whole scene.
Another contribution of the present work is the adaptive
weighting scheme based on the assessment of the quality for
each estimate resulting from the Robust ஶܪ filter and the
confidence in the raw measurements delivered by the camera
itself. Indeed, we introduce a quality factor for each of the
cameras capturing the motion of the vehicle. This quality
indicator is obtained from the remaining error in the sensor
after applying the appropriate correction model. The
mathematical formulation is as follows:
For the processing thread of the n-th camera:
ࡼ : is the covariance matrix of the error in the estimate
delivered by the Robust ஶܪ filter.
ࡷ : is the covariance matrix characterising the residual error
after correction.
ࢆ : is a positive scalar factor representing the distance
between the target and the camera.
The last assumption is motivated by the fact that the smaller
the depth of the target is, the more accurate the resulting
measurement becomes.
Figure 6 depicts the situation where every sensor has its native
hardware accuracy matrix ࡷ (Red circles). Moreover,
depending on the distance separating the camera from the
target ,(ࢆ) we introduce the weighting coefficientࢆ�:
For every pair of position estimates ොݔ ǡ ොݔ the following
condition should be satisfied:

(ܭ)ݎݐ + )ݎݐ ܲ) + ܼ ≤ (ܭ)ݎݐ + )ݎݐ ܲ) + ܼ ⇒ ߱ ≥߱ ;

1 ≤ ݊,݉ ≤ ܰ (43)

Equation
(43) means that ෝ࢞ affects the final estimate ࢞ more than ෝ࢞
does and ࡼ affects the final error in estimation �moreࡼ than
ࡼ does. In our tracking algorithm, we considered Niehsen’s
[19] findings about the fast covariance intersection. In
addition, we included the uncertainty characterising the
quality of the measurements delivered by the sensor. Our
weighting coefficients are given by the expression below:

߱ =

∑ (ܭ)ݎݐ) + )ݎݐ ܲ) + ܼ)
ே
ୀଵ
ஷ

∑ (ܭ)ݎݐ) + )ݎݐ ܲ)
ே
ୀଵ +ܼ)

(44)

Another form of the same expression is more adequate to
reduce the load of computation:

߱ =
∑ (ܭ)ݎݐ) + )ݎݐ ܲ)+ܼ
ே
ୀଵ ) − (ܭ)ݎݐ) + )ݎݐ ܲ)+ܼ)

∑ (ܭ)ݎݐ) + )ݎݐ ܲ)+ ܼ
ே
ୀଵ ) (45)

Figure 6. Covariance intersection parameters

Consequently, we only need to compute the traces of the
matrices once. The denominator ∑ ሺݎݐ(ܭ) )ݎݐ ܲ)ܼ

ே
ୀଵ ) is

also computed once. Afterwards, we subtract the
corresponding parameter (ܭ)ݎݐ)  )ݎݐ� ܲ)ܼ) appropriate to
every one of the estimates. The condition of consistency (39)
remains verified as ∑ ߱ே

ୀଵ 
= 1. The experiments conducted

using this approach proved that the equation (45) is more
realistic and suitable for the real tracking scenarios.

VII. ORIENTATION COMPUTATION

Until this point, we have not discussed the computation of the
direction towards which the robot is heading. However, our
current solution is already able to deliver the 6DoF without
any need to process the orientation data independently. In the
published literature, the common way to compute orientation
during the motion of the vehicle is the well-known slow least
square based algorithms. This category of solutions produces
the elementary rotations and translations between the
successive states taken by the robot. Thus, we considered it to
be unsuitable for our real time solution.
Once we obtain an accurate estimate of the centroid, we can
easily compute the remaining three orientation components
,ࢻ) ,ࢼ (ࢽ by applying some simple trigonometry on the
accurate positions of the centroid and the frontal marker
(Figure 7 (a)(b)). This method is effective as it avoids us
complicating the filter with the extra load of computations
regarding the orientation.

(a) Heading vector (upper view) (b) Heading vector (side view)

(c) Pose of the robot in the scene (d) Orientation definition
Figure 7. Orientation computation.



݃ܽܯ = ඥ(ݔ − ଶ(′ݔ + ݕ) − ᇱ)ଶݕ + −ݖ) ᇱ)ଶݖ (46)

ߙ = ݏܿݎܽ ቆ
ݔ − ᇱݔ

݃ܽܯ
ቇ

(47)

ߚ = ݏܿݎܽ ቆ
ݕ − ᇱݕ

݃ܽܯ
ቇ

(48)

ߛ = ݏܿݎܽ ቆ
ݖ − ᇱݖ

݃ܽܯ
ቇ

(49)

Figure 7 (c), (d) illustrates how the problem of defining the
orientations can be formulated. From the equations (47), (48),
(49), one can directly obtain the correct angles that define
where the vehicle is heading without any confusion. In
addition, it is possible to compute the 3D rotation between two
different orientations by just using the angles characterising
the two poses.

VIII.RESULTS AND DISCUSSION

All the following stages are based on our hardware
configuration. For programing, we used C++ and CUDA for
the GPU/CPU heterogeneous coding.

A. GPU implementation of the capture and marker extraction
algorithms

The subject images we are processing have a VGA resolution
(640×480) delivered at the same frame rate of the camera to
allow the following applications to fully exploit the frame rate
offered by the sensor. When we first ran the correction on a
regular CPU, the maximum achieved frame rate was 15 fps.
Hence, emerges the need to implement the bottlenecks of our
solution in the GPU. On the other hand, the image data is
more naturally organised to fit GPU blocks. Where every
element in the block (thread) processes a single pixel at time
[40]. Figure 8 illustrates how the depth image output by the
camera is divided into image blocs of a constant size (16 × 16
pixels; so 256 threads is the size of the block in our
implementation). The pixels of the same image bloc are
processed simultaneously in the same GPU thread bloc. As a
result, for every pixel in the image there is an attributed thread
in the GPU. The latter runs the actual kernel on a single depth
pixel (range reading). This scheme is straightforward because
there are no constraints between the pixels and the order in
which they should be processed. Otherwise, more specific
techniques should be applied to benefit from the parallel
computational ability of the GPUs. The complexity of
processing is reduced to the complexity of the algorithm
running in the Kernel, which indeed is constant.
Other considerations should be addressed to optimise the
utilisation of all the available hardware capability. Basically,
the design of the heterogeneous algorithms aims at a higher
occupancy of the processors and full usage of the bandwidth
when exchanging data between the central memory (RAM)
and the global memory of the GPU (GMGPU)[41]. To this
end, we focus on two optimisation aspects:
Running asynchronous transfers When the GPU is
processing the current frame, the bus between it and the
central memory is entirely free.

Figure 8.Kalman filter GPU implementation for depth map filtering

(a) RAM/GMGPU transfer (b) GMGPU RAM Data loading
Figure 9. Optimisation of data exchange in the GPU

We therefore benefit from this idleness to exchange data. In
other words, the following frame (ା࢚ࢌ) is sent from the RAM
to the GMGPU, and the already available result (ି࢚Ԣࢌ) is sent
back to the RAM. Simultaneously, the current frame (࢚ࢌ) is
being processed on the device (GPU) (Figure 9(a)).
Memory coalescing: The GPU automatically loads the
content of adjacent memory cells because its internal design
assumes that it is highly probable for neighbouring data within
the same area to be sooner requested as well [42]. Memory
coalescing is another optimisation that significantly helps to
increase the probability of threads in same warp (a group of 32
threads from the same thread block running simultaneously) to
fetch the data from the memory together. The purpose of
memory coalescing is to ensure that the threads access the
same memory segment to only pay one memory transaction.
However, if the threads of the same warp fetch sparse
addresses then it will cost 32 memory transactions.
Appropriately organising the data in device memory allows
such contiguous access to happen automatically.
Programmatically , structure of arrays rather than the easy use
of array of structures significantly increases the chances of
loading a chunk of memory containing the data for not only
the thread which requests it, but also for its neighbours in the
warp. Figure 9 (b) illustrates what happens when a thread
fetches a given cell in the global memory.
The CPU and the GPU are significantly different. A GPU can
handle large amounts of data in many streams, performing
relatively simple operations, but it is inadequate for heavy
processing on a single or few streams. A CPU is much faster
on a per-core basis and can perform complex operations on a
single or few streams of data more easily. Consequently, the
robust filter and the covariance intersection algorithms have
not been implemented in the GPU. The reason is that they do
not interact with a large amount of image data. Hence, they
just smooth the 3D positions of the markers. More
importantly, we were able to filter the five position data using
a CPU-based multithreaded architecture where each thread
handles the stream of a given camera. The fusion algorithm is



then executed on the resulting estimates to find the correct
pose of the vehicle.

B. Sensor first stage correction

To illustrate the effect of our sensor correction method, we
conducted some experiments where two Kinects of different
measurement precisions were corrected. Figure 10 and Figure
11 illustrate two cases where a drifty and a healthy sensor
were adjusted using an eight degree polynomial. The first
column of both figures ((a) before correction) presents the
graphs of the function(ࢎ࢙ࢠ)ࢍ� ൌ࢘ࢉࢠ�. :ࢎ࢙ࢠ) shifted
depth;࢘ࢉࢠ��: ground truth depth). The more the fitting line
approaches࢟�� ൌ ,࢞� the more accurate the sensor will be (the
range measurement delivered by the Kinect is closer to the
ground truth). With the faulty sensor (Figure 10), the curve
representing (ࢎ࢙ࢠ)ࢍ is clearly shifted below࢟� ൌ .࢞� This
happens because the sensor overestimates the range of the
objects in front of it. As a consequence, such behaviour limits
the ability of the sensor to fully capture the 3D geometry
within the working range (0.8m to 4.0m). On the other hand,
with the good sensor (Figure 11), the representative curve is
almost superimposed on ࢟ ൌ ࢞� when the depth of the object is
below 4.0m. When the object goes further than permitted by
the manufacturer ࢎ࢙ࢠ) > 4.0m), the accuracy drops and the
corresponding fitting line slightly shifts above࢟� ൌ .࢞�
To correct the sensor, we plot the points�ሺࢎ࢙ࢠǡ ࢎ࢙ࢠ െ࢘ࢉࢠ�). We
then fit them with a polynomial (ࢎ࢙ࢠ)ࢌ that minimises the
error between࢘ࢉࢠ������ࢎ࢙ࢠ� in the least squares sense
(column (b) in Figure 10, Figure 11). In practice, we found
that an eight degree polynomial adequately represents the set
of points with a small error factor. The correct depth of ࢎ࢙ࢠ is
obtained by evaluating (ࢎ࢙ࢠ)ࢌ for the whole depth map.
Because of the limited number of discrete depth values that
can exist in any point cloud output by the Kinect [35], we
compute for each raw range value (ࢎ࢙ࢠ) a respective corrected

value .(࢘ࢉࢠ) As a result, the correction of the depth image is
reduced to the correction of the known depth levels [35].
The depth correction module runs in the GPU on a pixel by
pixel basis. We apply the correction only on the valid depth
readings before any further processing takes place to ensure a
better quality of data. This allows us to fully benefit from the
available accuracy of the sensor. After the correction (column
(c) in Figure 10, Figure 11), the depth data is almost the same
as the ground truth. However, for greater range values, the
resolution of the sensor decreases and only some discrete
measurements can be obtained. As we can see from the
figures, the density of the samples we used to compute the
correction model decreases with increasing range. TABLE 2
shows the error in measurements for some of the Kinects used
in our cooperative multiview tracking experiments:

Kinect_0 Kinect_1 Kinect_3 Kinect_4
Before 0.1114 0.1474 0.2189 0.0703
After 0.0490 0.0598 0.0633 0.0538

TABLE 2. RMSE (m) for some Kinects before and after the correction

C. The Robust ஶܪ filter

The results discussed in the following sections are obtained
from the setup shown in Figure 12.
Figure 13, Figure 14 present respectively the best and the
worst performances of the Robust ஶܪ (RF) tracking algorithm
along with comparative results when delivered by the

Figure 12. X,Y and Z axes in our experimental setup

(a) Before correction (RMSE = 0.2189m) (b) Error model (c) Result after correction (RMSE = 0.0633m)
Figure 10. Drifty Kinect

(a) Before correction (RMSE = 0.0703m) (b) Error model (c) Result after correction (RMSE = 0.0538m)
Figure 11. Good Kinect



(a) X RMS (m) (b) Y RMSE (m) (c) Z RMSE (m)

(d) 3D view of the trajectory (e) XZ view of the trajectory

Figure 13. The best tracking results after applying Robust ஶࡴ and Kalman filters on X,Y and Z coordinates

(a) X RMS (m) (b) Y RMSE (m) (c) Z RMSE (m)

(d) 3D view of the trajectory (e) XZ view of the trajectory

Figure 14. The worst tracking results after applying Robust ஶࡴ and Kalman filters on X,Y and Z coordinates



Kalman filter (KF). As we explained earlier, the motion model
of the robot is unknown. Hence, we applied a generic
Newtonian system to mimic its behaviour. Afterwards, we
overcome the uncertainties with the robust ஶܪ filter.
For X and Y coordinates (X, Y and Z axes are shown in Figure
12), Figure 13 and Figure 14 show almost similar error shape
for the two filters: Kalman and Robust .ஶܪ This happens
because of the similarity in the model of motion for both
algorithms. Nevertheless, the tracking error with Robust ஶܪ is
smaller. The smallest error within all five cameras for X
coordinate was 0.0403m with RF against 0.0546m for KF
(Figure 13(a)). The worst case in X was 0.0450m for RF
against 0.0580m for KF (Figure 14(a)). For Y coordinates, the
best RMSE was 0.0252m with RF against 0.040m for KF
(Figure 13 (b)). The worst case in Y was 0.0253m with RF
against 0.0429m for KF (Figure 14(b)).
For Z component the best result with RF was 0.0493m against
0.0590m for Kalman filter (Figure 13(c)). The worst result
was 0.053m with RF against 0.0634m for KF (Figure 14(c)).
Throughout all the experiments, the RF was the less affected
by the inaccuracies in the parameters of the system and always
gives the best estimation. More importantly, it was able to
predict the position of the moving robot even if no
measurements were available. The detailed results for all the
five sensors are given in TABLE 3, TABLE 4, TABLE 5.
The results shown in these tables are obtained after the
correction of all cameras with their respective models. On the
other hand, the effectiveness of some sensors against others is
highly biased by the trajectory of the vehicle. If all the
cameras have the same accuracy, the closest one to the robot
will be the best candidate to precisely capture the position.

D. Covariance intersection (CI)

At the final stage of our cooperative multiview tracking
pipeline, the covariance intersection filter (CI) is adapted to
fuse the position data resulting from the sensor-wise estimates.
To validate our finding about the CI weighting coefficients,
we compared three different approaches of applying the
weights on the estimates. We tested the weighting with only

the error in estimation (ࡼ) obtained by RF. Then we
combined the latter with the uncertainty in the accuracy of the
sensor ࡼ) andࡷ�). Finally, we combined both elements with
the confidence in the depth measurement ࢆ��andࡷ,ࡼ) ).
After considering each new parameter affecting the process of
data fusion, the quality of the estimation was improved. We
tested our CI algorithm on both: the estimate of the trajectory
resulting from the Kalman filter (CI + KF) and the one
obtained from the robust ஶܪ filter (CI + RF). The results of
the fused trajectories were as follows:
Firstly, for the X coordinate with ࡼ on its own (Figure
15.(a),TABLE 6 (col X)) gave us an error of 0.028m with RF,
whereas with KF it gives 0.0415m. After considering the
accuracy of the sensor (Figure 16.(a), TABLE 7(col X)), the
error was reduced for both filters to reach 0.0188m with RF,
and 0.028m for KF. The introduction of ࢆ (Figure 17.(a),
TABLE 8(col X)) further approached the estimation to its
ground truth counterpart as the error reached 0.011m with RF
and 0.016m for KF.
Secondly, for the Y coordinate ࡼ on its own (Figure 15.(b),
TABLE 6(col Y)) gave us again an error of 0.0154m for RF,
whereas with KF it gives 0.0247m. After adding the accuracy
parameter of the sensor, the error was reduced to 0.011m with
the RF. Likewise, the introduction of Figure)ࡷ 16.(b) ,
TABLE 7(col Y)) positively affected the accuracy of KF
estimates as it increased to 0.017m. Lastly, when we introduce
ࢆ (Figure 17.(b), TABLE 8 (col Y)) the error in estimation
dropped to 0.006m, at the same time the error with KF
dropped to 0.0098m.
Thirdly, for the Z component, ࡼ (Figure 15.(c), TABLE 6(col
Z)) on its own gave us again an error of 0.0323m for RF,
whereas with KF it gives 0.0484m. After adding the accuracy
parameter of the sensor, the error was slightly reduced to
0.0223m with RF. In the same way, the introduction of ࡷ

(Figure 16.(c), TABLE 7(col Z)) increased the accuracy of KF
estimates to 0.0333m. ࢆ (Figure 17.(c), TABLE 8(col Z))
positively affected the error in RF to reach 0.013m, the error
in KF estimation also decreased to reach 0.0195m.

X RMSE(m) Kinect_0 Kinect_1 Kinect_2 Kinect_3 Kinect_4
KF 0.0570 0.0575 0.0580 0.0552 0.0546
RF 0.0433 0.0435 0.0456 0.0440 0.0403
Difference(KF-RF) 0.0137 0.0140 0.0124 0.0112 0.0143

Table 3. Error in X component for all cameras

Y RMSE(m) Kinect_0 Kinect_1 Kinect_2 Kinect_3 Kinect_4
KF 0.0392 0.0429 0.0414 0.0415 0.0415
RF 0.0253 0.0253 0.0253 0.0253 0.0252
Difference(KF-RF) 0.0139 0.0176 0.0161 0.0162 0.0163

Table 4. Error in Y component for all cameras

Z RMSE(m) Kinect_0 Kinect_1 Kinect_2 Kinect_3 Kinect_4
KF 0.0614 0.0594 0.0634 0.0590 0.0640
RF 0.0537 0.0524 0.0530 0.0534 0.0493
Difference(KF-RF) 0.0077 0.0070 0.0104 0.0056 0.0147

Table 5. Error in Z component for all cameras



(a) X RMS (m) (b) Y RMSE (m) (c) Z RMSE (m)

(d) 3D view of the trajectory (e) XZ view of the trajectory

Figure ࡼ�.15 Weighting results

(a) X RMS (m) (b) Y RMSE (m) (c) Z RMSE (m)

(d) 3D view of the trajectory (e) XZ view of the trajectory

Figure 16. ࡼ and ࡷ weighting results



Based on the result obtained from our experiments, the quality
of estimation between RF and KF is not significantly different.
This is true because of the compensating effect of the CI
algorithm through all the sensors. In other words, each sensor
participates with its best estimation. After the correction, the
most accurate measurement is used in both KF and RF to
compute the next prediction. As a consequence, the difference
in the fused output is not significant when we attribute a

higher weight to the most reliable measurement. In addition,
given the limited space used for this indoor experiment, the
RF performs theoretically as the KF when the robot moves
linearly according to the predefined motion model.

E. Orientation of the vehicle

To test the orientation angles delivered by our solution, we
compute the error angle between the ground truth heading and

filters X RMSE(m) Y RMSE(m) Z RMSE(m)

CI + KF 0.0415 0.0247 0.0484
CI + RF 0.0275 0.0154 0.0323
Difference CI+(KF-RF) 0.014 0.0093 0.0161

TABLE 6. Final tracking error after CI filtering with ࡼ weighting

filters X RMSE(m) Y RMSE(m) Z RMSE(m)

CI + KF 0.0281 0.017 0.0333
CI + RF 0.0188 0.011 0.0223
Difference CI+(KF-RF) 0.0093 0.0065 0.011

TABLE 7. Final tracking error after CI filtering with ࡼ ࡷ, weighting

filters X RMSE(m) Y RMSE(m) Z RMSE(m)

CI + KF 0.0165 0.0097 0.0195
CI + RF 0.011 0.006 0.0129
Difference CI+(KF-RF) 0.0055 0.0037 0.0066

TABLE 8. Final tracking error after CI filtering with ࡷ,ࡼ and ࢆ weighting

(a) X RMS (m) (b) Y RMSE (m) (c) Z RMSE (m)

(d) 3D view of the trajectory (e) XZ view of the trajectory

Figure 17. ,ࡼ ࡷ and ࢆ weighting results



Figure 18. Angle between the GT
and the estimated heading

the estimated one. To this end, we use the dot product between
the two vectors representing the ground truth and the
estimated direction of the robot. As we can see in Figure 18,

the dot product between the two vectors ሬܲ⃗ �����ܲԢሬሬሬ⃗ can be
obtained from their magnitude and the angle between them as
shown in equation (50):

ܲ ∗ ܲᇱ = |ܲ||ܲᇱ| ∗ (ߠ)ݏܿ (50)

From equation (50) we get:

(ߠ)ݏܿ =
∗ᇲ

|||ᇲ|

(51)

The error angle between the two directions becomes:

ߠ = ݏܿݎܽ ቀ
∗ᇲ

|||ᇲ|
ቁ (52)

After applying equation (52), we got the results illustrated in
Figure 19. The error in the orientation of the vehicle resulting
from the RF was 11°. Whereas, KF-RMSE was 17°. With
both filters the error in the orientation of the mobile robot was
not important. More importantly, proportionally to the
accuracy of the position of the vehicle, the application of CI
better improved the accuracy of the orientation angle as
follows: with ࡼ on its own RF-RMSE was 7.1° and KF-
RMSE became 12°. With ǡࡼ ࡷ the results is even better
where RF-RMSE became 4.8° and KF-RMSE 8.1°. Finally,
the introduction of ࢆ significantly reduced the error to 2.7°
for RF and 4.6° for KF. The result is very accurate given the
fact that we did not imply the three angles of orientation in the
filtering algorithm. Consequently, our approach to compute
the heading of the vehicle proved its effectiveness and high
adequacy for real-time systems.

IX. CONCLUSION AND FUTURE WORKS

In this work, we presented a novel approach to accurately
track moving vehicles in indoor environments with
cooperative multiple consumer RGBD cameras. We described
the details of our methodology and findings. Our findings
about RGBD sensor correction are of importance for a more
accurate measurement with any type of sensors suffering from
the same drawbacks. To our knowledge, we were the first to
investigate and apply the robust filtering in objects tracking
using RGBD sensor. We also demonstrated the power of the

(a) Best orientation estimation with RF (b) Worst orientation estimation with RF

`
(c) CI with ࡼ weighting results (d) CI with ࡼ and ࡷ weighting results (e) CI with ,ࡼ� ࡷ and ࢆ weighting

Figure 19. Error in the estimated orientation of the vehicle



latter to overcome the lack of knowledge about the system
governing the behaviour of the vehicles. We considered the
quality of measurements and the estimates provided by each
sensor in a CI algorithm. We successfully combined all the
single contributions of the cameras in one consistent and
cooperative output. Test results show the performance we
achieved at a frame rate of 25Fps with the five Kinects. The
innovative development based on the GPU for all the
bottleneck stages of processing (capture and markers
extraction) helped significantly to achieve the real time
performance. For the robust filtering and the covariance
intersection algorithms, no parallelisation was required
because they are just applied on some position data (five 3D
points). Their linear computational nature requires a powerful
sequential processing, which is the asset of the CPUs (their
frequency of processing is much higher than the GPU’s ).
In future work, we aim to overcome the multiple Kinect
interference problems by algorithmic means using the stereo
RGB/IR images to complete the missing depth information.
We also aim to apply the same filtering scheme on 3D
reconstruction applications for object recognition purposes.
Another planned work is the combination of motion and 3D
structure all together for a complete acquisition of the shape
and behaviour of the robots moving in the scene.
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