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Abstract An approach based on fuzzy logic for matching both articulated and non-articulated
objects across multiple non-overlapping field of views (FoVs) from multiple cameras is proposed.
We call it fuzzy logic matching algorithm (FLMA). The approach uses the information of object
motion, shape and camera topology for matching objects across camera views. The motion and
shape information of targets are obtained by tracking them using a combination of ConDensation
and CAMShift tracking algorithms. The information of camera topology is obtained and used by
calculating the projective transformation of each view with the common ground plane. The algorithm
is suitable for tracking non-rigid objects with both linear and non-linear motion. We show videos of
tracking objects across multiple cameras based on FLMA. From our experiments, the system is able
to correctly match the targets across views with a high accuracy.
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1 Introduction

Multi-target tracking across multiple cameras with non-overlapping field of views (FoVs) is a
challenging task. The clues are the behaviors of the targets before they disappear in an FoV and
after they reappear in another FoV. An approach based on fuzzy logic, fuzzy logic matching algorithm
(FLMA) is proposed to find the correspondence of multiple targets in multi-camera non-overlapping
FoV network. Such a system is useful for analysis of behaviors under multi-camera system, which can
be applied for surveilling large area such as highways, shopping malls, office buildings etc.

An overview of the system is showed in Fig. 1. It consists of several intra-camera tracking systems
and an inter-camera tracking system. Intra-camera tracking system is used for tracking targets in the
FoV of each camera. The first few frames of the video is used to build the background model, that is
used to detect the foreground objects. These foreground objects are initialized and tracked by using
ConDensation!!! and CAMShift/? tracking algorithms. Condensation algorithm is used for estimating
the states of the targets and CAMShift is used for data association. We have used ConDensation
algorithm for multiple target tracking in single camera FoV, where the data association is done using
the search window approximated by the CAMshift filter for each target. It takes care of errors in tracking
which may arise due to the splitting of targets, a common phenomena in detection of articulated objects.
This has lead to significant improvement in tracking of articulated objects compared to previous Work[3],
which used Kalman filter for tracking rigid targets with linear motion. The present work uses particle
filter and CAMshift filter to track the targets even when they split into more than one measurement.
Splitting of targets is especially true for articulated targets, with non linear motion.

Once a target leaves the FoV, inter-camera tracking system takes over the tracking task. In the
inter-camera tracking system, the FoV of each camera is projected onto a common ground plane view
(CGPV) by using projective transformation, which provides the position and motion of the targets in
CGPV. By manually matching the points in the common ground plane with those in the image plane
we compute the perspective transform of each view on to the common ground plane view (CGPV). A
target’s position and motion in CGPV and its shape information are used to match a new initialized
target with the targets in the missing target list. Missing target list is a list that stores the states of
the targets that have left the FoV’s of other cameras in the camera network. Thus the objective of the
inter-camera tracking system is to determine whether a new target in the FoV of a camera is a new
target in the whole camera network or a missing target from other views. To address the challenging
task of matching targets across views with no overlap, we have developed a system based on fuzzy logic
to match targets across the FoV's of the different cameras. The system proposed here is able to track
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both articulated and non articulated targets with non-linear or linear motion. Further more the FoVs
of different cameras can be arbitrarily located to view different patches in the common ground plane.
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Fig. 1 Schematic block diagram of the multi-camera tracking system

2 Related work

In [4], Greg et al. showed a number of related works done by Kalman filtering for linear dynamic
systems. Bar Shalom et al. attempted a mixture representation by extended Kalman filter (EKF) for
tracking a nonlinear dynamic system. However, M. Isard et al.l showed that Bar Shalom’s EKF might
not work because the mixture representation varies over time and the algorithm is not able to work
on real-time system because of its high computational cost. They proposed ConDensation algorithm,
a robust tracking algorithm by using finite number of samples to estimate the states of the targets.

Camera topology is the pattern of interconnection between cameras. Knowledge of camera topo-
logy in a camera network is very helpful in tracking targets across camera views. It can be used
to track the targets from one camera to another. Javed et al.%l assumed linear arrangement and
small gap between two cameras. This facilitated easy prediction of the reappearance of a target in
a camera when the target disappeared from another camera. They used Kalman filter to track the
targets in a single camera view. Huang et al. 6] proposed a Gaussian probability distribution function
(pdf) model for matching the targets between two camera view based on targets position, velocity,
size and HSV color information. Chilgunde et al. ] used probabilistic formulation for intra camera
target matching by modeling the state variables as Gaussian. T. Ellis et al. proposed an unsupervised
learning algorithm”’s] to establish the topology of multiple camera networks. It can achieve the more
sophisticated connectivity between cameras by using expectation-maximization.

3 Intra-camera multi-target tracking
The foreground objects are segmented out as blobs using background subtraction. Target tracking
is initialized by the graph based initialization algorithm discussed in [9]. The solution of multi-target
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tracking involves data association and state estimation. Each target will be either associated with
a measurement in the previous frame or assigned as a new target status by data association. State
estimation filter is used to predict the next state of each target and also to estimate the current state
of the target. In this paper, CAMShift algorithm[z] is applied for data association. ConDensation
algorithm[l] is used for state estimation.
3.1 Data association

Nearest-neighbor*?! looks for the nearest-neighboring objects. This leads to errors in data associ-
ation when two targets and there measurements are close to each other. Multiple hypothesis tracking
(MHT)[”] associated the data based on the probabilities of all possible combinations of matches be-
tween current observations and previous observations. The computation of MHT is expensive and is
not suitable for real-time system. Joint Probabilistic Data Association (JPDA)[12] assumes that the
number of targets are fixed and known but the number of targets is changing from time to time in the
data set we use for testing. CAMShift Algorithm is a non-parametric iterative technique to find the
center of mass of a target and its search window based on likelihood of the color distribution model
of the target. The proposed CAMShift in this paper is different from the original work[?. The search
window, predicted by CAMShift filter, of the binary segmentation image obtained from background
subtraction is applied with a Gaussian kernel, whose parameters are obtained from the above search
window. The Gaussian kernel image is obtained as follows.
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is the Gaussian kernel, where i., j. is the center of the search window and o; and o; are the vari-
ance of the Gaussian kernel in & and y direction respectively. The variance of the Gaussian ker-

nel depends on the height and width of the search window. From experiments, o; is chosen to be
width of the search window q . height of the search window
and oj is .
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Ifjernel is used as input to the CAMShift filter. The application of Gaussian kernel, Ifj”"'il, reduces

the instability in the computation of the center of mass of the target, which is common in the case of
articulated targets. It also solves the problems of data association which arise due to splitting of targets
into multiple blobs during segmentation.

3.2 State estimation filter

In the ConDensation algorithm, each object is represented by its state samples. Each sample
consists of three components, S; = {S{*, ", cf' }, where S{* is the n'® sample states at time ¢; 77 is the
probability of n'* sample state at time t and ¢} is the cumulative probability of nt" sample states at
time t. The pdf of the states is obtained by the weights of the samples. In our experiment, the number
of samples is 64. The position, =, y and velocity, V., V, are used as the state of the target.

The ConDensation Algorithm is an iterative algorithm. The new states will be resampled for
predicting the next new states. ConDensation state estimation consists of three steps: selection, pre-
diction, and measurement. In selection step, N new samples are randomly selected based on the old
sample-set pdf (See Appendix). The high probability samples will be drawn more frequently than the
low probability samples. Each sample is propagated with a dynamic model as follow.

The Gaussian kernel image,
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where S{™, S?Sn)7 55,2)7 and S‘(/Z) are the n'" sample state of z, y, Vi, and V,,, respectively. 5 S'én)7 S'g};h

S'EZI) are the n'" sample state before applying the dynamic model. After that, the weight of each sample
(7™) is updated based on the measurements obtained from CAMShift. The update function is defined

as follows.
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where ¢, ¢,, ¥y, and ey, are the variance of the measurements in z,y, Vs, and V,, respectively.

idth height

In the experiments we choose the following values of these parameters ¢, = wi‘5 y Py = ef% s
idth height

oy, = we ;and @y, = ) ; where width is the width of target and height is the height of target

obtained from the CAMShift filter. Finally, the new state of the target is obtained from the expectation
value of as X¢:

E(X,) =) =S¢ (4)

4 Fuzzy logic matching algorithm

Fuzzy systems are capable of representing diverse, non-exact, uncertain, and inaccurate knowledge
or information™®. It is a set of theory to express knowledge or information such as brightness, speed
etc. as humans do. The expression based on the fuzzy sets and fuzzy membership functions can
be used to make decisions. It has been widely used in control systems since 1980. The inter-camera
correspondence matching problem is similar to some of the problems in control system where sometimes
system information is not available due to limitation of the sensors. For example the problem of
balancing inverted pendulum, due to limitation of the sensors and complexity of the system, it is a very
difficult to balance an inverted pendulum. Similarly in our problem once a target moves into the blind
region, none of the information about the target is directly available from the video sensors. Fuzzy
logic has been successfully used to to solve the problem of balancing inverted pendulums. Inspired by
this application of fuzzy Logic we propose a fuzzy logic matching algorithm (FLMA) to match targets
across-cameras with non-overlapping FoVs. Fig.2 shows the block diagram of our basic fuzzy logic
based matching system.
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Fig. 2 The schematic block diagram of a basic fuzzy system. e,, and ey, are the error of speed in x and y
direction, respectively. e4 is the error of direction. e, and e; are the error of size. The output of the system is
the matching degree between the new target and the missing targets

4.1 Input of the Fuzzy Logic Matching Algorithm

When a target disappears from an FoV, its state, O = [tout, X, Y, Vz, Vy, W, L, I D] is saved in a list
called missing target list. ¢+ is the frame number at which the target leaves the FoV of a camera. X,
Y and V;, V, is the global position and velocity where the target disappears from the camera FoV. W
and L are the width and height of the target respectively. I D is a number to identify the target. Every
time a new target appears in the FoV of a camera then its states Onew = [tin, X', Y, V,,V,, W' L']
is computed by target tracking initialization algorithm as a part of the intra-camera tracking system.
To decide whether it is a new target in the entire camera network or an instance of reappearance of
a target which has disappeared in another camera’s FoV we use fuzzy logic to intelligently match the
states of this target with the states of the targets in the missing target list.

The states of the new target and the states of target in missing target list are used to compute
the following error functions: The error functions of speed are defined as

X' -X

tin - tout

Y'-Y
v = B VZ ’ e’Uy - tzn - tout
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The error function of velocity direction is defined as
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The error functions of size are defined as
ew =W —W|, e=|L —1L| (7)

4.2 The Structure of the Proposed Fuzzy System
Three steps are required to find the best match from the missing list by using fuzzy logic. They are
(1) Fuzzification, (2) Fuzzy inference, and (3) Defuzzification™. Fuzzification is the process of making
a crisp quantity fuzzy. Crisp quantity is a clearly defined quantity. There is no uncertainty in crisp
quantity. In contrast, fuzzy set is a representation of imprecise data. In the fuzzification module, each
input has a corresponding membership function. Fig. 3 shows an example of a fuzzification membership
function. The crisp set inputs such as ey, ,€v,,€d4,€w and e; etc. are represented as a fuzzy set for
example
z  where z = Z(ew,)
Fuzzy(ev,) =< ps where ps = PS(ey,) (8)
pb  where pb = PB(ey,)

where z,ps and pb are called the degree of truth in Z, PS and PB membership functions respectively.
Fuzzy () is somehow describing the distance of « from the state zero, positive small and positive big.
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Fig. 3 A graphical plot of the membership function used for fuzzification of crisp variables. In this example,
the states zero, positive small and positive big are 0, 2, and 4, respectively

Fuzzy inference computes fuzzy propositions with fuzzy set, which are input from the fuzzification
module. Basically, there are M fuzzy if-then statements in the fuzzy inference module. Fuzzy logic
is a set of functions based on Boolean algebra and it combines different fuzzy sets to form an if-
else statements and returns an output based on the fuzzy sets. The following is an example showing
definitions of three basic fuzzy logic connectives used in computing a match of a missing target with a
new target:

Negation (NOT):

Fuzzy(ey,) =1 — Fuzzy(eys,) 9)
Disjunction (OR):
Fuzzy(ev, V ey,) = max(Fuzzy(es,), Fuzzy(ey,)) (10)
Conjunction (AND):
Fuzzy((ev, A ev,) = min(Fuzzy(ew, ), Fuzzy(ew,)) (11)

After the fuzzy inference module generates M outputs from M fuzzy if-then statements, the M
outputs are used as inputs to the defuzzification module. The defuzzification module aggregates the
inputs and returns a scalar value. The scalar value is named as the matching degree which is used
for making matching decision here. There are a lot of methods, such as center-of-area defuzzification,
center-of-sums defuzzification, center-of-largest-area defuzzification etc., to defuzzify the inputs to a
scalar value.

4.3 The Implementation of the proposed fuzzy system

First, the state is used to compute the error functions in (5), (6) and (7). These crisp variables

are fuzzified by their corresponding membership functions. Next, the fuzzy inference module computes
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the fuzzy proposition ({e., is Z} AND {e,, is Z}) based on fuzzy logic min(Fuzzy(e., ), Fuzzy(es,)).
Then, Sugeno inferencel*¥ is applied to return a scalar value based on the output membership function,
output = [ (input). The result is showed in Fig.4. In the fuzzification module, the fuzzy sets are
obtained by the Gaussian distance function. Therefore,the output membership function in the proposed

fuzzy system here is an inverse of Gaussian function. It is defined as

Output = 1 — \/—0.2171 x In(input) (12)

The defuzzification method is applied to aggregates these output into a scalar value. The best
well-known defuzzification method which is known as the Center-of-Area is used here. This method
computes the center of area below the output membership function as the Matching Degree. It is

defined as
M

Z inputm X F (inputm,)
Matching Degree = == (13)

M
z Input,
m=1

Finally, the target in the missing target list with the highest matching degree to the new target
is considered as the identical target if and only if the matching degree is greater than a predefined
threshold value. The threshold value is obtained using a training data set where the matching targets
have been manually labeled. In the results the same color is used to draw the targets’ path in different
views whose IDs are same.
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Fig. 4 Plot of the similarity output against input

5 Results

The proposed multiple-camera tracking system is implemented and tested on two and three-camera
network systems. Fig.5 shows the full ground plane view of the monitored area from a three camera
system. The top image is from camera C1, the right image is from camera C2 and the left image is from
camera C3. Fig.6 shows the tracking result of a human in C2's FoV, where the background is shown
in black and foreground in grey, and tracking results in CGPV and in the image is shown by light gray
track for this person. Fig.7 shows the tracking result of another person in C2's FoV and CGPV, its
track is dark gray. Fig.8 shows the reappearance of target labeled with light gray track or light track
viewed in gray image in camera C1 it has been correctly matched with its previous occurrences and
thus a light gray track is assigned to it. This figure also shows the track of the another target in camera
C3 with a dark gray track. The track paths are drawn on the CGPV.

Another similar case is showed on Fig 7. Once the target left the camera view, the path in the
tracking view will be removed but the path on CGPV remains unchanged. It can be clearly seen on Fig
7. The light gray track refers to the first target and dark gray track refers to the second target. In Fig
8, it shows that the first target was moved from one camera to another but its light gray path on the
CGPV still remains unchanged. The matching degree of some experiment results are showed in Table
1.

In the experiments, the system can process 15fps (the frame size is 352x288) for a three-camera
system with a P4 3.2 GHz. From the experiment, the system is able to correctly match targets across
cameras with very high accuracy.



984 ACTA AUTOMATICA SINICA Vol. 32

Fig. 5 The common ground plane view (CGPV) of a three camera system monitoring a reception area. The
top image is from camera C'1, the right image is from camera C2 and the left image is from camera C3

Fig. 6 Image (a) shows a frame from camera C2 with one target. Image (b) shows the segmentation and
tracking result of this target in the image plane. Image (c) shows the tracking of this target in the CGPV.
Note that the track of this target is light gray, as same color will be used when reappearance of this target is
detected in other camera views

Table 1  The matching values of the fuzzy logic matching algorithm for
multiple missing targets and multiple new targets

New Frame Camera Missing Frame Camera Matching

target in No target out No degree
T> 6186 3 T 4868 3 0.52
T, 6550 1 T 4868 3 0.979
T, 6550 1 T> 6186 - 0
T> 7762 1 T> 6746 3 0.868
T, 8362 2 T> 8293 1 0.6217
T 8362 2 T 7217 1 0.91




No.6 Loke Yuan Ren et al.: Object Matching Across Multiple Non-overlapping Fields of - - - 985

Fig. 7 Image (a) shows a frame from camera C2 with another target. Image (b) shows the segmentation and
tracking result in the image plane. Image (c) shows the tracking result of this target in CGPV. Note that track
of this target is labeled dark gray

Fig. 8 Image (a) shows a frame with light gray labeled target in camera C1. Image (b) shows that correct light
gray label is assigned to this target after Fuzzy Logic matching. Image (c) shows the tracking and correct
matching result of the targets in the CGPV of camera C3
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6 Conclusions and future work

We have successfully implemented a multiple camera system which can track objects across the
views of non overlapping cameras with very high accuracy, using fuzzy logic to match the targets based
on their states. The information of camera topology is used by obtaining the projective transforms of
each camera with the ground plane view. We have developed a robust intra camera tracking system
for articulated objects by a unique combination of Condensation and CAMShift based multi-target
tracking. The combination has been able to successfully solve the problem of data association when a
single target splits into multiple blobs which is common in segmentation of articulated objects. Thus
we have obtained better tracking of articulated targets with non-linear motion.

At present the system works 15 fps for frame size (352x288). This can be further improved with
the use of parallel programming techniques and multithreading. Application of distributed computing
and grid computing techniques can also be applied to achieve 25 fps processing on each of the streams
from the different cameras in the camera network. Since cameras of the multiple-camera tracking system
in practice may be located far away among each other, efficient distribution of resources is required to
save the transmission time of the information. Although the tracking system has been improved that
allows the cameras to be arbitrarily positioned, it is limited on the same level of a building. However,
the flexibility of FLMA allows the system to be improved for matching targets at different planes with
a good color model and color-based similarity function as discussed in our paperm].

Appendix: Sampling algorithm

1) Given sample states, S}* and its corresponding probabilities, 7r;* and cumulative probability c}'.

2) Generate a random number r from [0,1] (uniform distribution)

3) Map r to S{* as show in Fig. 9

Find the smallest n such that ¢ > r
Return the corresponding S
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Fig. 9 Sampling algorithm for ConDensation
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