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Abstract: A new architecture for indoor positioning and tracking is proposed, based on a single low cost pan and tilt
camera, where three main modules can be identified: one related to the interface with the camera, supported
on parameter estimation techniques; other, responsible for isolating and identifying the target, based on ad-
vanced image processing techniques, and a third, that resorting to nonlinear dynamic system suboptimal state
estimation techniques, performs the tracking of the target and estimates its position, and linear and angular
velocities. To assess the performance of the proposed methods and this new architecture, a software package
was developed. An accuracy of @ was obtained in a series of indoor experimental tests, for a range of
operation of up to ten meter, under realistic real time conditions.

1 INTRODUCTION unknown trajectory, in the 3D world, as well as its an-
gular velocity. In order to accomplish this purpose, a
new positioning and tracking architecture is detailed,
based on suboptimal stochastic multiple-model adap-
rJ{ive estimation techniques.

The complete process of synthesis, analysis, im-
plementation, and validation in real time exceeds the
objectives of this paper, due to space limitations. The
significant effort that has been put into this domain, reader interested can found these issues discussed in

see (Kolodziej and Hjelm, 2006), (Bar-Shalom et al., detail _in (Gaspar, 2(_)08)' .
2001) and (Borenstein et al., 1996). This document is organized as follows. In sec-

In outdoor applications, the NAVSTAR Global tion 2 the architecture of the developed positioning

Posiioning System (GPS) hasbeen widey explored 21 EEAD 150 B Deed o0 el e ey
with satisfactory results for most of the actual needs. 9 9 pea.

Indoor positioning systems based on this technology .?_;?Seof;?g:% %nednlﬁcfhg?;ega;gvgrr']ifgémg)dgcfg_'
however face some undesirable effects, like multipath get, gep

and strong attenuation of the electromagnetic waves,ggiﬁg‘r? ;I?ﬁgtgg‘z ?;?JIgls]ce:l-]riso%dellT]gﬁlci:gggrdre,s?irr]:al-n
precluding their use. ' P

. . . .. tion technique is introduced. In the last two sections,
Alternative techniques, such as infrared radiation,

| d diof ision has b 6 and 7, experimental results of the developed sys-
et s apehen it v em, andconcluing remarks and commerts on e
: ) . work, respectively, are presented.
Hjelm, 2006), and summarized in (Gaspar, 2008). P y P

The indoor tracking system proposed in this
project uses vision technology, since this technique
has a growing domain of applicability and allows to 2 SYSTEM ARCHITECTURE
achieve acceptable results with very low investment.
This system estimates in real time the position, ve- In this project a new architecture for indoor position-
locity, and acceleration of a target that evolves in an ing and tracking is proposed, based on three main

With the development and the widespread use of
robotic systems, localization and tracking have be-
come fundamental issues that must be addressed i
order to provide autonomous capabilities to a robot.
The availability of reliable estimates is essential to
its navigation and control systems, which justifies the
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ter coordinates$u, v) and its distanced) to the origin

of the world reference frame. These quantities corre-
spond to the measurements that are used to estimate
the position X), velocity /), and acceleratiorgj of

Initial calibration

p— the body to be tracked. Note that the computatioa of
[z requires the knowledge of the real dlmenglons of the
onescne detorion target, since the propos_ed system uses a single camera
instead of a stereo configuration.

(0, 8) (Image) To obtain estimates on the state and parame-
Gamera - ters of the u_nderlying dynamic system, an estima-
system mage processing K M| gistortion tion prqblem is formulated and solved. However, the

Camera orientation model dynamic model adopted and the sensor used, have
e s —— nonlinear characteristics. Extended Kalman filters
were included in a multiple-model adaptive estima-

wv.d) |8y tion methodology, that provides estimates on the sys-

! tem state X, Vv, anda), identifies the unknown target
angular velocityw, and the estimation error covari-

Tracking system anceP, as depicted in Fig. 1.

Multiple-model The command for the camera is the result of solv-
ing a decision problem, with the purpose of maintain-
ing the target close to the image center. Since the
range of movements available is restricted, the imple-
mented decision system is very simple and consists

$ in computing the pan and tilt angles{and®.), that
&8 @) W) should be sent to the camera at each moment. Large
Figure 1: Tracking system architecture. distances between the referred centers are avoided,

thus the capability of the overall system to track the

. : targets is increased.
modules: one that addresses the interface with the 9

camera, the second that implements the image pro-
cessing algorithms, and a third responsible for dy-

namic systems state estimation. The proposed archi-3 SENSOR: PTZ CAMERA

tecture is presented in Fig. 1, and is described next
1

_ A \ 3.1 Camera Model

The extraction of physical information from an

image acquired by a camera, requires the knowledge
of its intrinsic (A) and extrinsic R and T) parame-
ters, which are computed during the initial calibration
process. In this paper, calibration was preceded by
an independent determination of a set of parameters
(K) responsible forcompensatmgthg distortion intro- sical pinhole model (Faugeras and Luong, 2001).
duced by the lens of the camera. Since the low cost Let M = [x,y.z t]T be the homogeneomljs coordi-
camera u_s_ed has easniaton sensor, the kr'O\Nledg‘?‘naltes of a visible point, in the world reference frame,
of its position in each moment requires the develop- andm = [u,v,5] the corresponding homogeneous co-
ment of an external algorithm capable of estimate its ordinates bf’ the same point in the image frame. Ac-

instantaneous paay and tiltd; angles. cording to this model, the relation between the coor-

_ Thetargetidentification is the main purpose of the yjinates expressed in these two coordinate frames is
image processing block. An active contour method, lgiven by

usually denominated as snakes, was selected to trac AM — PM (1)
the important features in the image. The approach se- ’
lected consists of estimating the target contour, pro- whereA is a multiplicative constant, related with the
viding the necessary information to compute its cen- distance from the point in space to the camera, and
P the projection matrix that relates 3D world coor-
LIn this section some quantities are presented informally dinates and 2D image coordinates. The transforma-
to augment the legibility of the whole document. tion given by this matrix can be decomposed into

Given the high complexity of the camera optical sys-
tem, and the consequent high number of parameters
required to model the whole image acquisition pro-
cess, it is common to exploit a linear model to the
camera. Inthis architecture it was considered the clas-
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three others: one between world and camera coordi-must be used in the calibration process. The intrinsic
nate frames, expressed PBg,, in homogeneous co- and extrinsic parameters of the camera can then be
ordinates; other responsible for projecting 3D points computed from the estimatgdvector as

into the image plane, represented tnyand a third

one that changes the origin and units of the coordinate Yo = P1.P3; Vo = P2.-ps3,
system used to identify each pointin the acquired im- [0u[ = [[P1—Uops|, [av| = [[p2—Vopsl,
ages, denoted &s. The product of the three previous rs = Ps3, r2 = pz;—\fmv
transformations results in the overall expression for r; =~ BaZtofs t, = P34,

the matrixP, which is given byP = A..°g,,, and es- = et fy = Pt
tablishes the relation between a point in the 3D world G G 7

and its correspondent in the acquired images. wherepx=[ Pk P2 Px3 |, andpi.pj represents

The use of the previous model implies the deter- the internal product of the vectors and pj, see
mination of the intrinsic and extrinsic parameters re- (Faugeras and Luong, 2001) and (Gaspar, 2008) for
ferred before. In this work, the classical approach pro- details.
posed by Faugeras (Faugeras and Luong, 2001) was
selected and implemented. The disadvantages of this3.2 PTZ Camera Internal Geometry
method are: i) the required preparation of the scene in
which the camera is inserted, and ii) the distortion of The camera used in this project has the ability to de-
the lens is disregarded. However, the impact of these scribe pan and tilt movements, which makes possi-
requirements is moderate since the camera in this ap-ble the variation over time of its extrinsic parame-
plication is supposed to be placed in a fixed location ters. Thus, the rigorous definition of the rigid body
in the world (the calibration needs to be performed transformation between camera and world reference
just once). A separate algorithm that compensates forframes implies the adoption of a model to the camera
lens distortion is implemented, see section 3.3 for de- internal geometry and the study of its direct kinemat-
tails. The major advantages are that only one imageics.
is required and reliable results can be obtained. Since the usereative WebCam Live! Motion

The classical method proposed by Faugerascamera has a closed architecture, its internal geome-
consists in performing an initial estimation of the try model was estimated from the analysis of its ex-
projection matrix, that is done from a set of points ternal structure and based on a small number of ex-
with known coordinates in world and camera ref- periments.
erence frames. Writing (1) and reorganizing the The proposed model considers five transforma-
expression obtained to every one of thpoints used  tions, that include the pan, tilt, and roll angles be-
in the calibration process, and considering that the tween the world and camera reference frames; the off-
indexi identifies the coordinates of thf@ used point,  set between the origin of the world reference frame
yields, for each point, and the camera rotation center, and the offset between

the camera rotation and optical centers.
The composition of this transformations leads to

X ¥ 2 1.0 0 0 0 —uX —uy -Uuz fui],p:o‘ the global transformation between world and camera
0 0 0 0 x V¥ z 1 —viXx —-Vwi¥i —viz —V .
reference frames:
with M

v ="t Mo ="a0%0 02705,

that is fundamental to determine the camera projec-
tion matrix over time.
wherepjx is theP element whose line and column are The expressions introduced require, however, the
j andk, respectively. knowledge of five parameters: pan, tilt and roll an-

The previous equations, when applied to the gles, the position of the camera optical center in the
entire set of used points, lead to a system of the world coordinate frame, when these angles are zero,
form Lp = 0, whereL is a 21 x 12 matrix. The and the offset between this point and the camera ro-
solution of this system corresponds to the eigenvectortation center. Since there is no position sensor in
associated with the smallest eigenvalueldi_, or, the camera, its orientation must be determined in real
equivalently, to the singular vector &f associated time using reference points in the 3D world. The po-
with the smallest singular value of its Single Value sition of the camera optical and rotation centers, when
Decomposition. Since the projection matrix has 12 the pan and tilt angles are zero, can be performed on
elements, and each point considered contributes withan initial stage resorting to points of the world with
two equations, there is a minimum of 6 points that known coordinates.

pP=[Pu P2 Pz Pia P21 P22 P23 P4 Pai P32 Pz Paal’
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3.3 Lens Distortion 4 IMAGE PROCESSING

The mapping function of the pinhole camera between 4 1 Target Isolation and Identification

the 3D world and the 2D cameraimage is linear, when

expressed in homogeneous coordinates. However, if athe isolation and identification of the target to be
low-cost or wide-angle lens system is used, the linear tracked in each acquired image is proposed to be tack-
pinhole camera model fails. In those cases, and forthejgq resorting to an active contours method. Active
camera used in this work, the radial lens distortion is contours (Kass et al., 1987), or snakes, are curves de-
the main source of errors and no vestige of tangential fined within an image domain that can move under the
distortion was identified. Therefore, itis necessary to jnfjuence of internal forces coming from within the
compensate this distortion by a nonlinear inverse ra- o rye jtself and external forces computed from the im-
dial distortion function, which corrects measurements 4g6 data. The internal and external forces are defined
in the 2D camera image to those that would have beensg, that the snake will conform to an object boundary

obtained with an ideal linear pinhole camera model.
The inverse radial distortion function is a map-

ping that recovers the coordinatesy) of undistorted

points from the coordinatggy,yq) of the correspon-

or other desired features within an image. Snakes are
widely used in several computer vision domains, such
as edge detection (Kass et al., 1987), image segmen-
tation (Leymarie and Levine, 1993), shape modeling

dent distorted points, where both coordinates are ré- (Terzopoulos and Fleischer, 1988), (Mclnerney and
lated to a reference frame with origin in image dis- Terzopoulos, 1995), or motion tracking (Leymarie
tortion center(xo,yo). Since radial deformation in- 54 Levine, 1993), as happens in this application.
creases with the distance to the distortion center, the |, this project aparametric active contounethod
inverse radial distortion functiorf(rq) can be ap- s ysed (Kass et al., 1987), in which a parameterized
proximated and parameterized by a Ta}ylor expansion curvex(s) = [x(s),y(s)], s € [0,1], evolves over time
(Thormahlen et al., 2003), that results in towards the desired image features, usually edges, at-
tracted by external forces given by the negative gra-
dient of a potential function. The evolution occurs in

X = Xd+ X ,EOkiriJl and y=ya+Yd EOKfL’l,
1= 1= order to minimize the energy of the snake
Esk = Eint + Eext,

ra = /X5 +Y3. . L
that, as can be seen, includes a term related to its inter-
The lens distortion compensation method adopted nal energyE;,, which has to do with its smoothness,
in this project is independent of the calibration pro- and a term of external ener@y, based on forces ex-
cess responsible for determining the pinhole model tracted from the image. Traditionally, this energy can

where

parameters, and is based on tagonalethat straight
lines in the 3D space must remain straight lines in 2D

camera images. ldeally, if acquired images were not

affected by distortion, 3D world straight lines would

be preserved in 2D images. Hence, the inverse radial
distortion model parameters estimation was based on

the resolution of the following set of equations

i = (ya—¥a(m,bi,x1))? = 0
fing = (Ying — ¥inp (MY, D1, Xing )2 = O
i == 1, ey Nr

with

whereN; andNp are the number of straight lines and
points per straight line acquired from the distorted im-
age, respectively. A set of x Np nonlinear equations
results, its solution can be found resorting to the New-
ton’s method, and estimates for the parametgrks,

X0, Yo, mi, by, i =1,... N, are obtained. Vfill
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be expressed in the form

1
Eu= [ 310X (9124 BX'(9)%]+ Exulx(9)ds
)

where the parametetsandf3 control the snake ten-
sion and rigidity, respectively, and(s) andx”(s) de-
note the first and second derivativesxg$) with re-
spect tes.

Approximating the solution of the variational for-
mulation (2) by the spacial finite differences method,
with steph, yields

%(sz — 411+

+6Xi — 4Xi—1+Xi—2) + Fgg(xi),

a
(%t)i = 2 (Xi+1— 2%+ Xi—1) —

wherex; = x(ih,t), andFéﬁz(xi) represents the image
influence at the point;.

The temporal evolution of the active contour in the
image domain occurs according to the expression

n+1

X" =x" 1],
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wheret is the considered temporal step. The iterative results from the linearization of the original nonlin-
process ends when the coordinates of each point ofear one, along the estimates. This kind of filters are
the snake remain approximately constant over time. usually referred to as Extended Kalman filters (EKF)
(Gelb, 2001), and have the advantage of being com-
4.2 Sensor Measurements putationally efficient, which is essential in real time
applications.
Consider a nonlinear system with state 0" ex-

Once obained the target contour, it is possible to ressed by the nonlinear stochastic difference equa-
compute the measurements that will be provided to Ei)on y q

the estimation process: the target center coordinates _ g
(u,v), and its distanced) to the origin of world refer- X = (X1, U1, Wh-1).
ence frame. and with measurements availakle O™ given by

Target center coordinates in each acquired image Zi = (X, Vie),
are computed easily as being the mean of the coordi- ) )
nates of the points that belong to the target contour. Where the indexk represents timey the control
Target distance to the origin of world reference frame iNPut, andwy € 0" andvy € O™ are random vari-
is computed from its estimated boundary. Its real di- ables that correspond to the process and measurement
mensions in the 3D world, and the knowledge of the NOise, respectlvel_y. These variables are assumed to
camera intrinsic and extrinsic parameters, allows to P€ independent, i.eE{wv'] = 0, and with Gaus-
establish metric relations between image and world Sian probability density functions with zero mean and
quantities. Estimates on the depth of the target cancovariance matriceQx andRy, respectively. .
then be obtained. A complete stochastic characteriza- !N the case of linear dynamic systems, the esti-
tion can be found in (Gaspar, 2008) and will be the Mates provided by the Kalman filter are optimal, in
measurements considered as inputs to the estimatiorjn€ sense thatthe mean square estimation error is min-
method used. imized. Estimates computed by EKF are suboptimal.

The use of triangulation methods for at least two Itis even possible th_at it_does not converge to the sys-
cameras, would allow the computation of the tar- €M State in some situations. However, the good per-
get distance without further knowledge on the target. formance observed in many practical applications, re-
However, the present tracking system uses a Sing|eyealed_th|s strategy as the most successful and popular
camera. Thus, additional information must be avail- N nonlinear estimation.

able. In this work, it is assumed that the target dimen-  11€ implementation of an EKF requires a math-
sions are known. ematical model to the target and sensors used. The

choice of appropriate models is extremely important

since it improves significantly the target tracking sys-

tem performance, reducing the effects of the limited
5 TRACKING SYSTEM observation data available in this kind of applications.

Given the movements expected for the targets to be
In this section, the implemented nonlinear estimation tracked, the 30Planar Constant-Turn Modeds pre-
methods is described. Estimates on the target posi-sented in (Li and Jilkov, 2003), was selected. This
tion, velocity and acceleration, in the 3D world, are model considers the vectar= [x,x,%,y,V,¥,2,2,z]"
provided and angular velocity is identified. This esti- as the state of the target, wherkey, z|, [x,y,z], and
mator is based on measurements from the previously[X,y,Z] are the target position, velocity, and accelera-
computed target center coordinates and distance to thdion in the world, respectively.

origin of world reference frame. The sensor measurements available in each time
instant correspond to the target center coordinates

51 Extended Kalman Kilter (u,v) and target distanced) to the origin of world
reference frame, and are given by

The Kalman filter (Gelb, 2001) provides an optimal u = P11X+ P12y + P13Z+ P14

solution to the problem of estimating the state of P31X+ P32y + P33Z+ P34

a discrete time process that is described by a lin- v — P21X+ P22y + P23Z+ P24

ear stﬁqhastic di:‘_fereﬂce ehquation. However, r’ﬁhis ap- 31X+ Pazy + P3sz+ Pas

proach is nod valid when the process and/or the mea- d - \/erVd,

surements are nonlinear. One of the most successful
approaches, in these situations, consists in applyingwherep;; is the projection matrix elementin the line
a linear time-varying Kalman filter to a system that and columnj, andv = [vy, W, Vq]" is the measurement
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noise (the time step subscriptvas omitted for sim-
plicity of notation). The measurement vector is given
byz=[u,v,d]".

It should be stressed that the methods used to com-
pute thea posterioriprobabilities of each model and
the final state estimate are optimal if each one of the

Next, a standard notation is used (see (Gelb, 2001)individual estimates is optimal. However, this is not

for details) to describe each Kalman filter:
Predict step

X = f(Xc-1,Uk-1,0)
Pe = AkPkaAL +WiQk 1 Wi
Update step
Kk = PHE(HPCHE + ViRV ™
X = X +Ki(z—h(X,0))
P« = (|7Kka)Pk_,

whereKy is the Kalman filter gain.

the case in this application, since the known solu-
tions to nonlinear estimation problems at present do
not provide optimal results.

6 EXPERIMENTAL RESULTS

In this section some brief considerations about the
developed positioning and tracking system are ad-
vanced, and the experimental results of its application
to real time situations are presented.

The complete measurement process characteriza-
tion requires also the definition of the measurement g 1 Application Description

noise covariance matriR. This matrix can be ob-

tained from an accurate study of the available sensors
which, in this project, consisted in executing a set of
experiments aiming to compute the standard devia-

'The architecture for positioning and tracking pro-

posed in this project was implementeditatlab, and
can be divided into three main modules: one that ad-

tion of the estimation error in the image coordinates § asses the interface with the camera. other that im-

of a 3D world point, and the standard deviation of the
error in target depth estimation.

5.2 Multiple-model

plements the image processing algorithms, and a third
related to the estimation process.

Interface with the Camera. Since the camera used
in this project has a discrete and limited range of
movements, its orientation in each time instant is de-

The model considered for the target requires the termined according to a decision system whose aim is

knowledge of its angular velocity. However, this tg ayoid that the distance between the image and the
value is not known in real applications, which led (arget centers exceed certain values.

us to the application of a multiple model based ap-

The CCD sensor built-in the camera acquires im-

proach, identifying simultaneously some parameters ages with a maximum dimension of 640180pixels

of the system and estimating its state.
The implemented method, known &éultiple-
Model Adaptive Estimation (MMAEJjAthans and

which is the resolution chosen for this applica-
tion. Despite its higher computational requirements,
smaller targets can be tracked with an increase on the

Chang, 1976), considers several models to a systemyccyracy of the system.

that differ in a parameter set (in this case the target |mage Processing. The active contour method was

angular velocity). Each one of these models includes jmplemented with the values of andP equal to 0.5
an extended Kalman filter, whose state estimates aregng 0.05, respectively, since these values were the

mixed properly. The individual estimates are com-
bined using a weighted sum with theposteriorihy-

ones that led to better results.
The developed application is optimized to follow

pothesis probabilities of each model as weighting fac- (e targets, whose identification in acquired images is

tors, leading to the state estimate
N
Xk = Z p|J(X|J(7
=1
with covariance matrix

N . .
Pe=3 PUPL+ (RE— %) (%L~ %)),
=1
where plj( corresponds to tha posterioriprobability

of the modelj, at the time instant&, andN to the
number of considered models.
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easy, since image segmentation is itself a very com-
plex domain, and does not correspond to the main fo-
cus of this work.

Estimation Process.The adopted MMAE approach
was based on the utilization of four initially equiprob-
able target models, that differ on target angular veloc-
ity values: 21[0,1,2,3]rad/s.

Each one of the models requires the knowledge
of the power spectral density matrix of the process
noise, that is not available. After some preliminary
tuning, the matrix considered for this quantity was
set todiag[0.1,0.1,0.1].
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The sampling interval of the developed applica-
tion was made variable, however for the parameters  w
previously discussed, a lower bound of approximately .=
0.5swas found. \//\\/ \/
4 / \ y

6.2 Application Performance e

[mm]
v [mmis]

The results presented in this section are relative to the
tracking of a red balloon attached to a rolBabdneer
P3-DX as depicted in Fig. 2, programmed to describe
a circular trajectory.

afmmis?y

] 20 40 60 80 100 120 140
tls]

Figure 4: Position (top left pan), velocity (top right pan),
and acceleration (bottom pan) estimates of a real target in
the world. The slender and tickler lines correspond to the
estimated and real values, respectively.

Figure 2: Real time target tracking. Left: Experimental have large transients in the beginning of the experi-
setup; Ritghctli_ T%Tgelt( iqtenttificatior}, Whleft‘? the initial Sn:‘%k_ ment, due to the initial state estimation error, and de-
IS presented in black, IS temporal evolution 1S presemed |- creage quickly to values beneathc®@ 4cmy/s, and
red, and the contour final estimate is presented in blue. 0'5cm/sg' resgectively. There are several r(/aasons that
can justify the errors observed: i) the uncertainty as-
In Fig. 3, the 3D nominal and estimated target tra- Sociated with the characterization of the real trajec-
jectories are presented. The target position, velocity tory described by the target, and ii) possible mis-
and acceleration along time are depicted in Fig. 4. matches between the models considered for the cam-
Despite the significant initial uncertainty in the state €raand target, and iii) incorrect measurementand sen-
estimate, the target position, velocity, and accelera- SOr noise characterization.
tion estimates converge to the vicinity of the real val-
ues. Moreover, given the suboptimal nature of the re-
sults produced by the extended Kalman filter in non-
linear applications, in some experimental cases where
an excessively poor initial state estimate was tested,
divergence of the filter occurred.

Je, | tmmis]

le,l tmm)

—+—Real
—— MMAE

0 20 40 60 8 100 120 140
tls]

1000

0 Figure 5: Position (top left pan), velocity (top right pan),
and acceleration (bottom pan) estimation error of a real tar
get in the world.

2000
3000

4000

5000 -2000

Figure 3: 3D position estimate of a real target. The real
position of the target in the initial instant is presented in The results of the adopted MMAE approach are
black. presented in Fig. 6. For the trajectory reported, the
real target angular velocity ist®.0217rad/s. Thus,
The position, velocity, and acceleration estima- the probability associated to the model closer to the
tion errors are presented in Fig. 5. These quantitiesreal targettends to 1 along the experiment, as depicted

529



VISAPP 2009 - International Conference on Computer Vision Theory and Applications

on the left panel of Fig. 6. On the right panel of that

an image segmentation algorithm that can identify a

figure, the real and estimated angular velocities are wider variety of targets.

plotted.
N v

08

0.05]

07

£os
£ o4 2003
=

80 100 120 140

] 20 40 60 80 100 120 140 20 40 60
sl sl

Figure 6: MMAE evolution over time. On the left, the
posteriori hypothesis probabilities. On the right, real (red)
and estimated (blue) target angular velocity.

In what concerns the range of operation for the

proposed system, it depends significantly on the cam-
era used and on the size of the target to be tracked. In
the experiments reported, an elliptic shape with axes

of length 106nmand 145nm was identified and lo-

cated, with the mentioned accuracies for distances up

to approximately ™ from the camera. The lower
bound of the range of distances in which the appli-
cation works properly, is limited by the distance at
which the target stops being completely visible, filling
the camera field of vision. For the target considered,
this occurs at distances bellow df

7 CONCLUSIONS AND FUTURE
WORK

A new architecture for indoor positioning and track-

ing is presented, supported on suboptimal stochastic

multiple-model adaptive estimation techniques. The
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