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Abstract— Particle filters have been successfully applied to a 

variety of state estimation problems in recent years. In this paper 

we propose a novel and simple adaptive strategy to dynamically 

adjust sample sets in order to increase efficiency and drastically 

reduce computational time. The purpose of the dispersion-based 

adaptive particle filter (DAPF) is to quantify the level of particle 

distribution within the state space by determining the scattering 

distance. With this approach, the algorithm rapidly reduces the 

number of particles during the searching state when the 

dispersion decreases and quickly increases the number of 

particles during the monitoring state when the dispersion grows. 

Extensive experiments applied —but not limited— to RGB color 

tracking and mobile robot localization problems using KinectTM 

show that the DAPF approach significantly improves the 

computational performance over a generic PF with fixed sample 

set sizes and the adaptive technique named KLD. 

Keywords— color tracking; dynamic particle filter; global 

localization; Kinect; mobile robotics 

I. INTRODUCTION 

In order for a robot to autonomously react in complex, 
dynamic and uncertain environments, the robot should 
recognize and understand its surrounding. Typically, robots 
have relied on odometry to calculate their position based on 
motion features due to its simplicity and immediacy. But even 
a robot with a very accurate model can accumulate incremental 
errors if physical elements influence its displacement (e.g., 
sliding wheels, blocking obstacles, noisy sensors, etc.) [1]. 
Therefore, localizing a robot when using erroneous odometry 
information still remains a major challenge in robotics [2].  

In this field, probabilistic methods provide a new approach 
that allows uncertainty in the robots' actions and perceptions to 
be dealt with with greater success [3]. The majority of authors 
propose fairly precise algorithms but they rarely address the 
computational cost or optimal parameter settings 
comprehensively [4], [5]. The algorithms’ execution speed is 
essential for localization and tracking of robots in real time 
applications, which is not always optimally achieved [6]. In the 
case of particle filters (PF), most proposals consider a fixed 
number of particles to sufficiently reach their objective in a 
reasonable amount of time. Obtaining the appropriate number 
of particles constitutes a critical part of the design that requires 
a tradeoff between speed and accuracy, which is difficult to 
satisfy if the number of particles remains invariable [7]. 
Different studies have attempted to adapt the size of samples 
[8], but strategies mainly based on adapting particles in 
proportion to their likelihood or the approximation error 
quality may be inefficient for large-dimensional state spaces or 

suffer from false optimum (i.e., unexpected results and far 
from reality) [9].  

State estimation refers to the method whereby robots 
maintain a set of hypotheses (e.g., on their own localization or 
different objects in their environment), which are updated and 
filtered based on sensor information. This sensor information is 
usually obtained from high cost devices such as sonars [10], 
laser rangefinders [11], and digital cameras [12] which must be 
combined with other devices for multitask purposes. 
Alternatively, various authors have proposed the use of depth 
cameras [13]-[15]. The KinectTM, for example, has been used 
in three fundamental problems in robotics: map building, 
localization, and obstacle detection with the goal of analyzing 
its performance regarding laser rangefinders [16]. The 
disadvantages of KinectTM (i.e., worse depth resolution, 
narrower horizontal FOV, higher number of sensor readings, 
etc.) should be thoroughly considered when replacing 
conventional lasers with PF algorithms in localization and 
tracking tasks with scientific-technical purposes.  

The motivation for this project came as a result of the work 
described in [17], [18] about a telepresence robot devoted to 
the assistance of dependents by a navigation support system 
based on augmented virtuality (AV). The aim was to provide 
users with greater perception of the robot's environment, which 
would allow improved accuracy and reduced mental workload 
in teleoperation tasks. We were able to verify —by means of a 
study with 16 subjects in a real scenario at the EPFL, 
Switzerland— that long-term errors in the robot's odometry 
(due to obstacles, laminate flooring, and sliding wheels) 
decreased the users’ perception capabilities while driving. To 
address this issue, this paper proposes a new approach to the 
estimation process for camera color tracking and global robot 
localization in real time applications using a KinectTM, a RGB-
D device as low-cost sensor, and a dynamic particle filter [19]. 
With the idea of improving the algorithm’s convergence speed 
vs optimal-state search range, this paper proposes to adaptively 
adjust the number of samples over time. This way, the 
operation is performed with a novel and simple strategy using 
the particles’ dispersion as decision criterion. Thus, it is 
possible to increase the number of particles during the initial 
phase and to dynamically reduce the number of samples during 
the subsequent tracking phase. These phases have been herein 
called searching and monitoring states to disambiguate terms, 
respectively. The paper is structured as follows. The next 
section provides a brief review on probabilistic methods in 
literature and discusses their pros and cons. Section III outlines 
the fundamentals of the DAPF and its application to camera 



color tracking and global robot localization is introduced. 
Section IV presents the experimental results on different case 
studies. Finally, the paper discusses the findings obtained.  

II. RELATED WORK  

The key idea of probabilistic methods is to represent 
uncertainty in such a way that, instead of relying on the best 
assumption as the only solution, it is represented by means of 
distributions of a complete hypothesis space [3]. Bayesian 
reasoning provides a general framework to estimate the 
uncertainty of a system (posterior) from data measurements 
and control parameters [7]. Then, two groups of filters can be 
defined according to the construction of the estimation: i) 
Gaussian, and ii) non-parametric.  

Gaussian filters constitute the first feasible implementation 
of Bayesian reasoning for continuous spaces. However, their 
unimodal character offers poor results for many problems of 
multi-hypothesis estimation (e.g., multiple object tracking). 
This disadvantage, besides that not all observations can always 
be described by linear functions (e.g., circular movement of a 
robot with constant translational and rotational speed), makes 
the Kalman filters (KF) to be hardly applicable to most of 
trivial problems in robotics. By contrast, the extended Kalman 
filter (EKF) allows multimodal distributions to be generated 
and nonlinear problems to be solved using the Taylor 
approximation. Nevertheless, linear approximations even with 
the improved unscented KF are not optimal [20].  

Non-parametric techniques are a promising alternative for 
most dynamic systems against Gaussian techniques. The idea 
consists in approximating multiple posteriors by a finite 
number of values, each with an approximate correspondence to 
a region of the state space. A first approach, based on the 
histogram filter (HF), allows state space to be divided into a 
certain amount of bars or convex regions where the posterior 
for each region represents a certain accumulative probability. 
However, it is not possible to combine high accuracy and low 
computational cost at the same time since greater granularity 
for the state space obtains smaller approximation errors but 
also requires higher computational effort. Another more 
popular approach, the PF, represents posteriors by using a large 
set of singular samples [21]. Many algorithms which are 
conceptually quite similar can be found in literature e.g., 
bootstrap filtering [22], condensation algorithms [23], 
interacting particle approximations [24], and sequential Monte 
Carlo methods [25], among others. These algorithms all share 
the same fundamental concept. Therefore, if the equations 
required for Bayesian reasoning cannot be analytically solved, 
then the posterior can be represented by a set of weighted 
samples randomly chosen. As an advantage, this type of 
approximation can represent a much larger distribution space 
than e.g., Gaussian techniques.  

PF serves to address both nonlinear and multi-hypothesis 
problems —i.e., provide multimodal distributions—, which can 
be applied to a large number of real problems with constant 
uncertainty in robotics. In addition, PF is easy to implement, 
can be defined in a few lines and is conceptually simple, which 
makes it the most versatile of the Bayesian algorithms [3]. 
Unlike other types of non-parametric filters, PF distributes the 
particles in the higher probability areas per iteration, thus 

resulting in a concentration of the computational cost over 
these regions. This makes it an extremely precise technique. 
Unfortunately, PF suffers from degeneration in absence of 
kinematic noise during the probabilistic observation process, 
which increases when the number of samples decreases. 
Additionally, it is a computationally expensive method for 
large number of particles (time exponential in n, where n 
stands for the dimension of the state vector) [4].  

A review of the factors that influence performance of the 
PF is given in [8], mainly determined by the acquisition speed 
of samples and the number of particles used. With the idea of 
improving performance, adapting the number of particles in 
proportion to likelihood is commonly proposed. However, this 
approach is not advisable since a high likelihood in most 
particles does not necessarily imply that samples are 
converging towards an optimal solution, but rather it indicates 
how approximated is the estimation regarding the observation. 
In other words, the sample sets could have a better 
approximated estimation regarding the observation but 
localized in a more diversified area of the state space (i.e., 
completely lost particles). Also, the Kullback-Leiber distance 
(KLD) based technique —and its extensions— allows the 
spread of a small quantity of particles in areas of low 
uncertainty and propagates a high number of particles in areas 
of high uncertainty [7], [26]. Despite using the Wilson-Hilferty 
transformation to save computation, particles in KLD have the 
disadvantage of needing to be divided into bins in their state 
space, which can be highly inefficient for high dimension 
states [9].  

III. BASIC AND DYNAMIC PARTICLE FILTERS  

A. Algorithm for the Basic PF  

 PF consists of four stages, of which stages 2 to 4 are 
iteratively executed (see Fig. 1). 

1) Creation of particles: Initially, the algorithm generates 
a matrix of n x M samples (Xt) where n are rows composed by 
the position and speed of particles (x, y, ∂x, ∂y), being (x, y) 
random values depending on the objective of the algorithm 
that define the position in the state space, and (∂x, ∂y) null 
values by default.  

2) Prediction: The particles’ displacement is performed 
according to a kinematic model whose input is the particle sets 
Xt-1, the matrix of movement A, and a Gaussian random noise 
εt: 

1t t tX X ε−= +A     (1) 

3) Likelihood: The importance factor of each particle is 
allocated by comparing the prediction generated for the 
particle sets Xt and the observation zt obtained at instant t. 
Thus, the weight of each particle is computed as a Gaussian 
distribution function:  
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where [ ]i
tx represents each particle, σ represents the standard 

deviation of the Gaussian distribution, and φ stands for the 



difference between the estimate and the observation of each 
particle whose function will depend on the objective of the 
algorithm.  

4) Sequential Importance Resampling (SIR): The 
particles’ distribution is performed according to the 
importance factor based on a probability density function 
(PDF). This way, each weight [ ]i

tw is interpreted as the 
probability of obtaining the sampling index i for the particle 
sets Xt. Then, a distribution of M samples is obtained by 
replacing the old particle sets: 

{ }[ ] [ ], | 1, ...,i i

t t tX x w i M= =                     (3) 

B. Application to Different Case Studies 

PF represents a generic structure applicable to any problem 
just by changing the creation of particles, objective of 
prediction, and likelihood stages. To this end, two different 
case studies are herein introduced. 

a) RGB color tracking: For this objective, the following 
parameters should be defined in (1):  

1

1

1

1

1 0 1 0

0 1 0 1

0 0 1 0

0 0 0 1

xt t

yt t

t t x

t t y

x x

y y

x x

x x

ε

ε

ε

ε

−

−

−

−

∂ ∂ ∂

∂ ∂ ∂

     
     
     = ⋅ +      
                

  (4) 

where (xt, yt) stand for the pixel location in the image space of 
KinectTM and vary between [0, 0] and [640, 480] depending on 
the camera resolution, and unit values within matrix A stand 
for the movement in X and Y axes. The higher the similarity 

between the pixel’s color observed by a particle [ ]i
tx and the 

target color, the higher the weight is and therefore more likely 
to be distributed in the new set of particles. 

The function that relates the difference between the 
observed image color (red, green, blue) by the state of a 

particle [ ]i
tx and the RGB color to be tracked should be 

introduced in (2) as follows:  

2 2 2( ) ( ) ( )red R green G blue Bφ = − + − + −
 

(5)
 

where {red, green, blue ∈N | 0 ≤ red, green, blue ≤ 255} and 
{R, G, B ∈N | 0 ≤ R, G, B ≤ 255}. 

b) Global robot localization: For this goal, the 
following parameters must be defined in (1):  

1

1

1

1

1

1

1 0 0 1 0 0

0 1 0 0 1 0

0 0 1 0 0 1

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 0

xt t

yt t

t t

t t x

t t y

t t

x x

y y

x x

x x

θ

θ

ε

ε

θ θ ε

ε

ε

θ θ ε

−

−

−

−

−

−

∂ ∂ ∂

∂ ∂ ∂

∂ ∂ ∂

     
     
     
     
 = ⋅ +    
     
     
                 

  (6) 

where (xt, yt) stand for the robot location in the map space and 
vary depending on the map resolution, θt stands for the 
heading angle of the robot, and ∂θt stands for the rotation 
speed. 

The function to address the localization problem should be 
implemented as the difference between the real measurements 
from the robot sensors at instant t and the estimated feature for 
each particle at this time. Therefore, the weight assigned to 
each particle can be obtained from equation (2) as follows:  

( )2[ ] [ ]j j

t tD dφ = −             (7) 

where Dt
[j] is the set of distances obtained by the KinectTM 

sensor aboard the robot, dj
[j] is the set of distances obtained for 

each particle in the map space for a set of M samples. Then, 
the lower theφ , the more accurate is the estimate with regard 

to the observation for a particle [ ]i
tx and therefore the higher the 

likelihood ( )|P z x .  

C. Algorithm for the Dynamic Particle Filter 

The aim of our dispersion-based adaptive particle filter 
(DAPF) focuses on introducing an improvement in the SIR 
stage, whose resampling process typically transforms the set of 
particles M into another group of the same size. After the 
number of particles is determined, the new particles are 
generated herein taking the best particle —the one with best 
likelihood— and using a resampling process. This technique 
has better results than providing identical copies of a subset of 
particles. Consequently, the DAPF adaptively varies the 
particle set sizes using the dispersion among them as a 
criterion. This has been expressed by means of a convex 
bounding box function:  

{ }max( ) min( ), max( ) min( ) | 1, ...,i i i is x x y y i M= − − =  (8) 

where xi and yi
 define the coordinates of the particle sets in X 

and Y axes, respectively. This strategy is based on the key idea 
that the more concentrated the region of the particles’ state 

Input: 1tX − , control measurement 1tu − , observation
tz  

Output: 
tX                                                           

1 0;tX α= =            // Initialize 
2 for i = 1 to M do           // Generate M samples 

3        sample 
[ ]i
tx from 1 1( );| ,t t tP x x u− −  

4        
[ ] [ ]

( );|i i

t t tw P z x=
   

// Compute importance weight 

5        
[ ]+ ;i

twα α=
       

// Update normalization factor 

6        { }[ ] [ ],i i

t t t tX X x w= ∪
 
// Insert sample into set 

7 end  
  
8 for i = 1 to M do  

9       
[ ] [ ] /i i

t tw w α=  // Normalize weights to
[ ]

1
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i

w
=

=∑
 

10 end 

11 return
tX  

 
Figure 1. Pseudocode for the basic particle filter 

 



space (i.e., less uncertainty), the fewer particles are needed 
(i.e., no better likelihood will be achieved). Therefore, the level 
distribution of the particles can be thereby quantified by means 
of the dispersion.  

 Among all possible strategies, it has been opted to use two 
complementary functions (see Fig. 2). The intuitive idea is to 
provide a high number of particles during the initial searching 
state in which dispersion is typically high. Then, the number of 
particles decreases from threshold1 to threshold2 as they 
become concentrated towards an optimal dispersion (e.g., a 
robot is considered localized). At this time, the algorithm 
switches to the monitoring state and the number of particles 
will remain at a very low value. The number of particles can 
increase anew from threshold2 to threshold1 if the dispersion 
expands (e.g., a robot is considered lost and many more 
particles are needed to estimate its position again). Thus, the 
functions for the searching and monitoring states using 
equation (8) are expressed by the following forms:  

y log( )a s c= ⋅ +
   (9) 

y exp( / )s a b c= ⋅ +
      (10) 

where a defines the slope of functions, b is the distance to 
which the exponential curve is triggered in the case of the 
monitoring state, c defines the minimum number of particles to 
which both functions are bounded to avoid the algorithm’s 
degeneration, and s stands for the dispersion. Other functions 
can be considered, such as a linear one. However, the same 
intended profile of particle growth and reduction is not 
obtained. The logic operation is applied in two states of the 
DAPF (see Fig. 3). Initially, both states Logarithmic and 
Exponential remain idle when the filter is in the searching 
state. When the dispersion is higher than an optimal value —
based on the objective of the algorithm— Logarithmic is 
activated and stays in this state until the number of particles 
reaches the optimal value for which Exponential is activated. 
Accordingly, in the initial phase —when a larger number of 
particles is required— a logarithmic function is applied to 
increase the searching range for the state space, which falls in 
proportion to the dispersion. Once localized, the algorithm 
applies an exponential function with a low number of particles, 
which will equally increase in proportion to the dispersion. 

D. Implementation of the DAPF with Kinect
TM 

 

The algorithm for the proposed DAPF was developed for 
KinectTM using LabVIEWTM 2010 SP1. Currently, various 
wrapper libraries exist to utilize the functionalities of KinectTM 
for that programming environment. We have chosen the one 
developed by the University of Leeds, UK, called Kinesthesia 
[27]. This toolkit allows direct access to the SDK 1.5 released 
by Microsoft whose main features are full control of KinectTM 
functions, high stability, and depth measurements directly 
given in centimeters without requiring scaling or calibration 
transformations, among others. KinectTM is between 10-50 
times more economic than most lasers used in robotics. Also, it 
incorporates a RGB camera to the depth detector, which can be 
used in multi-task. However, some important factors should be 
taken into consideration for its use. Conventional lasers have 
no vertical FOV since they only measure depth along the 

horizontal axis. Conversely, KinectTM has 43º of vertical FOV, 
which confers greater capability to detect singular objects (e.g., 
obstacles, structural elements, distinguishing characteristics, 
etc.). While, conventional lasers provide between 180-360º of 
horizontal FOV, KinectTM only supports 57º of horizontal 
FOV, which supposes a remarkable disadvantage in 
applications for object detection. This lower FOV forces to 
create a higher number of particles than would have been 
obtained with a FOV between 180º and 360º. Moreover, the 
lower accuracy for KinectTM presents a nonlinear relationship 
between real and measured distance that should be corrected by 
applying a correction factor.  

Since depth images from KinectTM result in a number of 
particles computationally expensive in real time (e.g., 307200 
particles for 640 x 480 pixels in VGA mode at 25 fps), we 
intended to simulate the method of data capturing that would 
be obtained using laser rangefinders. As lasers typically work 
in a plane, the horizontal line in the center of the Y axis of 
KinectTM was taken. The described algorithm was applied in 
this way by this adjustment, thus reducing an enormous 
quantity of unnecessary data for our goals. The technique 
implemented in the DAFP to calculate the distance of particles 
to the map objects is called Spoke, which finds edges along 
radial lines specified inside a 2D-annular region (see Fig. 4). 
The edges are determined based on their contrast and slope, 

Input: Dispersion, Optimal, MaxParticles, a, b, c  
Output: NumParticles, State                                                          
 
1 do 
2        while Dispersion > Optimal  
3        State = Logarithmic  
4        NumParticles = a*log(s)+c 
 
5        while NumParticles < MaxParticles  
6        State = Exponential  
7        NumParticles = exp(s/a)*b+c 
8 while 

 
Figure 3. Pseudocode for the SIR step of the adaptive particle filter (DAPF) 

 
Figure 2. Equations for the SIR step of the DAPF: logarithmic function for 
the searching state and exponential function for the monitoring state 

 



and the radial lines can be taken with any step, leading to 
higher or lower number of lines in the same space. Then, we 
take an angle of 1º which is equivalent to the angle used by 
lasers, resulting in 57 distance measurements for a FOV of 57º.  

E. Implementation of the 2D/3D Environment 

The GUI has been developed including both a top-view 2D 
map and a 2D map with robot-centered 3D projection using the 
STL (standard tessellation language) model for the RobotinoTM 
robot (see Fig. 5). The purpose of this GUI is to offer users a 
3D virtual reality interface that allows knowing the robot’s 
localization in a more intuitive way than the one offered by a 
simple 2D map. Thus, observation is combined with two map 
representations simultaneously operating. One shows the 
particles’ dispersion and the searching region for the best 
particle defined by the Spoke method (left). The other one is 
designed to observe the robots’ trajectory in a 3D environment 
through its current position, orientation and trajectory (right).  

In real environments (e.g., offices, industrial buildings, etc.) 
there are inaccessible areas for both people and robotic agents. 
If these areas are previously known, the PF’s performance can 
also be improved by avoiding the creation and proliferation of 
particles therein. Besides, it prevents the algorithm from 
making erroneous assumptions in these areas, which can be 
efficiently solved by a mask. To this end, the impassable areas 
of the map have been colored in black. So, before distributing a 
particle, our DAPF first checks the pixels’ color in the actual 
particle position to which they would be associated. This is 
interpreted by the algorithm as a minimum likelihood value. 
Either the particle is not created or it disappears in subsequent 
iterations allowing other particles the possibility to multiply.  

IV. EXPERIMENTATION  

This section shows a comparative study between the static 
PF, the KLD filter, and the DAPF. Several case studies were 
considered for two different applications: RGB color tracking 
and global robot localization. The robotic system experiment 
was conducted in a working environment consisting of a 10 x 5 
m2 building with corners, corridors, walls, reflective objects 
(i.e., windows), and natural landmarks (i.e., pillars). Features 
from the environment were extracted with KinectTM using a 
horizontal plane and compared with a 2D map with 900 x 450 
pixels of resolution (see Fig. 5). Extensive experiments were 
completed with an Intel® CoreTM i5 (2.4 GHz, 4GB RAM). 
These various case studies have empirically proven that a very 
low number of particles could cause instability and tendency to 
degenerate. We chose particle set sizes Xt = 1000 and Xt = 
5000 for the static PF. The parameters for KLD were e = 0.15, 
δ = 2, and bin size ∆ = 4. The minimum and maximum number 
of particles for DAPF were set to threshold1 = 5000 and 
threshold2 = 250 for an optimal dispersion = 200 pixels. The 
performance of the various particle filters was evaluated 
considering three variables: i) error, meaning the difference 
between estimation and feature observed by a particle; ii) 
number of particles; and iii) execution time. Among other 
factors, the latter is highly influenced by the number of 
particles used in every iteration, so although the number and 
computational cost are not directly dependent on each other 
they both are closely related.  

With the aim of carrying out the color tracking experiment, 
the same ambient light conditions were used for all particle 
filters. The results showed that the error was similar in static 
PF and DAPF, unlike KLD (see Fig.6a-c). The tests showed 
that the number of particles was well adapted in KLD and 
DAPF (after 10 time steps), whilst the latter presented more 
stability and lower computational cost than the classic PF and 
KLD. 

Regarding the application to robot localization, corners are 
elements that typically provide much information to filters. 
However, they are not unique elements on maps. The tested 
filters showed that particles tended to group themselves into 
several clusters on a map around all areas where this element 
was able to be found. In this case, there was no difference in 
behavior between static and adaptive filters. Later, the particles 
differently converged from several clusters to one after a few 
iterations. In this case, there was a significant error 
improvement for the static and KLD filters with similar 
margins. Although DAPF presented the worst error ratio, it 
provided the lowest number of particles (after 5 time steps) and 
the best computational time (see Fig.6d-f). 

Long corridors typically generate a loss of information in 
the central area of the depth image (collected by KinectTM) 
when the IR sensor cannot reach the end of the corridor due to 
its short range. In this situation, the particles initially had no 
way of exactly knowing their location within the corridor due 
to the lack of distinct elements. This caused in general a higher 
error when compared with a corner (or e.g., a more distinctive 
element within a map) and a particle stretching effect along the 
corridor. DAPF has adapted well to this scenario by providing 
more particles than the static PF and the KLD filter during the 
initial searching state and therefore working with a wider 
searching range. Subsequently, DAPF quickly reduced its 
dispersion when particles were more likely to be in a particular 

 
 

Figure 5. Implementation of 2D/3D robot’s environment showing the 
dispersion and Spoke searching region for the particle with best likelihood 

 
Figure 4.  Example of operation of the Spoke technique for searching 
objects within circular and annular regions 



part of a corridor (after 3 time steps) and thereby notably 
improved the computational effort over the static and KLD 
filters (see Fig.6g-i). 

Because walls typically provide very little information 
about the environment —the only information available to 
compare is a horizontal line from a plane— particles populate 
most of the map with a parallel distribution along walls. This 
elongated distribution penalized the DAPF presenting a higher 
number of particles and computational cost than others. 
However, the error presented very similar low values in all 
filters (see Fig.7a-c). This represents a clear example for which 
the likelihood should not be used as input criterion in adaptive 
filters. That is, a robot observing a wall can achieve very high 
likelihood but at the same time not know which wall or what 
direction it is facing. Apart from this, the default number of 
particles were adequate for the static PF (unlike KLD and 
DAPF), which required less computational effort. However, 
better computational efficiency is useless if a robot is 
incorrectly localized or not localized at all. In this regard, 
priority to generate more particles was given in DAPF to cover 

a larger searching area. This behavior showed that DAPF 
initially presented worse times because of the emphasis on 
localization, but it was efficiently solved after a few iterations. 

Non-reflective objects (e.g., windows) let light pass 
through them preventing sensors from obtaining distance 
measurements, which are shown by algorithms as areas with 
blank information. This test was designed to address this issue. 
In addition, we caused total occlusion in the camera FOV at 
random times to emulate temporary mobile objects in front of 
windows (e.g., persons between KinectTM and a window). 
Nonetheless, this test could not be completed with KLD since 
its algorithm rapidly degenerated and the particle number 
became null when the FOV was occluded. In these cases, 
DAPF presented more diversified particles —than the static 
PF— proportional to the dispersion increase in response to a 
wider search area. Hence, a larger number of particles provided 
a greater probability of finding samples with fewer errors to act 
as best particles for subsequent iterations. Figure 7d-f shows 
the results for the three different filters with no occlusion 
condition. As indicated in the results, DAPF improved the 

   
(a)                                                                 (b)                                                                    (c) 

   
(d)                                                                 (e)                                                                    (f) 

   
(g)                                                                 (h)                                                                    (i) 

Figure 6. Perfomance analysis on error, number of particles, and execution time for PF, KLD, and DAPF after 50 time steps: (a)-(c) color traking, (d)-(f) 
corner localization, and (g)-(i) corridor localization. 
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overall performance presenting the same error levels than the 
static and the KLD filters. 

In best case scenarios some singular architectural elements 
are available in the environment for localization, thereby 
reducing probabilities and allowing algorithms to converge. 
This was tested with two pillars within the map, which caused 
to DAPF rapidly converge after only three time steps (see 
Fig.7g-i). As shown, DAPF improved the overall performance 
presenting the similar error margins than the static and KLD 
filters. 

Finally, Table I shows a complete comparative analysis on 
the case studies evaluated for 500 time steps. We proved that 
the computational cost was highly influenced by the number of 
particles but not equally related to the error ratio, which was 
dependent on the algorithms’ nature. From the results, we 
found in RGB color tracking that an error below 10% is 
considered correct since 0% cannot exactly be obtained 
because the pixel’s color hue to track is indeed an approximate 
user-provided parameter. It was also empirically proven that 

the error in global robot localization never decreased below 
4.8% due to the calibration and accuracy of KinectTM. 
Although DAPF did not always present the best average error 
ratio (but close), DAPF generally presented a lower number of 
particles and a better computational cost in general than the 
static PF and KLD once objects were localized.  

V. CONCLUSIONS  

This paper presented a dispersion-based adaptive strategy 
for dynamic particle filters (DAPF) using KinectTM. The aim of 
this approach was to significantly improve the computational 
efficiency over the classical PF —with fixed sample set sizes— 
and the adaptive KLD filter. To this end, we addressed a 
comparative analysis on different scenarios for RGB color 
tracking and global robot localization —extensible to others— 
by analyzing three representative performance parameters. 
Evaluation showed that the proposed DAPF rapidly reduced 
the number of particles during the initial searching state when 
the dispersion decreased and quickly increased the number of 
particles during the subsequent monitoring state when the 
dispersion grew.  

   
(a)                                                                 (b)                                                                    (c) 

   
(d)                                                                 (e)                                                                    (f) 

   
(g)                                                                 (h)                                                                    (i) 

Figure 7. Perfomance analysis on error, number of particles, and execution time for PF, KLD, and DAPF after 50 time steps: (a)-(c) wall localization, (d)-(f) 
window localization without occlusion, and (g)-(i) natural landmark localization. 
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After analyzing the algorithms’ behavior, we observed that 
for elements providing much information to filters (e.g., 
corners, natural landmarks, etc.) the convergence was very 
high in all algorithms. However, for some other elements (e.g., 
walls, corridors, etc.) the divergence remained high whether 
using low or high number of particles, especially for conditions 
with occlusion as in the KLD method. The proposed DAPF 
was not intended to improve better likelihood (this depends on 
the nature of the algorithm), but using the number of particles 
suitable for each situation, thus enhancing speed and 
computation effort. Although DAPF maintained similar error 
levels as the static and KLD filters, DAPF significantly 
reduced the number of particles compared to them, thereby 
improving the computational cost over time. Furthermore, 
KLD presented more instability regarding the computational 
cost, which was proportional to the number of particles used. 
The reason for this is because the sample set resizing method is 
not computationally efficient for high dimension state spaces in 
which bins are divided. In other words, a particle moving 
around a few pixels within a map hardly affects the dispersion 
in the case of DAPF, but it is treated in KLD as two different 
states for two nearby bins, which is subsequently used to resize 
the particle sets. As a consequence, this technique implies more 
variability than the static PF and the DAPF methods.  
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TABLE I. AVERAGE VALUES ON ERROR, NUMBER OF PARTICLES, AND 

EXECUTION TIME FOR PF, KLD, AND DAPF AFTER 500 TIME STEPS 

Case Study Filter Error (%) Particles (Xt) Time (ms) 

Color 
Tracking 

PF 6.63±0.46 5000±0.00 484.87±26.24 
KLD 10.99±0.42 837.74±98.08 464.51±67.49 
DAPF 7.30±0.46 317.78±168.36 189.44±16.98 

Corner 
Localization 

PF 4.89±0.03 1000±0.00 2870±91±36.11 
KLD 5.01±0.08 557.99±81.73 1139.21±209.63 
DAPF 7.31±0.46 265.19±49.75 573.11±113.77 

Corridor 
Localization 

PF 15.02±0.44 1000±0.00 2576.08±43.50 
KLD 11.82±0.28 1500.67±136.99 3969.05±375.91 
DAPF 17.33±0.35 306.77±32.18 660.48±59.35 

Wall 
Localization 

PF 4.84±0.04 1000±0.00 1580.84±128.1 
KLD 4.96±0.02 1147.89±46.40 2959.38±131.31 
DAPF 4.84±0.01 1499.06±5.37 4843.85±230.49 

Window 
without 

Occlusion 

PF 6.93±0.06 1000±0.00 2113.19±26.37 
KLD 7.33±0.07 560.51±123.55 1024.95±236.25 
DAPF 6.79±0.07 318.49±6.39 971.68±43.54 

Window 
with 

Occlusion 

PF 6.88±0.08 1000±0.00 2319.54±53.23 
KLD - - - 
DAPF 11.37±3.85 390.80±203.51 1042.86±515.99 

Natural 
Landmark 

Localization 

PF 5.40±0.21 1000±0.00 2353.98±38.64 
KLD 5.01±0.09 432.97±62.21 891.34±154.45 
DAPF 6.02±0.36 400.45±13.64 1033.05±93.59 

 
 


