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Abstract regardless of the reliability of the sensors, leads to a po-
tential waste of samples, and the blind integration of multi
Even though sensor fusion techniques based on particleple sensors may corrupt the entire observation if some non-
Iters have been applied to object tracking, their implemen discriminative sensors are involved in the measurement pro
tations have been limited to combining measurements fromcess. Also, the different characteristics of multiple sess
multiple sensors by the simple product of individual likeli may not be maintained effectively because it is dif cult to
hoods. Therefore, the number of observations is increasedconsistently preserve multi-modality with a single disere
as many times as the number of sensors, and the combinedensity function in the particle Iter frameworks[ 19). To
observation may become unreliable through blind integra- overcome these problems, we propose a probabilistic sen-
tion of sensor observations — especially if some sensors aresor selection method for the measurement step and employ
too noisy and non-discriminative. We describe a methodol- a mixture of kernel-based Bayesian Iterg[
ogy to model interactions between multiple sensors and to
estimate the current state by using a mixture of Bayesian |- 1.1. Related Work

ters — one lter for each sensor, where each Iter makes a distinauish b giff Kinds of “ .,
different level of contribution to estimate the combined-po We distinguish between two different kinds of "sensors

terior in a reliable manner. In this framework, an adaptive — Physicalandlogical sensors. A physical sensor is a hard-
particle arrangement system is constructed in which eachWare component (video camera, IR camera, ultrasound sen-
particle is allocated to only one of the sensors for observa- SOf microphone, etc.), while a logical sensor refers t@a fe
tion and a different number of samples is assigned to eachtl?re (CO“tF’““ edge, shape, mot|o_n, etc.) extractlon mecha
sensor using prior distribution and partial observatioinse nism applied tp the raw df"‘ta obtained frlom a physmal sen-
apply this technique to visual tracking in logical and physi sor. Both physmal a_nd Ioglgal senso_rfusmn te_zchnlquee hav
cal sensor fusion frameworks, and demonstrate its efeectiy P€€N applied to various object tracking algorithms.

ness through tracking results. . The Iog|c§1I sensor fusion concept has beep addressed
in the following papers: Isard and Blaké&] [combine skin
color detection and contour tracking to improve tracker per
formance, and the edge and color features are integrated to
track elliptical objects in7, 20]. Also, multiple cues —

The particle Iter provides a natural methodology to fuse Mtion, color, shape, etc. —are fused heuristically to over
measurements from multiple sensors, and such fusion tech€Me the limitations of the individual modalities i}, 17].
nique has been frequently applied to object tracking. In the 1 "€re are a few papers applying Bayesian inference based
general sensor fusion framework based on particle Iters, a ©" 9raphical models, but they either use an ad-hoc exter-
pre-de ned number of samples are drawn and the nal like- Nal indicator to estimate the reliability of a modalify] or
lihood of each sample is determined by the product of the N contribution of the fusion process is limited to cregtin
likelihoods measured in individual sensors. better proposal distribution in the particle Iter framewko

More robust observations would be expected by such in- gznﬂ'aln 3[11']5:8:10(;} ?]Z“gnt::ges dh;glen:ﬁtg.rﬁ; a:EeKCIS mb'”i‘l’
tegration of multiple sensors, but the cost of the obsesuati variatl X ilter ( )isus

also increases in proportion to the number of sensors. More-for track.mg and qu|on: . ,
Physical sensor fusion has been applied to video confer-

over, assigning a xed number of particles to each sensor, ' . )
encing, multi-modal interfaces and augmented reality, and
Current af liation: University of California, Irvine, CA 8697 trackmg IS a ke){ component.for these app||C?-t|0nS- The
YCurrent af liation: Google Inc., Mountain View, CA 94043 combination of video and audio sensors for object tracking

1. Introduction




is described in]4, 1€]. In these methods, particle Iters are on its reliability. This cannot easily be done in convengéibn
used both to fuse measurements and to perform tracking. particle Iters since the probability for an arbitrary Idt@n

Sometimes, physical and logical sensors are used todn the state space is not available, so the expected likeli-
gether for sensor fusion in the particle Iter framework hoods cannot be obtained; it is possible in kernel-based
[4, 13]. In [13], generic importance sampling mechanisms Bayesian ltering, where all the relevant density functon
for data fusion are introduced, and three cues (color, mo-are represented with a mixture of Gaussians.

;ion gnd soun;]:i) ar;: mr?delzd by an appropriage Iikelihofod This approach is applied to visual tracking in both logi-
unction. On the other handi] proposes a combination o cal and physical sensor fusion framewaorks; color, gradient

FOp'dOV(\ij?.nd bot;{om-up adpprog\ches to fuse multiple Sens'template and contour feature are employed for logical sen-
Ing moda |t|e§ (color, soun » an cqntqur). sor fusion, and multiple cameras are used for physical sen-
While particle lters provide a principled methodology sor fusion. Also, tracking in the presence of sensor fadure

fo;;g;sor fusion, they simply mur:nply the likelihoods rﬁntc: bi is tested; one of the cameras provides completely noisy sig-
Individual sensors to compute the measurement proba "“nals, which is handled by dynamic particle allocation withi

ity fOT e_ach sample. Consequently, the multi-modal char- the mixture kernel-based Bayesian Itering framework.
acteristics of different sensors can be Iqst _and the perfor- 1.5 |est of this paper is organized as follows. In Sec-
mance |mproyement thfo‘%gh sensor fusion is reduced. Re'tion 2, kernel-based Bayesian ltering is reviewed, and our
cently, the mixture Bayesian Itering framework has been sensor fusion technique is described in SecBoiThe ap-

prqposed to 'malntam multl—quahty by modeling .the pOS- plication to visual tracking and its performance are demon-
terior as a mixture of parametri€][or non-parametricl9 strated in Sectior

density functions. This technique has been applied to multi
object tracking in a single camera setting,[19)].

We adopt the concept of the mixture particle Iter to
propagate multi-modal density functions obtained from  In this section, we provide a brief summary of Kernel-
multiple sensors; the summary of our approach is describedbased Bayesian Filtering (KBF) introduced if}.[
below.

2. Background

2.1. Overview
1.2. Our Approach

The state variable; (t = 0;:::;n) in Bayesian |-
Our sensor fusion framework is different from previous tering is characterized by its probability density funaotio
approaches in the following ways. estimated from the sequence of measuremenptft =

1;:::;n). The conditional density of the state variable

1. While _the_ s_tandard sensor fusion technique combinesgiven the measurements is propagated through prediction
data from individual sensors in the measurement step of theg g update stages by a Bayesian framework
z

particle lter, our method performs the fusion in the update
step. .T.he comblngd posterior is cons_tructed by amixture pxijzy. 1) = p(Xejxe 1)Pp(Xe 1jzee 1)dXe 1(1)
of individual posteriors, which are continuous functions —
a mixture of Gaussians.

2. The individual posteriors have different weights to R
contribute to the combined posterior in proportion to the wherek =  p(zijx¢)p(Xtjz1:t 1)dX¢ is a normalization
prior and the measurement con dence. By adopting a constant independent of,. The posterior probability at
weighted mixture model for the posterior instead of a time stept, p(x¢jzi:t), is used as a prior in the next step.
single probability density function, the posterior estiioa When the prior is represented as a weighted mixture
iS more accurate; it gives more weight to reliable sensorsof Gaussians, the mixture representation can be preserved
for robust state estimation. Therefore, tracker perforrean through the prediction and update stages and propagated to
can be improved, especially in the presence of clutter andthe next step.

. 1 .
P(XtjZ1t) = Ep(ztjxt)p(xuzl;t 1) (2

occlusion.
3. The other important difference is that all sensors may2'2' Kemel-Based Bayesian Filtering
not be used for the measurement of each sample. Instead, Denote byx} (i = 1;:::;n;) a set of mean vectors R¢

the sensor for which the actual observation is made is de-and byP! the corresponding covariance matrices at time
termined probabilistically based on the expected likedtho  stept. Let each Gaussian have a weightwith = ™, ! =
for each sample. The proposal distribution is constructed 1, and let the prior density function be given by

from prior knowledge as well as partial observations from g

each sensor. The sensor selection provides a framework to p(X¢ 1jZ1t 1) = pi 1N(Xit 1?Pi ) ©)

assign an adaptive number of particles to each sensor based - ol



whereN (m; ) represents a normal distribution with mean crete probability density functions, the probability atan
m and covariance . bitrary location in the state space can be computed analyti-

In the prediction step, the Unscented Transformation cally in the kernel-based Bayesian lter. This propertyyda
(UT) [9, 1] is applied to each mode in the prior so that an important role in computing the expected likelihood of
non-linear process models can be handled. Using the uneach sample before the “real” observation, and will be uti-
scented transformation, the prior is transformed to amothe lized in our sensor fusion framework.
mixture of Gaussian as follows. In the next section, we explain how the kernel-based
Bayesian ltering framework is employed for sensor fusion.
X 1 oo

H . = ni . |

Pz ) o NP @ 3. Fusion Tracking by Mixture KBF

Suppose that we hawe sensors and try to fuse data from
those sensors. If the mixture weight of each sensor is given
by | ;(i=1;:::;K)attimet 1, the posterior at time
stept 1— also the prior at timé¢ — is de ned by

whereM = 'l | and®; andP! are the transformed mean
and covariance, respectively. This non-linear transferma
tion is accurate up to second order.

Density interpolation based on the Non-Negative Least
Square (NNLS) method is incorporated to parameterize the

measurement density with a Gaussian mixture, and the mea-  p(xy 1jz1t 1) = (Xt 1jzat 1) @)
surement function witlm; Gaussians at timeis given by k=1
e o wherepy (Xt 1jz1:t 1) is the posterior of an individual sen-
P(zejxt) = {N(x{;Ry) (5) sor attimet 1, which is a mixture of Gaussians.
i=1 Our purpose is to preserve this representation through

the iterations of Bayesian ltering. The overall procedure
for an individual Bayesian lter is similar to the descripti

o : in Section2, and we will explain how to combine the infor-

In the update S.tep’ the posterior is obt_a|_ned by the IorOd'mation from multiple sensors and how sensors interact with

ucts of the Gaussian pairs between prediction and measure-
. ) . " ~each other.

ment density. Even though the derived density function is
also a weighted Gaussian mixture, the exponential increase3 1. prediction Step and Proposal Distribution
of Gaussian components in the mixture during the prop-
agation makes the whole procedure intractable. In order We make a prediction for an individual Bayesian Iter
to avoid this prob'em, a density approximation technique independently by the unscented transformation as deskcribe
is applied. It allows us to maintain a compact and accu- in 2.2, and the predicted density function is given by
rate density representation even after many stages of den- %
sity propagation. After the update step, the nal posterior p(Xtjz1t 1) = {< Pe(Xejzee 1) ®)
distribution is given by

where | is the weight andR} is the covariance associated

k=1
X o Since our method selects a sensor for observation prob-
p(xijzi:) = TiN(X{;iPy) (6)  abilistically, the proposal distribution is very importaio
i=1 overall performance. In the particle Iter framework, tieer
wheren, is the number of modes at time steand the sum @' several techniques to ir_nprove the proposa_l distributio
of 1 is equal to 1. such as the use of an auxiliary tracker with different fea-

tures B], unscented particle Iter0, 14], and multi-stage
2.3. Discussion of Kernel-Based Bayesian Filtering sampling [/, 17].
] ) We combine the prior and partial observation distribu-
Kernel-based Bayesian ltering has an advantage overjon, from each individual Iter through a 2-stage sampling
conventional particle lters. It is generally known that a gcheme to construct the proposal distribution, which im-
continuous proposal distribution can improve the quality yroyes the effectiveness of particles. Since the postérior
of sampling [], so the natural Itering algorithm based e previous step in Eq.7) is the combined information
on continuous density functions amelioratiegeneracyr obtained from individual sensors, it should be more retiabl
theloss of diversityproblem. Therefore, the kernel-based ,5n, the individual posterior. So, the initial proposalidis
Bayesian lItering is more ef cient since the number of sam- bution, denoted by (x(jX; 1:z1:), iS common for every
ples can be reduced. o sensor and is equal to the predicted distribution in BYj. (
Also, there is an important characteristic of kernel-based
Bayesian ltering. Unlike the particle Iters based on dis- q-(XejXe 1;Z1t) = p(XtjZe 1) 9)



In the second stage, the proposal distribution for each senwherer; is a random number from a uniform distribution in

sor,qf(xtjxt 1;Z1:t), IS determined by the combination of [0; 1).

the initial proposal distribution and the partial obseiwat This procedure is similar to the E-step of the EM algo-

from each sensor as follows: rithm, and cannot be done in conventional particle lters
2,0 . _ 1,0 . I based on discrete density functions since itis dif cult s o

Ge(xeixe 1721:)=(1 )q (XX 1320+ P (zex0); (10) g probabilities at arbitrary locations. The sensor exgpe

Wherepil(ztjxt) is the initial measurement density ands to prOduce the h|ghe3t likelihood is prioritized for observ

a constant. The combined proposal distribution is given by tion, and is given more samples to improve the robustness of
the measurement density. The sampling and measurement

K procedure in the second stage is illustrated in Figure

P(XejXt 1;2Z1t) = (X 13z1): (1D)
k=1
This 2-stage sampling strategy improves the sampling
quality and possibly reduces the number of samples re-
quired, since the proposal distribution combines the prior
of all sensors and the partial observations in the currept st

3.2. Measurement Step

The measurement step is also composed of two stages ir

accordance with the 2-stage sampling. The main purpose

of the 2-stage sampling is to improve the proposal distribu-

tion in a progressive manner. By assigning a xed number

of particles to each sensor in the rst stage, the degeneracy

problem — the situation that no particle is drawn from one

or more sensors and the measurement density does not be

come available — can be avoided. This situation may hap- sensor 1 sensor 2

pen when only a couple of sensors dominate the posteriorFigure 1. An example of sampling and measurement procedure

due to their strong measurement likelihoods and the rest ofin the second stage. The proposal distribuip(xjx: 1;z1:t)

the sensors have negligible mixture weights. is constructed from the prior and the partial measurement density
In the rst stage, the samples are drawn from the com- function of thek-th sensor, andf’ (x«jx: 1;21:t) is the mixture

mon proposal distribution (x¢jx; 1;z1:t), and the obser-  of &, (k = 1;2). (Top) The samples such tha(sel(i) = 1)

vations are made in all sensors for the same locations inP(Sel(i) = 2) are represented with red (shaded) circles, and the

the state space. Then, the initial observation resultsényev rest are represented with blue circles. The sensor selection for each
' ' sample is performed by Eq.1%). (Bottom) Because the sensor

C K . selection for each particle is probabilistic, red and blue particles
distribution for the next stage, as shown in EG1)( from are mixed in each sensor. Based on the measurements of each

which samples are drawn. In the second stage, each samplgengor, the nal measurement density functions are constructed by
is assigned to only one sensor probabilistically for obser- gensity interpolation.

vation by considering the prior and likelihood expectation

The probability that th&-th sensor is selected is given by The multi-stage measurements performed in the indi-
p(sel(i) = k) = vidual lter is identical to kernel-based Bayesian lter]|
0); ) where a density interpolation technique based on the non-
falpkx’jzee )+ @ )pH(zix) | 5 negative least square method is used to obtain measure-
szl b pj(Xg')JZm D+ )pjl(ZtJXE'))) ment den_S|ty functions. The |nd|y|dual measurement den
sity function of thek-th sensor at time stetp px (z¢jX¢), is
wheresel(i) is the selected sensor number for thte sam-  given by
ple, isa constanq;)k(xg')jzl;t 1) is the prediction proba- e
- . . . 1o :o(0) ) o ) )
_b|||ty of the |-t_h_ partlcle_m thek-th sensor, an(ik(_szxt ) P (ZejX¢) = LN (X R ) (14)
is the probability of thaé-th sample given the initial mea- i=1
surement density. The sensor selection forititie sample _
is given by wheremy is the number of components, is an un-

! normalized weight of each Gaussian componentarahd
(13) R} are the mean and covariance in the¢h measurement

x
sel(i) = arg min p(sel(i) = k) >r; : )
s density, respectively.

k=1



3.3. Update Step Therefore, the mixture weight at time stejs given by

In the update step, the prior and the measurement infor- « P Mok
. . . Kk — t 1 i= tk .
mation are combined to construct the posterior for each sen- £ = Pﬁﬁﬁ (20)
sor, and the individual posteriors are combined to deriee th j=1 ot 1 Q=1

overall posterior probability density function. De ne the

combined observation density function as In other words, the updated mixture weights depend on the

con dence of new observations in each Iter as well as the

" £ 1P (Xtizae 1)Pe(Zejxi) prior knowledge.
p(zijxi) = —p TR — (15)
k=1 1t 1P(XtiZ1t 1)

Then the combined posterior distribution is given by

4. Experiments

The proposed sensor fusion technique is applied to visual

P(Xtjz1:1) tracking problem, where several logical and physical sen-
_ p P@ix)p(Xtjzat 1) sors are integrated and the weighted mixture density func-
T p(zxo)p(Xtjze 1)dX: tion is propagated in the framework of mixture KBF to es-
, K« . timate target state. Also, we tested the performance of our

= R p(Z‘JXt)p k= ¢ 1P(XZae 1) sensor fusion algorithm under the condition that some sen-

P(zijXt) e € Pe(Xejza 1)dx sors fails temporarily and are completely unreliable.

K k . .

= p et ‘p\lpk(zt_]xt)pk(x‘_]z“ Y 4.1. Logical Sensor Fusion

k=t © o1 Pe(ZaXo)pe(Xejze 1)dXq

We rst apply the fusion technique to object tracking us-

R . .
X £ 1 Pe(Zdxo)pk(Xejzae 1)dx ing multiple logical sensors; the features (sensors) used a

- i szl ! 1“ P (ZejXe)p; (Xejzt 1)dXq P(XtjZ1:) (1) color, (2) gradient,.(3) template, and (4) contour. For_

% the color and the gradient sensor, the target appearance is
- tkpk(thZl:t) (16) modeled using histograms and the Bhattacharyya distance

ket is used to compute likelihoods. The template sensor mea-

] o sures the mean squared difference of the color pixels in a
where the posterior for each sensor is given by smoothed image template. Finally, the contour sensor uses

) P (ZejX ) Pr (XtjZ1t 1) the magnitude of the gradients along the normal direction
Pk (XtjZ1t) = 'Qp A (A7) around the perimeter of an ellipse. For each sensor, track-
KAEITURAIIS ing is performed independently by KBF, but all the sensors
and the new weight for thie-th Iter, ¥, is interact and compete for dynamic particle allocation as ex-
. R . . q plained in Sectior8. The object is tracked in a 4D state
kK= p Kt 1 p‘;g(ztjxt)p"(x”z“ 1)dx space consisting of image locati¢xi y), in-plane rotation,
i=1 _— B (zejX)Pj (XtjZae 1)dX¢ and scale, and the random walk is chosen as the process
£ i@z 1) model. . |
= P : (18) Figure2 present the results of tracking with four differ-
j=1 t 1P (ztjzat 1) ent sensors by the mixture KBF. Our algorithm tracked a tar-

get successfully under signi cant pose variations and ieve

and that the computation of the individual posterior, aPPearance changes for the entire 500 frames. The number

P (Xtjz1.1), is straightforward using KBF. of s_amples drawn is 90 altogether — 10 in the rst stage end
80 in the second stage, so the total number of observations

The remaining issue is the calculation of the mixture | : i : . .
weight ¥. To obtain the mixture weight for each I- N all sensors combined is 120. This result is presented in

ter, it is necessary to compute the component likelihoods Figure 2, where the images for template and contour fea-

tures are omitted for lack of space. Note that the gradients
in thex andy direction are mapped to R and G space in the

gradient images, respectively.

Note thatpy (Xtjz1:t 1) andpk(z:jx;) are already known

Pe(ztjze 1)=  Pe(ZejXe)Pe(Xejzae 1)dX¢

Z 4.2. Physical Sensor Fusion

i ey
i N (X s Ry Jdxe There has been a signi cant amount of prior work on

tracking using multiple camera$,[11], but few attempts
- i (19) have been made to control the degree of contribution from
ok each of the cameras.
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Figure 3. Single object tracking exampl@op, Middle) Results
in camera 1 and camera 2. The red dots represent sample locations
in each image plangBottom) Current location (blue circle) and
trajectory (red circles and lines) in top view for each frame

Num. of samples
[42)
o

Frame number

(d) Number of samples
Figure 2. Tracking results by logical sensor fusion. (a)(b)(c) -
(Row1) Color (Row?2) Gradient (d)(Blue) Color, (Red) Gradient 0
(Magenta) Template(Black) Contour (The color bar indicates the
dominating sensor in each frame and triangle marks correspond tc,,
the frames shown in this gure.) 0s

We assume objects are moving on a ground plane anc
all cameras have some common eld of view of those ob- *
jects. The common state space is de ned as the 2D location (a) Mixture weights (b) Particle assignment
(x;y) in the canonical top view, and the state vector is trans- Figure 4. Mixture weights and particle assignments for each sen-
formed into each view for an observation using the ground sor in each frame. Blue solid Ilhes and red dotted Ilnes.are. for
plane homography. Even though the cameras are static, n(g)amera 1land camera 2, res_pectlvely. The frames shown in Figure
background subtraction information is used for tracking. are marked with triangles in each gure.

The process model is also the random walk, and the like-
lihood of each sample is based on the similarity of the RGB ture model preserves a component with a small weight and
histogram between the target and the candidates. allows it to make a signi cant contribution later.

We tested our method on a sequence captured by two Occlusion and clutter can signi cantly affect the likeli-
cameras in which a walking person is tracked. The appear-hood; but experiments indicate that appearance change is
ance model is constructed based on two separate histogramslso a very important factor. Consequently, a very high
— one for the upper and the other for the lower body, and mixture weight is sometimes given to one camera due to
the Bhattacharyya distance is used to compute the joint like pose and lighting variations as illustrated in Figéresven
lihood. though the target can be seen clearly in both cameras.

Figure 3 illustrate the result of tracking a person using We also compared the tracking performance of our
two cameras in an indoor environment. In this example, 60 method and a conventional fusion by particle ltering,
samples are used — 10 for each camerain the rst stage andvhich is presented in Figu@ The sequence for this exper-
40 in the second stage. Even with frequent occlusion andiment is similar to the one used for Figuse but there are
clutter, the person is successfully tracked throughouséhe  many dynamic occlusions between two people whose ap-
guence by the adaptive collaboration of two cameras. Also, pearances are very similar because both are wearing white
the mixture weights and the number of particles assigned toT-shirts. The same number of measurements (50 altogether)
each camera are updated at each frame depending on visibilis performed for both methods; in the case of our method,
ity and the distinctiveness of the target in each view, which 5 samples are drawn at the rst stage of measurement step,
is illustrated in Figurel. As observed in Figuré, the mix- and 40 samples are then dynamically allocated to both cam-




0 20 40 60 80 100 120 0 20 40 60 80 100 120

(a) camera 1 (b) camera 2 . . . .
Figure 5. Severe difference of mixture weights due to appearance _ (@) M'_Xture ngghts . (b) Pa,rt'de assignment
change { = 170). In this sequence, the initial target appearance Figure 7. Mixture weights and particle assignments for each sen-

model is constructed based on the frontal view of the person, andSO" In each frame. Blue solid lines and red dotted lines are for
the lighting condition varies in each framéCamera 1) mixture camera 1 and camera 2, respectively.

weight = 0.1210, number of particles = 1&amera 2) mixture
weight = 0.8790, number of particles = 45. Note that the particles

drawn in the rst stage are counted twice. dynamic sample allocation.

The comparison with mixture particle Iterlp, 19
is not straightforward since the “competing” mechanism
among sensors is hard to implement in particle lters based
on discrete density functions. However, the comparison be-
tween KBF and conventional particle Iter in’] suggests
the potential advantage of mixture KBF.

4.3. Fusion in the Presence of Sensor Failures

In many vision systems, it is common that some sen-
sor data is temporarily missing or is totally unreliable due
to sensor noise, external blockages, hardware/software er

(a) Tracking by mixture KBF rors, etc. The performance of our sensor fusion algorithm is
also tested in the presence of sensor failures and compared
with the conventional fusion method using particle Itegin
Figure8 illustrates the result of multi-object tracking using
three cameras in an outdoor scene, where one of the cameras
fails temporarily 60 100 frames). 5 particles are used
at the rst stage of measurement and 60 particles are dis-
tributed to 3 sensors, resulting in a total of 75 observation
In spite of frequent occlusions amongst the group of people
and temporary sensor failures, tracking is successfuhtor t
entire 900 frames. The number of total observations made

(b) Tracking by conventional fusion method corresponds to allocating only 25 samples for each sensor
Figure 6. Comparison between mixture KBF and conventional in the conventional fusion method; according to our exper-
fusion by particle ltering. The results at time= 18;54; 67 are iments, tracking by the conventional method is less stable
presented for each case (a) and (b) where the rst and second rowthan the proposed method. In our method, only around
represent results in camera 1 and camera 2. 10 samples are allocated to every person in the failed sen-
sors, which indicates that our fusion technique minimizes

) ) ) the contribution of unreliable sensors effectively.
eras. After the rst occlusion, both tracking algorithms re

covered from short-term failures but the conventionaldosi
method based on particle Itering lost the target after the
second occlusion. On the other hand, our method succeeded We presented a probabilistic sensor fusion technique
in tracking the target even after the second occlusion. based on mixture kernel-based Bayesian ltering. This
In our method, the number of observations in camera 2 framework provides a principled methodology to select sen-
betweent = 54 andt = 67 is consistently much more than sors probabilistically for measurements. By assigning par
camera 1 as illustrated in Figuie It suggests that track- ticles to a sensor based on its reliability, the observaii®n
ing by mixture KBF is successful because the utilization of comes more robust and the effectiveness of particles is im-
the more reliable sensor (camera 2) is maximized by theproved. We applied our algorithm to various sensor fusion

5. Conclusion
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(a) Tracking by mixture KBF o]

[10]
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[12]
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(b) Tracking by conventional fusion method
Figure 8. Tracking people in existence with temporal sensor fail- [15]
ures.(Left) t = 140 (Middle) t = 356 (Right) t = 558 (Rowl)
camerallRow2) cameragdRow3) camera3

16
scenarios, and presented tracking results in the presdénce o[ ]

severe occlusion, clutter, and sensor failures.
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