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SENSOR SYSTEM FOR IDENTIFYING AND TRACKING
MOVEMENTS OF MULTIPLE SOURCES
CROSS-REFERENCE TO RELATED APPLICATION

This application claims the benefit of U.S. Provisional Patent Application
Serial No. 60/665,837 filed March 29, 2005, which is herein incorporated by
reference in its entirety.

This invention was made with Government support under contract no.
DAAD 19-03-1-03552 awarded by the Army Research Office. The Government
has certain rights in the invention.

BACKGROUND OF THE INVENTION
FIELD OF THE INVENTION

Embodiments of the present invention relate to systems and methods for

biometric tracking and authentication. More particularly, embodiments of the
present invention relate to systems and methods for identifying and authenticating
human motion using radiation detectors.

BACKGROUND INFORMATION

Biometric systems are widely used in person metrication and secure

identification. Some of the biometric systems implemented include fingerprint
scafmers, iris or retina scanners, pressure pads, face recognition, and voice
recognition. All of these implementations use high resolution/high sensitivity
devices making them unscalable in terms of bandwidth, computation cost, or both.

In view of the foregoing, it can be appreciated that a substantial need exists
for systems and methods that can advantageously provide for scalable and low
cost biometric tracking and authentication.
BRIEF SUMMARY OF THE INVENTION

One embodiment of the present invention is a system for identifying an
object from movement of the object. The system includes a sensor and a
processor. The sensor detects radiation from the object as the object moves over
time. The processor is coupled to the sensor. The processor converts the detected
radiation to a spectral radiation signature. The processor compares the spectral
radiation signature to at least a second spectral radiation signature to identify the
object.

Another embodiment of the present invention is a system for identifying

an object from movement of the object. The system includes a sensor and a
1
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processor. The sensor detects radiation from the object as the object moves along
a first path over time. The processor is coupled to the sensor. The processor
converts the detected radiation to a spectral radiation signature. The processor
obtains temporal radiation data from a second object moving along a second path
using the sensor. The processor converts the temporal radiation data from the
second object to a second spectral radiation signature. The processor applies
principal components analysis to the second spectral radiation signature to
produce underlying factors and scores for the second spectral radiation signature.
The processor applies a multiple linear regression to the underlying factors and
scores to produce a regression vector and a mean and covariance of clustered data
for the second spectral radiation signature. The processor obtains an inner product
of the regression vector and the spectral radiation signature. The processor
compares the inner product to the mean and covariance of clustered data to
determine if the identity of the object matches the second object.

Another embodiment of the present invention is a method for identifying
an object from movement of the object. First temporal radiation data is obtained
from a first object moving along a first path using the sensor. The first temporal
radiation data from the first object is converted to a first spectral radiation
signature. Principal components analysis is applied to the first spectral radiation
signature to produce underlying factors and scores for the first spectral radiation
signature. Multiple linear regression is applied to the underlying factors and
scores to produce a regression vector and a mean and covariance of clustered data
for the first spectral radiation signature. Second temporal radiation data is
obtained from a second object moving along a second path using the sensor. The
second temporal radiation data from the second object is converted to a second
spectral radiation signature. An inner product of the regression vector and the
second spectral radiation signature is calculated. The inner product is compared
to the mean and covariance of clustered data to determine if the identity and
location of the first object match the second object.

Another embodiment of the present invention is a system for identifying a
human being from movement of the human being. The system includes a dual
element pyroelectric detector, a Fresnel lens array, and a processor. The dual
element pyroelectric detector detects radiation from the human being as the

human being moves over time. The Fresnel lens array is located between the dual
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element pyroelectric detector and the human being. The Fresnel lens array
improves collection efficiency and spatial resolution of the dual element
pyroelectric detector. The Fresnel lens array includes a mask. The mask provides
at least one zone of visibility. The processor is coupled to the dual element
pyroelectric detector, the processor converts the detected radiation to a spectral
radiation signature. The processor compares the spectral radiation signature to at
least a second spectral radiation signature to identify the human being.

Another embodiment of the present invention is a system for identifying a
human being from movement of the human being. The system includes a dual
element pyroelectric detector, a Fresnel lens array, and a processor. The dual
element pyroelectric detector detects radiation from the human being as the
human being moves along a first path over time. The Fresnel lens array is located
between the dual element pyroelectric detector and the human being. The Fresnel
lens array improves collection efficiency and spatial resolution of the dual element
pyroelectric detector. The Fresnel lens array includes a mask. The mask provides
ét least one zone of visibility. The processor is coupled to the dual element
pyroelectric detector, the processor converts the detected radiation to a spectral
radiation signature. The processor obtains temporal radiation data from a second
human being moving along a second path using the sensor. The processor
converts the temporal radiation data from the second human being to a second
spectral radiation signature. The processor applies principal components analysis
to the second spectral radiation signature to produce underlying factors and scores
for the second spectral radiation signature. The processor applies a multiple linear
regression to the underlying factors and scores to produce a regression vector and
amean and covariance of clustered data for the second spectral radiation
signature. The processor obtains an inner product of the regression vector and the
spectral radiation signature. The processor compares the inner product to the
mean and covariance of clustered data to determine if the identity of the human
being matches the second human being.

BRIEF DESCRIPTION OF THE DRAWINGS

Figure 1 is an exemplary plot of a black-body radiation curve of a human

body at 37 degrees Celsius, in accordance with an embodiment of the present

invention.
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Figure 2 is a schematic diagram of a sensor system for identifying and
tracking movement of an object, in accordance with an embodiment of the present
invention.

Figure 3 is an exemplary polar plot of a dual element pyroelectric detector
response, in accordance with an embodiment of the present invention.

Figure 4 is schematic diagram of a pyroelectric sensor, in accordance with
an embodiment of the present invention.

Figure 5 is an exemplary top view of a field of view of a Fresnel lens
array, in accordance with an embodiment of the present invention.

Figure 6 is an exemplary side view of a field of view of a Fresnel lens
array, in accordance with an embodiment of the present invention.

Figure 7 is a schematic diagram of four plastic masks for Fresnel lens

arrays containing one, three, five, and seven elements, in accordance with an

embodiment of the present invention.

Figure 8 is a flowchart of an identification method of a sensor system for
identifying and tracking movement of an object, in accordance with an
embodiment of the present invention.

Figure 9 is an exemplary plot of temporal voltage signals generated by a
human walking across the field of view of a pyroelectric sensor, in accordance
with an embodiment of the present invention.

Figure 10 is an exemplary plot of a spectra corresponding to voltage
signals generated by a human walking across the field of view of a pyroelectric
sensor, in accordance with an embodiment of the present invention.

Figure 11 is an exemplary plot of supervised clustering results upon six
labels for 120 data sets collected from a pyroelectric sensor including an eleven-
element Fresnel lens array, in accordance with an embodiment of the present
invention.

Figure 12 is an exemplary plot of probability density distribution of the
clusters shown in Figure 11, in accordance with an embodiment of the present
invention.

Figure 13 is an exemplary plot of identification results for a sensor unit
with an eleven-element lens array at a sensor object distance of two meters and a
sensor unit placed at a height of 80 centimeters, in accordance with an

embodiment of the present invention.
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Embodiments of the invention are described in detail below. One skilled
in the art, however, will appreciate that the invention is not limited in its
application to the details of construction, the arrangements of components, and the
specific steps set forth in the detailed description or illustrated in the drawings.
The invention is capable of other embodiments and of being practiced or being
carried out in various ways. Also, it is to be understood that the phraseology and
terminology used herein is for the purpose of description and should not be
regarded as limiting.

BRIEF DESCRIPTION OF THE APPENDICES

Appendix 1 is a description of a sensor system used to identify and track
human motion, in accordance with an embodiment of the present invention.
DETAILED DESCRIPTION OF THE INVENTION

The present invention is based upon the radiation characteristics of an
object, such as a person, animal, or vehicle. The temperature of a typical human
body is about 37 degrees C or 98 degrees F. There is a constant heat exchange
between the body and the environment due to the difference in their temperatures.
The radiation characteristics of any object can be analyzed using the black-body
radiation curve governed by Planck's Law.

Figure 1 is an exemplary plot 100 of a black-body radiation curve 110 of a
human body at 37 degrees Celsius, in accordance with an embodiment of the
present invention. In Figure 1, it can be seen that essentially all of the radiation is
in the infrared region, with the peak radiation occurring at 9.55 um . To estimate
human body radiation of heat to its environment, Planck’s Law is integrated‘ over
the transmission window of a sensor. The average human body radiates about 100
W/m® of power. Thus, infrared detectors that are sensitive in arange of §~14 um

are able to detect humans within a reasonable distance.

A pyroelectric infrared (PIR) sensor has high performance for infrared (IR)
radiation detection at room temperature. Recently, PIR sensors have been used
for a wide range of applications such as intruder detection, light actuators, and
auxiliary sensing to complement the coverage of cameras. PIR sensors are
attractive for security applications due to their low cost and low power
consumption. Equally attractive, PIR sensors do not need special or expensive

cooling.
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According to another embodiment of the present invention, a wireless
distributed pyroelectric sensor system is used for human target tracking. One
aspect of human tracking is human identification or recognition. Human
identification not only plays an important role in security systems and scene
surveillance, but also is a necessity for tracking multiple humans, by reducing the
mutual interference among those human objects during the tracking proce‘ss.

According to another embodiment of the present invention, a pyroelectric
sensor system for human recognition serves as a component of a biometric
system, a requirement for many intelligent machine systems and secure systems.
In conventional biometric systems, the complex structure of certain body parts,
such as a human iris, human fingerprints, facial, or hand geometry, are measured
optically, analyzed digitally, and a digital code is created for each person. When
humans walk, the motion of various components of the body, including the torso,
arms, and legs, produce a characteristic signature.

According to another embodiment of the present invention, a pyroelectric
sensor system detects the motion of various components of the body, including the
torso, arms, and legs, and produces a characteristic signature that it is sufficiently
discriminatory to allow verification in some low-security applications. Much of
the work on gait analysis as a behavior biometric has been conducted using video
cameras which stream and process large amounts of data to extract the identity of
the person under examination in a computationally expensive way. A continuous-
wave (CW) radar, for example, has been developed to record the radar signature
corresponding to the walking human gait.

From a thermal perspective, each person acts as a distributed infrared
source whose distribution function is determined by their shape and the IR
emission of their extremity. Combined with the idiosynctasies in how they carry
themselves, the heat impacts a surrounding sensor field in a unique way. By
measuring the sensor response to a person in a prescribed walking path, this
response data is mapped to a code vector in a two-dimensional (2-D) plane that
uniquely identifies the person at a specific speed level.

A functional biometric system requires the specific human characteristics
in use to be universal, distinctive, permanent, and collectable. Universal means
each person should have his/her own characteristic. Distinctive means any two

persons should have separable characteristics. Permanent means the characteristic
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should be sufficiently invariant, under a certain matching criterion, over a period
of time. Collectable means the characteristic must be a measurable quantity. A
biometric system is an intrinsic pattern recognition system and comprises three
parts: feature representation, feature training (clustering), and feature testing.

According to another embodiment of the present invention, data collected
from a sensor (e.g., a pyroelectric sensor) is analyzed using spectral techniques to
extract the motion features of individuals. The experimental results display the
spectral distinctions among different humans walking at different speeds. The
spectral features of objects at a specific speed are collected repeatedly with small
variances, given a fixed sensor configuration. By using a principal component
regression (PCR) method, those spectral features are clustered around a set of
points, along a unit circle in a 2-D label plane. From the training process, a
regression vector locating a cluster is obtained, as well as the mean and covaﬁance
of a number of clusters. Then new data, of persons walking at random speeds, are
used for testing the recognition capability. 4

Figure 2 is a schematic diagram of a sensor system 200 for identifying and
tracking movement of a person 240, in accordance with an embodiment of the
present invention. System 200 includes sensor 210 and processor 220. Sensor
210 can include but is not limited to one or more lenses, coded apertures,
programmable amplifiers, and radiation detectors. Sensor 210 is mounted on
pillar 230 at height 270. Sensor 210 detects radiation from person 240 as person
240 moves past sensor 210 along path 250. Distance 260 is the perpendicular
distance between pillar 230 and path 250. Processor 220 is coupled to sensor 210.

According to another embodiment of the present invention, data from
sensor 210 is collected into a packet and transmitted by an attached half-duplex
wireless transmitter, a TRF6901 for example, to a similarly constructed collection
node, where it undergoes additional signal processing and is relayed by a serial
interface to processor 220 for analysis and display. A standard communication
protocol is used in the transmission of data between each of the nodes and the
master node along with error correction mechanisms for each transmitted byte.
The wireless transmitters preferably operate at 20Kkps (kilobits per second) and
can be programmed to use variable frequencies. Making each node use its own
frequency and performing frequency hopping on the collection nodes minimizes

the communication protocol requirements while maximizing data throughput.
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Processor 220 is used to process the information from sensor 210 in order
to identify and track person 240. Person 240 can also be but is not limited to a
vehicle or an animal. Person 240 is an object that radiates energy, for example,
heat. Processor 220 creates a heat signature of person 240 from the measurements
of sensor 210 and discriminates between different objects by comparing their heat
signatures. Parameters that impact the identification performance of processor
220 include but are not limited to characteristics of a coded aperture, height 270,
and distance 260.

PIR detectors are advantageous for use in sensor 210, because of their low
cost and low power consumption. A PIR detector costs $2, for example. A PIR
detector consumes 2 mW, for example. PIR detectors are available in single
element or dual element versions. A single element detector responds to any
temperature changes in the environment and therefore needs to be thermally
compensated to remove sensitivity to ambient temperature. Dual element
detectors have the inherent advantage that the output voltage is the difference
between the voltages obtained from each of the elements of the detector, which
subtracts out environmental effect.

Figure 3 is an exemplary polar plot 300 of a dual element pyroelectric
detector response 310, in accordance with an embodiment of the present
invention. Response 310 is toward a point source, where the distance between the
point source under testing and the sensor is normalized to show its generic
visibility characteristic. A dual lobe visibility pattern is formed because the two
pyroelectric elements are connected in series opposition. The signals obtained
from each of the elements where a thermal source crosses the common area of
overlap of the fields of view (FOVs) cancel one another.

An exemplary dual element pyroelectric detector is the PIR325 from
Glolab Corporation. This detector can be used to detect IR radiation from human
bodies. Each element of the detector has an angular visibility of over 100 degrees,
but any motion near both the margins of the FOV does not create a significant
change in the thermal flux, resulting in very little response. The response of the
detector depends on the incident power collected by the detector which in turn

depends on the area of the detector. Since the detector elements have a small area
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(2 mm?*), the amount of power collected is a very small fraction of the incident
power.

Pyroelectric detectors in themselves do not shed much light on the nature
of the heat source they observe, because their resolution and collection efficiency
are poor. Coded apertures are used as a visibility modulating element. The space
is segmented and encoded based on the number of detectors and each spatial
region is assigned a unique combination of overlapping detectors. A reference
structure mask is then designed to modulate the visibility of the sensors to
implement this code. A problem with coded apertures is that the signal to noise
ratio (SNR) is poor, since much of the incident radiation is blocked by the mask.

According to another embodiment of the present invention, té improve
both the collection efficiency and spatial resolution, Fresnel lens arrays are used to
create a discontinuous visibility pattern. These sensors, therefore, trigger as heat
sources cross the boundaries created by the visibility pattern. The nature of a lens
array allows the visibility space to be segmented into multiple boundaries.

- Fresnel lenses are very good energy collectors, and have been used
extensively in non-imaging applications. They are especially useful for IR
applications because of low fabrication costs and good transmission
characteristics in the infrared.

Figure 4 is schematic diagram of a pyroelectric sensor 400, in accordance
with an embodiment of the present invention. Pyroelectric sensor 400 includes
lens aperture 410 and dual element pyroelectric detector 420. Lens aperture 410 is
used to improve both the collection efficiency and spatial resolution of dual
element pyroelectric detector 420. Lens aperture 410 can be but is not limited to a
Fresnel lens. A Fresnel lens can be molded out of inexpensive plastics with
desired transmission characteristics (for the required wavelength range) making
pyroelectric sensor 400 thin, light weight, and inexpensive.

In order to aid in motion sensing, Fresnel lens arrays are designed so that
the visible space is divided into zones. Detection is enhanced by creating distinct
regions of visibility. Each of the lenses on the array would typically create a
single cone of visibility depending on the focal length and the size of the detector
elements. However, with dual element pyroelectric detector 420, the cone of

visibility of a lens is divided into two distinct zones, as illustrated in Figure 4.
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Figure 5 is an exemplary top view 500 of a field of view of a Fresnel lens
array, in accordance with an embodiment of the present invention. Each lens on
the array produces two beams having an angular visibility. Visibility angle 510 is
3 degrees, for example, separated by angle 520, which is 1 degree, for example.

Figure 6 is an exemplary side view 600 of a field of view of a Fresnel lens
array, in accordance with an embodiment of the present invention. Visibility
angle 610 is 12 degrees, for example. An exemplary Fresnel lens array is the
“Animal alley array- AA0.9GIT1” from Fresnel Technologies, Inc. The material

of this lens has suitable transmission in the 8-14 um range. A summary of the

different parameters of this lens array is shown in Table 1 below.

Parameter Value
Angular coverage of each lens 7°
Angular gap between adjacent beams 2°
Angular gap between two beams from 1°
each lens

Lateral angular spread 12°
Transmittance of lens in IR 75 %

Table 1

Figure 7 is a schematic diagram of four plastic masks 700 for Fresnel lens
arrays containing one, three, five, and seven elements or visibility zones, in
accordance with an embodiment of the present invention. Fresnel lens arrays are
available with a number different elements. For example, Fresnel lens arrays are
available with 1, 3, 5, 7, 9, and 11 elements.

A wide variety of tracking methodologies such as Bayesian statistics can
be applied to the tracking problem and within the particular statistics used, a
number of strategies such as Kalman, Gaussian particle filters, and Hidden
Markov Model. Tracking methodologies are further described in Appendix 1.
The tracking methodology selected is driven by the amount of on-board
processing power available. The Fresnel lens can shape the visibilities of
pyroelectric sensors to detection regions with different visibility patterns and
when humans enter different regions, different sets of sensors can fire
simultaneously, and from those signal patterns the locations of peoplé can be

obtained.
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Humans move in generally the same way, but with subtleties that can be
recognized by those who are familiar with them, even at a distance. The multiplex
nature of pyroelectric sensors allow capture of relatively small amounts of data
that still bear the unique aspects of a person’s movement. Because the
pyroelectric sensors collectively project a set of boundary planes that cut through
the intervening space, the subtle aspects of a person’s gait will directly affect the
sensors measurement.

Discrimination between members of a group are made by collecting data
generated by the pyroelectric system such as the spectral content of the sensor’s
temporal signal, generated by humans walking along a path. During a training
phase, features are collected and used to discriminate between registered humans
while rejecting unregistered humans.

Figure 8 is a flowchart of an identification method 800 of a sensor system
for identifying and tracking movement of an object, in accordance with an
embodiment of the present invention. System 800 includes both training and
testing paths.

In step 805 of method 800, temporal data of an object moving along a first
path is obtained from a pyroelectric sensor. This is temporal training data.

In step 810, temporal training data is converted to a spectral radiation
signature. A fast fourier transform (FFT) is used to create a Fourier spectra, for
example. The result is spectral training data.

In step 815, a smoothing function is applied to the spectral training data to
reduce noise present in the signal.

In step 820, principal components analysis is applied to the spectral
training data. The results are the underlying factors and their scores for the
spectral training data. Principal components analysis identifies significant spectral
components from the Fourier spectra of the training data. A significant spectral
component for a person walking can be but is not limited to the swinging of an
arm or leg, the bobbing of the head, or the velocity of the person’s body. These
spectral components are the underlying factors and scores provided by principal
components analysis. Discrete values for the underlying factors and scores are
obtained by sampling the spectral components, for example. A matrix of discrete
values for the underlying factors and score is produced from multiple data sets of

training data from the same object.
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In step 825, multiple linear regression is applied to the underlying factors
and their scores to regress those scores. The result is a regression vector for
training data and a mean and covariance of clustered training data. Multiple linear
regression is used to reduce multiple lists (e.g., a matrix) of spectral components
obtained from multiple samples of training data to a single list (e.g., a vector) of
spectral components that uniquely identify the movement of the object. Multiple
linear regression also provides a mean and covariance for each spectral
component from the multiple lists or data sets.

In step 830, temporal data of an object moving along a second path is
obtained from a pyroelectric sensor. This is temporal testing data.

In step 835, temporal testing data is converted to spectral radiation
signature. A Fast Fourier transform is used to create a Fourier spectra, for
example. The result is spectral testing data.

In step 840, a smoothing function is applied to the spectral testing data to
reduce noise present in the signal. 4

In step 845, the inner product of the regression vector and the spectral
testing data is obtained. The result is an estimate of the identity of a spectrum of
the testing data. Like the training data, the spectral testing data also consists of
more than one data set in order to reduce the effects of noise. As a result, there
are multiple spectrums for the testing data. These multiple spectrums are
represented in discrete form, for example, by a matrix. The inner product of this
matrix and the regression vector is then used to produce an identity vector.

In step 850, the estimated identity of the spectrum of the testing data is
checked against the clustered data of the training process and identified and
unidentified objects are found. These identified and unidentified objects are also
called registered and unregistered objects, respectively. An identified or
registered object is one whose estimated identity of the spectrum is within a
certain threshold of an object previously detected in the training phase. The
threshold is selected by analyzing large sets of data. The threshold determines the
accuracy of the system.

The first path of step 805 is, for example, a fixed or known path and the
second path of step 830 is an unknown path. In another embodiment of the
present invention, a senor array, or multiple sensor nodes, and additional feature

representations are employed to improve the robustness of the system. With more
12
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advanced signal processing and feature extraction techniques, for example, the
first path of step 805 does not need to be fixed or known. The result is a path-
independent human recognition system, which is also less sensitive to the walking
speed of objects.

Mathematically, PCR is used to find a regression vector F, such that the
identity of a spectrum of unknown sensory data can be estimated, by an inner
product of vector F and the spectrum S.

I=SeF. (D

PCR uses the full spectrum, and is factor-based. The spectral information
is not directly used in training, but is subject to factor analysis to find those factors
that have the largest influence on data variations. PCR is divided into two steps:
principal components analysis (PCA) followed by standard multiple linear
regression (MLR). In multiple hypothesis testing (MHT), the identity of an
unknown spectrum is estimated by Eq. (1) and then is checked against clusters and
their distributions obtained from the training process.

PCA is a spectral decomposition of the spectrum matrix S, retaining only
those factors that have large singular values. The remaining factors associated
with small singular values are assumed to be from noise, and therefore omitted
from the later regression phase. The singular value decomposition (SVD) of a
spectral matrix S can be represented by the following equation.

Ss = U s @
U and V are orthogonal matrices, m is the number of samples, n is the number of
spectral points in one spectrum of the sensor’s temporal signal.

o,

0,

= o . 3)

0

¥ is diagonal with nonnegative singular values in descending order. Thus the

spectrum matrix S can also be written as,

,
T T T T
S =Y ouy] =ouV +ou,y, +.+ oY, . 4)
-
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S can be approximated by its first k singular values, assuming singular values for

larger k are negligible.
k T
S~§, = Z}Giuivi )
i=
=ou V! +0o,u, Vi o Vr

= Ut St V b
where k << m,n.
The spectrum matrix S also can be defined as
S~TPT, 6)

where

mek =U mxte Zaxk s

P= T;kxn ,
SP=T.

T is the score matrix, and P is the factor matrix. Geometrically, P is
viewed as a new set of orthogonal coordinates spanning the inherent (true)
dimensionality of the spectrum data matrix S, and T is the projection (scores) of S
onto new coordinate system. It is called k-space.

Once underlying factors and their corresponding scores are obtained, MLR
is performed to regress those scores. In the classification process, the Fourier
spectrum is first projected onto those factors obtained during training, and the
resulting scores are correlated with the calibration vector obtained by MLR in k-

space. The spectrum vector is regressed against the score matrix 7, , to get the
regression vector f,, in k-space. For example, the least-squares solution of the
following equation is found.
Ly = TS - (7
The least-squares solution for £, is
fog =@TY' T T =571, (8)

where
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Finally, from Eq. (6), Eq. (7), and Eq. (8) the regression vector can be written as

follows.
Fua =Pk [ o
= P (2) (1) I
=V it (5) (U ik Sot)” T

=V et (B Umat)" T (10)

From multiple linear regression, the resultant regression vector is obtained,

as well as mean and covariance of clustered training data, [z, ..., 4] and [21, ...,
2], where K is the number of clusters. Therefore, for an unlabeled spectrum x,

there are K+1 hypothesis, {Hy, Hj, ..., Hx}, to test. The hypothesis Hy represents

“none.” The decision rule then is

if max{p(x| H,)} <y
otherwise

(11)

H,,
T€\H,: i=argmax{p(x| H,)},

where p(x|H;) = N(x|t, ) is the association of x with the i cluster and vy is a
selected rejection threshold. Recognition ability of the process is measured by the
false alarm rate, which can be defined by the following equation.

_ #of false sets

FAR =
# of testing sets

According to another embodiment of the present invention, experimental
data is collected using pyroelectric system 200 of Figure 2. Sensor 210 includes a
PIR detector and a Fresnel lens array. Sensory data is collected when difference
people walk back and forth along a prescribed straight path 250, where distance
260 is between two and three meters. Height 270 is approximately 80
centimeters. Data is collected as a human 240 moves along path 250.

In response to heat flow, electric charge is built up on a pyroelectric
detector of sensor 210 by virtue of its pyroelectric property. The electric charge
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results in an electric current which is converted to a voltage signal by a current to
voltage amplifier (e.g., a transductance amplifier).

Figure 9 is an exemplary plot 900 of a temporal voltage signal 910
generated by a human walking across the field of view of a pyroelectric sensor, in
accordance with an embodiment of the present invention.

Figure 10 is an exemplary plot 1000 of a spectra 1010 corresponding to
voltage signals generated by a human walking across the field of view of a
pyroelectric sensor, in accordance with an embodiment of the present invention.

The Fourier spectra generated by two people walking at a similar speed are
generally different. Also, for the same person, different speeds produce spectral
differences. Hence, in addition, the effects of speed are taken into account in
building a functional identification system.

According to another embodiment of the present invention, an optimal
number of elements of a Fresnel lens array is found by modulating the visibility of
pyroelectric sensors by Fresnel lens arrays with 1, 3, 5, and 11 transparent
elements. Exemplary masks used for selection of different lens elements are
shown in Figure 7.

According to another embodiment of the present invention, the effects of
the sensor location and sensor-target distance upon the identification performance
are studied. The sensor unit is located at the heights of 35cm, 80cm, and 120cm
respectively and two fixed-paths, 2 m and 3 m, from the sensor are used. For each
sensor-object configuration, 60 sets of data are collected for each person walking
back and forth along a fixed-path at 3 different speed levels, namely fast,
moderate, and slow, all within the range of the daily walking habit. The Fourier
spectra of measured signals of the two human objects are collected. Data
collected at the different walking speeds is displayed in columns. Data obtained
with the different element numbers of Fresnel lens arrays is displayed in rows.
Each plot contains 20 superimposed data sets which are gathered from 20
independent walks. By reviewing such displays it is seen that there is a degree of
specira overlap and that the repeatability of the spectral features is high.

According to another embodiment of the present invention, an
identification procedure consists of two parts: training and testing. During
training, 120 data sets are clustered from each sensor-lens pair into 6 clusters, two

persons, and three speeds. Since the label of each data set is known, the clustering
16



WO 2006/105094 PCT/US2006/011295

[0079]

[0080]

[0081]

[0082]

[0083]

process is viewed as supervised training. As such, these 6 clusters are mapped to
6 points equally distributed along a circle using linear regression. The resultant
regression vector obtained from PCR defines the linear boundary between the data
sets.

Figure 11 is an exemplary plot 1100 of supervised clustering results upon
six labels for 120 data sets collected from a pyroelectric sensor including an
eleven-element Fresnel lens array, in accordance with an embodiment of the
present invention. The six circles 1110 represent the locations of clustered results
for two different people walking at three different speeds. Each circle 1110 is
then surrounded by 20 data points that represent 20 separate walks by a particular
person at a particular speed. The data points are placed on plot 1100, for example,
based on the relative locations of two spectral components. Diamonds 1120 are,
for example, 20 walks by Jason at slow speed, while stars 1130 are 20 walks by
Bob at a fast speed. Figure 11 shows that both different people and the speed of
movement of the same person can be distinguished by an embodiment of the
present invention.

Clustering results are obtained for the sensor units with 1, 5, and 11-
element Fresnel lens arrays. The results show that the use of an increased number
of lens elements in the lens array yield better performance in the supervised
classification.

Figure 12 is an exemplary plot 1200 of probability density distributions of
the clusters shown in Figure 11, in accordance with an embodiment of the present
invention. Figure 12 shows the contours 1210 of probability density distributions
(pdfs) associated with the clusters in Figure 11. Contours 1210 of probability
density ranging from 0.1 to 0.7 are drawn in Figure 12 to aid in interpretation.
These contours are used to specify a threshold that determines whether or not an
object has been identified.

According to another embodiment of the present invention, after
determining the optimal number of lens element, the effects of sensor locations
are studied. Clustering results and their pdfs are obtained for the sensor unit with
an 11-element lens array placed at the heights of 120 cm and 35 cm, respectively.

According to another embodiment of the present invention, MHT is
carried out for human identification. 20 data sets are collected for each person

walking at random speeds. For two registered persons, there are 40 data sets for
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each configuration of sensor units. A probability density of each data set is
calculated to determine its cluster membership. The threshold for membership is
chosen to be 0.05. If the probability density value of a data set is below the
threshold, the data set is labeled as others.

Figure 13 is an exemplary plot 1300 of identification results for a sensor
unit with an eleven-element lens array at the a sensor object distance of two
meters and a sensor unit placed at a height of 80 centimeters, in accordance with
an embodiment of the present invention. False data sets 1310 are, for example,
used to calculate a false alarm rate.

Results similar to Figure 13 are obtained for the sensor unit with an
eleven-element Fresnel lens array at a total of three different heights and at a total
of two different distances from the object using four different Fresnel lens arrays.
Data is generated for two objects: Bob and Jason.

The false alarm rates for different sensor configurations and for a single
person are summarized below in Table 2. For example, the false alarm rate for
Bob walking along a path 3 m (L) from a pillar on which an eleven-element (V)
sensor is mounted 80 cm (H) above the ground is 2.5 %. In other words, a system
as shown in Figure 2, where the path is 3 m from the pillar and the sensor includes
an eleven-element sensor mounted 80 cm above the ground can identify Bob from
other people 97.5 % of the time. The false alarm rate was defined earlier. It can
be seen that the sensor unit with an 11-element lens an:ay located at the height of
80 cm displays the best performance.

H 35 cm 80 cm 120 cm

L 2m 3m 2m 3m 2m 3m
N

1 175% | 175% | 20% | 125% | 45% | 17.5%

3 20% [ 125% | 20% | 75% |325% | 17.5%

S 175% | 125% | 175% | 5% 35% 10 %

11 [ 175% | 10% 15% | 25% | 15% | 7.5%

Table 2
In accordance with an embodiment of the present invention, instructions

configured to be executed by a processor to perform a method are stored on a

18



WO 2006/105094 PCT/US2006/011295

[0088]

[0089]

computer-readable medium. The computer-readable medium can be a device that
stores digital information. For example, a computer-readable medium includes a
compact disc read-only memory (CD-ROM) as is known in the art for storing
software. The computer-readable medium is accessed by a processor suitable for
executing instructions configured to be executed. The terms “instructions
configured to be executed” and “instructions to be executed” are meant to
encompass any instructions that are ready to be executed in their present form
(e.g., machine code) by a processor, or require further manipulation (e.g.,
compilation, decryption, or provided with an access code, etc.) to be ready to be
executed by a processor.

As used to describe embodiments of the present invention, the term
“coupled” encompasses a direct connection, an indirect connection, or a
combination thereof. Two devices that are coupled can engage in direct
communications, in indirect communications, or a combination thereof.
Moreover, two devices that are coupled need not be in continuous communication,
but can be in communication typically, periodically, intermittently, sporadically,
occasionally, and so on. Further, the term “communication” is not limited to
direct communication, but also includes indirect communication.

Embodiments of the present invention relate to data communications via
one or more networks. The data communications can be carried by one or more
communications channels of the one or more networks. A network can include
wired communication links (e.g., coaxial cable, copper wires, optical fibers, a
combination thereof, and so on), wireless communication links (e.g., satellite
communication links, terrestrial wireless communication links, satellite-to-
terrestrial communication links, a combination thereof, and so on), or a
combination thereof. A communications link can include one or more
communications channels, where a communications channel carries
communications. For example, a communications link can include multiplexed
communications channels, such as time division multiplexing (“TDM”) channels,
frequency division multiplexing (“FDM”) channels, code division multiplexing
(“CDM?”) channels, wave division multiplexing (“WDM?”) channels, a

combination thereof, and so on.
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Systems and methods in accordance with an embodiment of the present
invention disclosed herein can advantageously increasing the scalability and
decrease the cost of tracking and identifying humans moving within a fixed space.

The foregoing disclosure of the preferred embodiments of the present
invention has been presented for purposes of illustration and description. It is not
intended to be exhaustive or to limit the invention to the precise forms disclosed.
Many variations and modifications of the embodiments described herein will be
apparent to one of ordinary skill in the art in light of the above disclosure. The
scope of the invention is to be defined only by the claims appended hereto, and by
their equivalents.

Further, in describing representative embodiments of the present invention,
the specification may have presented the method and/or process of the present
invention as a particular sequence of steps. However, to the extent that the
method or process does not rely on the particular order of steps set forth herein,
the method or process should not be limited to the particular sequence of steps
described. As one of ordinary skill in the art would appreciate, other sequences of
steps may be possible. Therefore, the particular order of the steps set forth in the
specification should not be construed as limitations on the claims. In addition, the
claims directed to the method and/or process of the present invention should not
be limited to the performance of their steps in the order written, and one skilled in
the art can readily appreciate that the sequences may be varied and still remain

within the spirit and scope of the present invention.
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WHAT IS CLAIMED IS:
1. A system for identifying an object from movement of the object, comprising:
a sensor for detecting radiation from the object as the object moves over time; and
a processor coupled to the sensor, for converting the detected radiation to a spectral
radiation signature, and for comparing the spectral radiation signature to at least a
second spectral radiation signature to identify the object.
2. The system of claim 1 wherein the sensor comprises an infrared detector.
3. The system of claim 2 wherein the infrared detector comprises a pyroelectric detector.
4. The system of claim 3 wherein the pyroelectric detector comprises more than one
detector element.
5. The system of claim 1 wherein the object is one of an animal, a vehicle, and a human
being.
6. The system of claim 1 wherein the sensor comprises a coded aperture.
7. The system of claim 1 wherein the sensor comprises a lens.
8. The system of claim 1 wherein the sensor comprises a Fresnel lens array.
9. The system of claim 8 wherein the Fresnel lens array comprises a mask, wherein the
mask comprises at least one zone of visibility.
10. The system of claim 1 wherein a second sensor is used to determine a location of the
object.
11. A system for identifying an object from movement of the object , comprising:
a sensor for detecting radiation from the object as the object moves along a first path over
time; and
a processor coupled to the sensor; wherein the processor covertns the detected radiation to
a spectral radiation signature; and
wherein the processor is adapted:
to obtain temporal radiation data from a second object moving along a second
path using the sensor;
to convert the temporal radiation data from the second object to a second spectral
radiation signature;
to apply principal components analysis to the second spectral radiation signature
to produce underlying factors and scores for the second spectral radiation

signature;
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to apply a multiple linear regression to the underlying factors and scores to
produce a regression vector and a mean and covariance of clustered data for
the second spectral radiation signature;
to obtain an inner product of the regression vector and the spectral radiation
signature; and
to compare the inner product to the mean and covariance of clustered data to
determine if an identity of the object matches the second object.
12. The system of claim 11 wherein the sensor comprises an infrared detector.
13. The system of claim 12 wherein the infrared detector comprises a pyroelectric
detector.
14. The system of claim 13 wherein the pyroelectric detector comprises more than one
detector element. '
15. The system of claim 11 wherein the object is one of an animal, a vehicle, and a human
being.
16. The system of claim 11 wherein the sensor comprises a coded aperture.
17. The system of claim 11 wherein the sensor comprises a lens.
18. The system of claim 11 wherein the sensor comprises a Fresnel lens array.
19. The system of claim 18 wherein the Fresnel lens array comprises a mask, wherein the
mask comprises at least one zone of visibility.
20. The system of claim 11 wherein a second sensor is used to determine a location of the
object.
21. A method for identifying an object from movement of the object, comprising:
obtaining first temporal radiation data from a first object moving along a first path;
converting the first temporal radiation data from the first object to a first spectral radiation
signature;
applying principal components analysis to the first spectral radiation signature to produce
underlying factors and scores for the first spectral radiation signature;
applying a multiple linear regression to the underlying factors and scores to produce a
regression vector and a mean and covariance of clustered data for the first spectral
radiation signature;
obtaining second temporal radiation data from a second object moving along a second
path;
converting the second temporal radiation data from the second object to a second spectral

radiation signature;
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obtaining an inner product of the regression vector and the second spectral radiation
signature; and

comparing the inner product to the mean and covariance of clustered data to determine if
an identity of the first object matches the second object.

22. The method of claim 21 wherein the first object is one of an animal, a vehicle, and a

human being.

23. The method of claim 21 wherein the second object is one of an animal, a vehicle, and
a human being.

24. The method of claim 21 wherein obtaining first temporal radiation data and obtaining
first temporal radiation data comprise using a sensor to detect radiation from the first object
over time and using the sensor to detect radiation from the second object over time.

25. The method of claim 24 wherein the sensor comprises an infrared detector.

26. The method of claim 25 wherein the infrared detector comprises a pyroelectric
detector.

27. The method of claim 26 wherein the pyroelectric detector comprises more than one
detector element.

28. The method of claim 24 wherein the sensor comprises a coded aperture.

29. The method of claim 24 wherein the sensor comprises a lens.

30. The method of claim 24 wherein the sensor comprises a Fresnel lens array.

31. The method of claim 30 wherein the Fresnel lens array comprises a mask, wherein the
mask comprises at least one zone of visibility.

32. A system for identifying a human being from movement of the human being,
comprising;

a dual element pyroelectric detector, wherein the dual element pyroeleciric detector

detects radiation from the human being as the human being moves over time;

a Fresnel lens array, wherein the Fresnel lens array is located between the dual element
pyroelectric detector and the human being, wherein the Fresnel lens array comprises a
mask, and wherein the mask comprises at least one zone of visibility; and

a processor, wherein the processor is coupled to the dual element pyroelectric detector,
the processor converts the detected radiation to a spectral radiation signature, and the
processor compares the spectral radiation signature to at least a second spectral
radiation signature to identify the human being.

33. A system for identifying a human being from movement of the human being,

comprising:
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a dual element pyroelectric detector, wherein the dual element pyroelectric detector
detects radiation from the human being as the human being moves along a first path
over time;

a Fresnel lens array, wherein the Fresnel lens array is located between the dual element
pyroelectric detector and the human being, wherein the Fresnel lens array comprises a
mask, and wherein the mask comprises at least one zone of visibility; and

a processor; wherein the processor is coupled to the dual element pyroelectric detector; '
wherein the processor converts the detected radiation to a spectral radiation signature;
and

wherein the processor is adapted:

to obtain temporal radiation data from a second human being moving along a
second path using the sensor;

to convert the temporal radiation data from the second human being to a second
spectral radiation signature;

to apply principal components analysis to the second spectral radiation signature
to produce underlying factors and scores for the second spectral radiation
signature;

to apply a multiple linear regression to the underlying factors and scores to
produce a regression vector and a mean and covariance of clustered data for
the second spectral radiation signature;

to obtain an inner product of the regression vector and the spectral radiation
signature; and

to compare the inner product to the mean and covariance of clustered data to

determine if an identity of the human being matches the second human being.
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Tracking and Identifying Multiple Humans with
Wireless Geometric Pyroelectric Sensors

Qi Hao, Jian-Shuen Fang, David J. Brady, Bob D. Guenther, and Mohan Shankar

Abstract— This paper presents a description of a wireless pyro-
electric sensor system, whose sensing visibilities are modulated by
Fresnel lens arrays, for tracking and identifying multiple humans.
The concept of a geometric sensor is discussed and utilized
in local/global visibility modulation for the node-centric sen-
sor system, to implement the process of data-object-association
and walker feature extraction. An Expectation-Maximization-
Bayesian tracking scheme, consisting of detection, localization,
filtering, and prediction, is proposed and implemented among
slave, master, and host modules of a prototype sensor system.
Experimentally the prototype system was able to simultaneously
track two individuals and recognize five individuals with an
average success rate of 86 %.

Index Terms— Multiple human tracking, human identification,
pyroelectric sensor, Fresnel lens, visibility modulation

1. INTRODUCTION

Multiple human tracking is desirable yet challenging for
many applications: surveillance, smart video conference, com-
puter vision, robotics and intelligent space, just to name a few
[11, [21, [31, [4], [5]. It tends to be ambiguous and confusing as
objects are often occluded by others in the field of view (FOV)
of the sensors. From the perspective of trackers, the tracking
errors of one object may propagate into those of others. Object
identification has been proposed to help reduce such mutual
interference in tracking [6], [7]. Besides, the varying number
of objects within observation space gives rise to the issue of
object number determination [8].

Most trackers consist of four components, namely object
representation, localization, data-object-association, and mo-
tion filtering [3]. The way to implement all these parts in
tracking is application dependent and the various approaches
differ in robustness and efficiency. For real-time applications,
the system resource for tracking is limited and the computa-
tional complexity of a tracker should be minimized. In video
based applications, where the nonrigid aspect of objects are
of more interest, object feature extraction and representation
play an important role and consume most of the computation
resources [2], [3], [9]. For acoustic sensor tracking systems, by
contrast, objects are assumed rigid and signal-to-noise ratios
(SNRs) are low due to the noisy and clutter filled environ-
ments. Numerous data-object-association and motion filtering
techniques have been proposed and developed, from multiple
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hypothesis trackers (MHTs) [10], [11] to joint probability data
association filters (JPDAFs) [12], [13], [14], sequential Monte
Carlo simulations [15], [16], and a variety of Bayesian filtering
schemes [17].
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Fig. 1. Sensor node architecture.

Recent advances in micro-processors, radio frequency
transceivers, sensors, and networking techniques enable tradi-
tional centralized multiple sensor systems to evolve into new
generations of ad hoc, wireless, distributed sensor networks
(DSNs) [18]. In a typical DSN, small, low-cost, spatially
dispersed sensor nodes, as illustrated in Fig. 1, with their
own computation and communication capabilities, collaborate
with each other to achieve complicated tasks [7], [19], [20].
For most DSN applications, passive sensors are preferred to
active ones because of their low costs, low power consumption,
and low detectability. A low cost passive infrared (PIR)
motion detector, the pyroelectric LiT'aO5 with its visibility
manipulated by a Fresnel lens array [21], [22], [23], [24],
[25], [26], [27] is the passive sensor selected for the research
described here.

The underlying mechanism of human tracking and identifi-
cation to be discussed includes multiplex sensing techniques
and the concept of geometric sensors [28], [29]. A multiplex
sensing technique enables each sensor to take measurements
that depend jointly on multiple source points in the object
space under examination. The linear combinations of object
data can increase the mean power per measurement and thus
the signal-to-noise ratio in the presence of additive noise.
The multiplex advantage is substantial in the infrared, where
thermal noise dominates. The multiplex sensing technique also
allows the source motion to be captured. In this work, an
11-element Fresnel lens array produces 11 visibilities for a
single pyroelectric sensor. The spectral content of the response
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Fig. 2. The setup of the distributed wireless pyroelectric sensor system.

data, as a human walks through the 11 areas, can be used
to discriminate between multiple individuals. The spectral
signatures are believed to be caused by the difference in the
motion of arms and legs [30].

The concept of geometric sensors assumes that the radiation
field that propagates from the object space to the measurement
space is characterized by a simple ray propagation model
rather than a wave propagation one. By manipulating the
global and local visibilities of the sensors, the redundant
radiation information can be filtered out [31], [32], [33]. For
example, a Fresnel lens can shape the visibilities of pyro-
electric sensors so that when humans enter different regions,
different sets of sensors can fire, generating signal patterns
and identifying locations of people. For each sensor, however,
a trade-off between global and local visibility modulation has
to be made. A large global visibility is more efficient in area
coverage but at the expense of increased location ambiguities.
Local visibilities can uniquely label regions of space and as an
additional benefit generate signals that can be used to identify
a person [34].

The ultimate goal of our work is to develop a wireless dis-
tributed pyroelectric sensor network, which can track multiple
humans in a confined area, while maintaining their identities,
as illustrated in Fig. 2. The challenges for tracking multiple
humans with distributed pyroelectric sensors include

1) high variability of human motions and their thermal
biometrics;

2) decreased range of a pyroelectric sensor when its lens
apertures are reduced for modulation;

3) errors in geometric optics modeling and in sensor system
alignment;

4) limits imposed by sensor number, local computation
capabilities, and communication bandwidth.

The first prototype distributed pyroelectric sensor system
was designed with five slave modules, four for tracking and
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one for identification, one master module, and one host PC.
As shown in Fig. 3, the main design issues for building such a
distributed pyroelectric sensor system include sensor visibility
modulation, embedded computation & communication, and
data synthesis. From the computational point of view, the
system data can be grouped into different levels.

1) Signal: This is the lowest level of abstraction where
sensory data from distributed and clustered slaves are
captured, digitalized, and processed locally before broad-
casting to a master node;

Event: This is a spatial-temporal pattern represented by
an 8-bit index. It represents the on/off status of eight
sensors of one slave node. It contains information about
the angular displacement measurement with respect to
this slave node.

Feature: This is a pattern made up of 4-bit event indexes.
It is associated with registered objects and used to
distinguish them from each other.

2)

3)
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4) Object: This is the source of a pattern defined in the
spatial domain. In our study, an object is a walker whose
identity is associated with a feature.

5) Template: This is a pattern of multiple objects, such
as the number of people in the object space and their
identities.

Each slave module for tracking contains eight pyroelectric
sensors with modulated visibilities to measure the angular
displacements of thermal sources. The slave module for identi-
fication contains four sensors, whose visibilities are modulated
with different codes for use in identification. Each slave
module is able to collect the sensor response signals, convert
them into digital event indexes, by filtering, threshold testing,
and smoothing, and send them to the master module via a
wireless channel. The master module collects event indexes
from the slave modules, and synthesizes those from tracking
slaves into one composite event message, while synchronizing
the communications and rejecting the event errors. The master
module sends the processed messages to the host which
converts the event messages into local bearing measurements,
into walker features, and into the number of objects present.
The host then fuses all the data, through a Bayesian tracking
scheme and likelihood comparison, to estimate the motion
trajectories and the identities of objects.

In this paper, we present a framework for tracking and
identifying multiple humans by using distributed wireless
geometric pyroelectric sensors. The multiple human tracking
problem includes four parts: detection, to extract events from
the sensor data; localization, to decompose event messages
into individual parts and associate them with each object;
filtering, to smooth the object trajectories by using their motion
prior and observation likelihood models; and prediction, to
estimate the states before the next batch of measurements. The
identification problem comprises two phases: data training, to
build up statistical models of features, and hypothesis testing,
to estimate the association likelihood of a new feature. The
whole system is event based. The data of each event is packed
in a few bytes and transmitted via wireless channels.

Section II describes the system setup, the sensor model, the
sensor modules, and the visibility modulation with masked
Fresnel lens arrays. Section III presents a mathematical de-
scription of the problems of multiple human tracking and
human identification. Section IV investigates the event cap-
ture, processing, and analysis for tracking and identification.
Section V describes the data association, fusion, tracking
synthesis, and hypothesis testing on the host side. Section
VI summarizes the system implementation. section VII shows
experimental results, and discusses the strength and weakness
of the sensor system and its potentials. Section VIII outlines
future work.

II. SYSTEM MODEL AND SENSOR MODULES

In this section, we present a pyroelectric sensor system
model and the technique of visibility modulation with Fresnel
lens arrays. The design and development of sensor modules
for tracking and identification are also described.
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A. Pyroelectric Sensor Modeling

In our study, pyroelectric sensing circuits create the signal
space, Fresnel lens arrays produce the visibility modulation,
and human thermal sources form the object space.

Under the linearity assumption, the response signal of m
sensors, s(t) € R™, is given by

s(t) = h(t) * / VD i

where “+” denotes convolution, h(%) is the impulse response
of one sensor,  is the object space, v(r) € [0,1]™ is
the modulated visibility function between m sensors and the
object space, ¥(r, %) is the radiation from the object. More
details about the visibility and impulse response of a dual
element pyroelectric detector and Fresnel lens array described
in [27], [30], [33].

From Eq. (1), it can be seen that the sources distribution
(r) is indeed a hidden variable. This is to suggest, a
comprehensive tracking strategy, .e. a recursive estimation of
(r,t), should be developed in an expectation maximization
(EM) scheme [35], [36],

o E step: to estimate 9(r), after updating r(t);

« M step: to estimate r(t), after updating ¥ (7).

0}

B. Sensor Modules with Visibility Modulation

The Fresnel lens we employ is made of a light-weight, low-
cost plastic material with good transmission characteristics in
the 5~14 um range. Fig. 4 shows the beam pattern produced
by the Fresnel lens (AA0.9GIT1, Fresnel Technologies). We
utilize the Fresnel lens array to modulate the visibility of our
sensors, such that each sensor can observe events uniformly
distributed over 11 angles.

| |

Top View

2°=Lenslet Gap
1°= Delta Region
3°= Detection Region

43°

129 Side View

Fig. 4. Top view and side view of the visible zones of a Fresnel lens array
when it is placed in front of one pyroelectric sensor. Details of the beam
pattern are shown on the second beam from the left.

In the experiments, we made two kinds of sensor modules,
one for identification and another for tracking. To generate dig-
ital event sequences that contain the distinguishable features
of individuals, the FOVs of sensors in each module should
be of different visibility modulation over a common region.



WO 2006/105094

PCT/US2006/011295

SUBMITTED TO IEEE TRANSACTIONS ON SYSTEM, MAN, AND CYBERNETICS, PART A

1 |

Fig. 5. The single-column radial sensor module for identification.

Fig. 6. The two-column radial sensor module for tracking. For each column
of sensors, seven detection regions are formed with or without overlapped
sensor FOVs.
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TABLE 1
VISIBILITY CODING SCHEME OF THE IDENTIFICATION NODE

Lens Array Visibility
1 [00010110100]
2 [00011001100]
3 [00101010100]
4 [01001100100]

Fig. 7. Visibilities of one tracking sensor module.

To extract digital event index sequences that can track human
motion over a large space, the FOV's of sensors in each module
should have an identical visibility pattern.

The single column sensor module for identification is shown
in Fig. 5. This sensor module has four pyroelectric detectors
with aperture modified Fresnel lenses arranged in one column.
The FOV of each sensor is modulated according to pseudo-
random codes. Table I lists the association between detection
regions and the four sensors, shown in Fig. 5.

The two-column radial type of sensor module for tracking
is shown in Fig. 6. This sensor module has eight pyroelectric
detectors with the Fresnel lens arrays arranged in two columns.
In each column, the FOV of each sensor spans 24°, i.e.
uses three Fresnel lenses, and there is a 16° shift in the
FOV between each of four sensors. Two separable detection
areas of 720 are formed by the two columns. Each detection
area comprises seven detection regions with different sensor
visibilities, as shown in Fig. 7. The average angular resolution
of the sensor module is hence 10°. Such a visibility design
also can facilitate the process of data-object-association: when
sensors of one node associated with two different detection
areas fire, it can be assumed that there are at least two objects
moving. Table II lists the association between detection regions
and § sensors.

When four of the above tracking nodes are deployed in a
9 m X 9 m room, we have a global visibility distribution
shown in Fig. 8. It can be seen that four local detection
areas are formed in such a deployment, marked as area I,
11, I1I, and IV. In each local area, if only one object moves,
those associated sensors can provide high angular resolution.
The detection range of each sensor can be reduced to its
local areas by increasing the value of firing threshold set
in the embedded signal processor. Given such a visibility
configuration, the number of human objects to be tracked can
be no more than four and the whole data-object-association
scheme is accomplished in two steps: identify the local area of
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TABLE II
VISIBILITY CODING SCHEME OF THE TRACKING NODE

Detection Region Sensors

1 [10000000]
2 [11000000]
3 01000000
4 01100000
5 [00100000]
6 [00110000]
7 [00010000]
8 [00001000]
9 [00001100]
10 [00000100]
11 [00000110]
12 [00000010]
13 [00000011]
14 [00000001]

Fig. 8. Visibilities of four sensor modules and four local detection areas
formed for event validation to reduce false alarms.

an object and identify the angular displacement measurements
associated with this object.

III. PROBLEM FORMULATION

In this section, we present the multiple human tracking
problem in terms of object motion dynamics and a sensor
observation model. The walker identification problem can be
divided into two steps: data learning and hypothesis testing,
based on hidden Markov models.

A. Multiple Human Tracking

In the configuration space, the configuration state x(t),
served to represent spatial-temporal varying radiation from the
objects, ¥(r, t), for example, their positions and velocities
in a 2-D plane. Under the discrete sampling scheme, the [t*

object state at time k is a random vector x}. The object
state evolution can be modeled by the following linear system
equation:

@

where the object label [ = 1,..., L, the object position
and displacement xi, = [z}, dz%, L, 6yi]7, the dynamics
uncertainty wy, = [Wzk, Wyk|Ts

XLy = Bl + T,

1100 oo
o100 L 10
@_0011’1‘_07’

0001 0 1

Here, 0 < v* < 1, z and y denote the Cartesian coordinates of
the object, d, and &, denote the displacements between two
events in the = and y directions, respectively, roughly propor-
tional to the velocities in the two directions. The system noise
is zero mean Gaussian white noise, that is, w! ~ N(0,02,15),
where I is the 2x2 identity matrix. The initial state xp
describes the objects’ initial positions and displacements. A
prior for the initial state p(x}) also needs to be specified for
the model; we assume x4 ~ N(0, P}).

The dynamics model in Eq. 2 is Markov and can be rep-
resented by the conditional density p(xp+1|xk). The problem
can be stated as, how to determine the object configuration
state sequence X1, = [X1, * - -, Xg] With maximum posterior
probability from sensor response signals s1.; = [S1, * -, Sk,
given the observation model likelihood p(si|xx) and state
dynamics prior p(xpy1|xx),

€)

Note that p(sy|xz) is derived from the sensor model, visibility
function, and prior on noise. It is known as the maximum a
posterior (MAP) Bayesian tracking problem.

By using the visibility coding scheme in Table II, the sensor
response signals sy.; can be digitized into event indexes and
then interpreted as angular displacements with respect to each
sensing node z&’) To form the new observation likelihood
model p(zg|x;), the measurement equation is written as

Xik = a‘rgm}?xl)(xlzk|51:k)~

U _ (i3
L) tan™1 [%] 4o if event (3,3) happens;
k 0 otherwise.
@

where event (4, j) means a motion detection in the 5" detec-
tion region of the i** node whose origin is [z(*7), y(9)], the
measurement noise v is a zero mean Gaussian white noise,
that is, v ~ N(0,03), measurement z is a random variable
uniformly distributed over a set of angles [0, -, 05&,’"7 .

To handle the possible occlusion of multiple persons, local
visibilities are designed for event validation, shown in Fig. 8.
When event indexes from four sensor nodes are received, an
area-object-association is made first according to the global
sensor visibility geometry shown in Fig. 8 and Fig. 14. After
such a measurement validation, only two measurements are
associated with one object, denoted as,

z,(!) = {z,(j’j) : Pr [xg’i’j)] > 0} . (5)
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where X( ""9) s the event that measurement z,(c

from the l”‘ object.

The general sequential Bayesian tracking problem requires
that we recursively calculate some degree of belief in the state
x!, with validated measurements z% Its solution includes two
parts: prediction and filtering, given by

p[blefns] = [p bt p [doatelfhs] dd,

R il L 2

) originates

I

©)

I

where p [z,(:) ]zﬂ_l] can be viewed as a normalizing constant.
The probabilistic model of the state evolution p [xfc|x§c_1] is
defined by the system equation in Eq. (2) and the known
statistics of {wy}. The likelihood function p [zg) Ixfc] is
defined by the measurement equation in Eq. (4) and the known
statistics of {vy}.

B. Walker Identification
An HMM can be set up as

1) §={s1, 52, ..., 57 }: hidden state sequence.

2) X = {zi, x2, ...,z }: feature sequence.

3) A = {ai;},- a5 = P(si31 = jls: = 1): state transition
probability matrix.

4) B = {bin}, bim = Pz
probability matrix.

5) m = {m;}: initial state distribution.

6) 0 = {A, B, 7}: model’s parameters.

m|s; = 4): emission

For a given parameter vector @p, the likelihood of the
hidden state sequence .S and the observed data X to associate
with the model is

-1 T
p('Xi SleH) = [H a3t3t+1:| I:H bseﬂlt:| 7l'31 (7)
t=1 i=1

To estimate the membership of a feature sequence associated
with this model, we estimate the hidden state sequence first
and use that to calculate the association likelihood. The
posterior probability of the hidden states S given X and 6 is
given by

T
PUSIX, 0) = s [H } {H ”]

®

The traditional training algorithm for a hidden Markov
model is an expectation-maximization (EM) algorithm know
as the Baum-Welch algorithm. It is a maximum likelihood
method, or, with a simple modification, a penalized maximum
likelihood method, which can be viewed as maximizing a
posterior probability density over the model parameters. The
Baum-Welch algorithm is an iterative algorithm that increase
posterior likelihood at each iteration until a maximum is
reached. In each iteration, a forward-backward (E) step com-
putes the probabilities of state sequence S conditioned on the
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current parameters ¢, then an M-step updates the parameter
0.

The forward and backward probabilities o(®) and S®) are
given by [37]

011(1) = ﬂ'ibimu
a§t+1) = [EN (t aw] bjzipas
:315 7 bia:T )
BY = bi, [Biiau6tY]. ©)

The M-step is expressed in terms of n(J) the posterior
probability that there was a transition between state 7 and state
j at time step ¢ given X and 6,

n = TgP(S|X,0)8(s: =1,8041 =)

Z—agt)aijﬂy-l_l):

where Z,, is a normalizing constant such that 3} _ln(t) =
1. Then the M-step is [37]

I

(10)

(1)
ZJ ’
2’1‘—1 (t)

Eg‘—llzz,_ln(t) ’
Eg—lz‘ lnz’j Is t.ay=m
3
EE‘,F—I 21 =1 ‘Sj)
For an unlabeled feature, i.e. an event sequence, X, we will
have K +1 hypothesis for K registered objects, {Ho, ..., Hg},

to test. The hypothesis Hy represents “none-of-the-above”.
The decision rule then is
if max; p(X|H;) <«

H07
Xe { 14 =arg max; p(X|H;), otherwise
(12)

H;
where p(X|H;) is the likelihood of X to associate with the 3¢*
hypothesis and +y is the selected acceptance/rejection threshold.
There are two special cases: for the verification problem, ¢ =
1; for the closed-set identification problem, v = —cc.

7
b;m

(an

il

IV. EVENT GENERATION AND FEATURE EXTRACTION

In general, as shown in Fig. 9, the tracking procedure
for distributed sensors includes: event detection, to capture
the sensor response signals generated by human motions,
digitize them into event indexes, and reject false alarms; object
localization, to decompose events into groups and associate
different groups of events with different objects based on
the prediction of Bayesian tracking and measurement gating;
and motion tracking, to estimate the trajectory of objects by
Bayesian tracking techniques.

In our implementation, we assign event digitization, includ-
ing matched filtering, threshold testing, and low-pass filtering,
to slave modules. The message between each slave and the
master contains a message head and tail plus 2 bytes, the
slave ID and the on/off status of the 8 detectors. The master
module synchronizes the wireless communication, collects
event indexes transmitted from slave modules, and rejects false
alarms, 4.e. a process of event validation.
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Fig. 9. An EM-Bayesian multiple human tracking scheme for distributed pyroelectric sensors.
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From the physical perspective, an event is an occurrence
of interest in spatial-temporal space, distinguishable from its
environment, and repeatable in multiple trials. In our case,
an event is an instance where the thermal flux collected by a
pyroelectric sensor is above a preset threshold and where the
response data can be associated with specific motion of human
objects, such as moving across one detection region.

Fig. 10 shows the embedded signal processing architecture
for the event detection. When a human object passes through
the Fresnel lens modulated FOV, sine-like response signals
are generated. By using a band-pass sine filter, i.e. sin[27(1 ;
N)/N], we can capture and amplify the features of interest in
the response signals. When a processed signal’s absolute value
is larger than a threshold, dynamically adjusted according to
the noise variance of the sensor, the corresponding bit of the
event index is set to ‘1°; otherwise it is set to ‘0. A low-pass
(moving average) filter is then used to smooth the event index
sequence and create frame event windows. The frame event
window is created by the onset and offset event times. Fig.
11 illustrates how the event time windows are generated from
the sensory data. Only the binary sensor on/off statuses are
transmitted via wireless channels,
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0 0
Time (secand)

Fig. 11. Event window creation by matched filtering, threshold testing, and
low-pass filtering. (a) Raw data. (b) Filtered signals. (¢) Digitized signals. (d)
Logic signals. (¢) Event windows.

B. Tracking Event Analysis

Once we have obtained an 8-bit event index from a sensor
module, we can convert it into an angular displacement mea-
surement Fig. 12 illustrates a sequence of events transmitted by
one sensor node and its translation into angular displacements.

C. Tracking Event Validation

The master node collects, synchronizes and transmits data.
In one cycle, it gathers the events from all the sensor nodes,
checks their validity, removes false alarms, and frames a new
composite event message sent to the host.

Fig. 13 (a) shows the structure of the data packet transmitted
from slaves to the master. The packet contains two bytes of
FF as “header”, two bytes of 10 as “tail”, one byte for node
ID, and another byte for event index. In our geometric design,
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Fig. 12. An 8-bit event sequence from one sensor node and its interpretation
as angular displacements.

@ [FF]FF [ D |Bvent| 10 [ 10]

®) [ FF | FF [ Bvent | Event | Bvent | Bvent| 10 | 10 |

Fig. 13. The structure of event packets, (a) transmitted by slaves via wireless
channels, (b) transmitted between the master and the host via a cable.

four local detection areas are formed, shown in Fig. 8. If an
object moves inside one of these areas, the sensors associated
with that area should fire, forming a valid event. For example,
for an object moving in area I of Fig. 14., a legal event has
the non-zero four higher bits of the event reported by sensor
node 1 and the non-zero four lower bits by sensor node 2.
If only one of these two sensors reports a non-zero signal,
the master will regard it as invalid and clear those bits to
zero. After the event validation, the master will package all
four event bytes into a single message, as illustrated in Fig.
13 (b), and send it to the host. The host will localize the
objects by interpreting this composite event in an expectation-
maximization (EM) way.

D. Feature extraction

The event sequence can also be used for human object iden-
tification. From the thermal perspective, each person acts as a
distributed infrared source; by properly sampling the IR field,
the idiosyncrasies in how an individual carries himself/herself
and the habits of how he/she moves, can generate a statistically
unique signature. Fig. 15 summarizes the procedure for digital
feature extraction. The length of each digital feature is fixed.
Once a feature reaches the preset length, the algorithm resets
itself awaiting the next batch of event indexes. The sensory
data are processed by the embedded micro-controller, and the
results are transmitted to the host computer via a wireless
channel. Fig. 16 illustrates a down-sampled event index se-
quences transmitted by the sensor node for identification.
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Fig. 15. Digital feature extraction.

V. EM OBIECT LOCALIZATION

The object localization in most bearing sensor systems is
resolved in terms of least square solutions of a set of linear
equations. It relies on the prior of a sensor observation
statistical model only, without taking object motion dynamics
into account. The sources are localized to fit the measurements
in the maximum likelihood within the Cramér-Rao estimation
bound. A grid-approximation can offer a computationally sim-
pler way to translate the angular displacement measurements
into Cartesian coordinates.

The more challenging aspect of the multiple object tracking
with multiple sensors is the data-object-association problem. It
becomes more intractable for sensing systems which only re-
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Fig. 16. Two 4-bit event sequences generated by two objects walking along
the same path. (a) Bob. (b) Jason.

spond to object motions, because the number of objects varies.
‘We describe an EM scheme for multiple object localization. In
each F step, we assume numbers of objects. In each M step,
we associate measurements for the assumed number of objects,
according to the their last predicted positions and velocities.
In other words, we maintain several tracking templates, each
of them describing a different number of objects. Over a
period, we evaluate all the templates and pick the one with
the maximum likelihood for rendering.

A. E Step: Event Decomposition

The composite event received by the host contains the status
of all the sensors. Based upon the geometry of the sensor
visibilities, the on/off status of the sensors of one tracking
slave can be interpreted as an angular displacement in one
of its two detection areas. The whole object space is divided
into four areas, each of which is associated with sensors of
two neighboring slave nodes. After we obtain two angular
displacements associated with one object, we convert the
bearing measurements to a Cartesain position measurement,
Vi, using a grid approximation, shown in Fig. 17.

B. M Step: Measurement-to-Object Association

Three approaches have been studied for reliable and effec-
tive data association: multi-hypothesis filtering (MHF), joint
probabilistic data association (JPDA), and probabilistic multi-
hypothesis filtering (PMHF). The underlying assumption of
these probabilistic schemes is that the state is normally dis-
tributed according to the latest estimate and covariance matrix,
and only the the measurements falling inside validation gates
are used. A validation gate is defined as a probability threshold
upon the observation likelihood model.

The key concepts of measurement-to-object association for
a number of targets are the joint event and and the validation
matrix [13]. The joint event is denoted as

Mk .
x=[]x", (13)
Ll
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Fig. 17.  Grid approximation to lincarize the measurements of angular
displacements with respect to four sensor nodes.

where x7% is the event that the measurement j originated
from object [;, 0 < I; < L, and [; is the index of the object
to which measurement j is associated, and my is the number
of validated measurements at time &.

The validation matrix for an join event x is defined

2x) = wa(X)],

with wy; indicating if measurement j lies in the validation gate
for object I.

(14)

1 if % occurs
0 otherwise.

wi(x) = { (15)

The construction of each () follows the rules [13]:

1) There can be only one origin for a measurement.
2) At most one measurement could have originated from an
object.

Those rules might lead to several feasible joint event and
validation matrices. To reduce the number of feasible joint
events, an individual validation gate can be assumed for each
tracker. Only those measurements falling inside the gates will
be counted. Fig. 18 illustrates a typical set of validation gates
and validation matrices, where 91 and ¢, are estimated object
positions, Y1, Y2, and ys are position measurements falling
insides validation gates, y4 a position measurement outside
gates.

By using Bayes’ rule, the probability of one joint event
conditioned on all the measurements up to the present time &
is obtained as [14],

(16)

where p[yx|Xr; Y1:6—1] is the likelihood of the predicted mea-
surements y for the joint event xy, derived from object dy-
namics and the sensor observation model, and P{xx|y1:t-1}
is the prior probability of the joint event, derived from the
probability distributions of false measurements and of target
detection rates [13].

P{xrly1r} < plyrlxe yie-1]P{xsly1:-1}
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Fig. 18. Typical validation gates and validation matrices.

The association probability ﬁ,’;l that measurement j belongs
to object ! at time & may be obtained by summing over all
feasible events for which this condition is true

B =" P{xalyratwi(xx)- (17)
Xk

The states of each object can be updated with the measure-
ments weighted by those association probabilities.

VI. DATA FUSION AND TASK SYNTHESIS

Multi-sensor data fusion is a process through which we
combine measurements from different sensor nodes, remove
inconsistencies, and pull all the information together into a
coherent structure. Various data fusion schemes and techniques
have been proposed for combining measurements from many
sensing nodes. Fig. 19 shows the architecture used in our
prototype sensor system. Slave nodes work at the raw data
level. The master works at the event level. The host carries
out the data association and fusion at the object and template
level for the purposes of tracking and identification.

A. Template Operation

Our processing scheme is template based. Each template
represents a pattern of multiple objects, for example, number
of people and their registration status. A template is initialized
and terminated based on preselected conditions to save the
computation resource. As an example, if after a preselected
time only two objects are detected, the templates for four
or more objects will be terminated; After some period, the
template with the highest likelihood will remain. Similarly for
identification, each template contains statistical feature models
for one or several enrolled objects. The template with the best
fit will report the ID(s) of the recognized object(s).

B.. Walker Identification

Walker identification has two parts: data training and hy-
pothesis testing. In the training phase, we use the collected
features of individuals to derive HMM feature models. In
the testing phase, the log-likelihood of each new feature is
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Fig. 19. Data fusion architecture.

evaluated against different walker models. Once a decision is
made, an associated pre-recorded 16-bit voice file is played to
announce the recognition result.

Hidden Markov models can characterize the statistics of
a finite-state sequence for training. Their model parameters
Oy are obtained by random initialization and updated after
iterations. By using the MATLAB Statistics Toolbox function
hmmirain, we can estimate the transition and emission
matrices, A and B, from an initial guess of their values. With
another MATLAB function hmmdecode, we can compute the
posterior state probabilities of testing sequences generated
by different walkers. More details about real-time walker
recognition using HMMs can be found in [34].

C. Bayesian Filtering and Prediction

After data-object-association processing, the multiple object
tracking becomes a set of independent single-object tracking
problems. The single-object tracking problem is usually posed
as a dynamic estimation of a partially observable Markov
process, and in most cases can be solved by Bayesian recursive
filtering schemes in the general form of Eq. (6). For the
linear and Gaussian tracking problem, Kalman tracking offers
the optimal solution. HMM tracking provides the optimal
recursion of the posterior density estimation, if the state
space only consists of a finite number of discrete states.
In many situations, linear, Gaussian, or finite discrete state
assumptions do not hold. Gaussian approximation, grid-based
approximation, and particle filters have been proposed to
achieve suboptimal solutions [38].

If the true density is heavily skewed, the Gaussian approx-
imations will have poor performance. Disadvantages of grid-
based approach are that its state space must be predefined,
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TABLE Ii
COMPARISON OF DISP ELECTRONIC PLATFORM WITH MOTE

Duke DISP
MSP430149+RF6901 (TI)
MiPs 8
Data Width (bits) 16 8
Flash Memory (K) 128
Power (active)

Berkeley Mote
Atmegal28LANA (Atmel)
4

60
0.28mA/M + 32/18mA 2mAM + 27/10mA

(standby) 1L6pA + 0.62A 15uA+ 1pA
ADC 12bits/8ChH/2,5V/300Ks 10blts/Beh/3.OVINA
RF Data Rate 7% 50
TX power (dBm) 9 5
RX sensitivity(dBm) 99 -98
0s NA ¢ TinyOS

which consumes much data storage space, and that each grid
point is usually given the same weight, without making good
use of object dynamics prior. The particle filter technique has
heavy computation needs. For real-time implementation, the
computation simplicity of a tracking algorithm is more valned
than its mathematical rigor.

We summarize the three Bayesian tracking strategies,
Kalman, HMM, and Gaussian particle filters, and a comparison
of their performances and computation costs is made in [33],
[39]. The Kalman tracking scheme based on a grid approxima-
tion achieved robust performance with low computation cost
and therefore was chosen for our real-time implementation.

VII. SYSTEM IMPLEMENTATION

The complete system consists of slave nodes, containing
pyroelectric sensors with Fresnel lens arrays, a master node,
and a host computer. We use TRF6901 and MSP430149 as the
computation and communication platform. Table IIT shows the
feature comparison between our computation/communication
platform [40] and the well-known MOTE processor/radio
module [41]. Each slave node also employs an amplifier board
in the frequency band 1~10 Hz. More details about our
platform can be found in [27], [33].

The distribution of computation load is shown in Fig. 20.
Each slave node samples the sensor response signals and con-
verts them into event indexes by band-pass filtering, threshold
testing, and low-pass filtering. After compressing each event
index into a single byte, the slave node broadcasts the data
packet to the master node. The master node synchronizes the
communications of the nodes, removes the false alarms, and
frames a new composite event message. The master sends
the event message to the host, which computes local angular
displacements or digital features and updates the dynamics
states or identities of objects.

VIII. RESULTS AND DISCUSSION

The tracking system has been implementedina 9 m X 9 m
room, shown in Fig. 21. First, we tracked one human object
walking along a presctibed rectangular path. Then, two human
objects were tracked following both the same path and crossing
paths. The results of walker identification for arbitrary paths
are also given.

A. Case I: One object Tracking

Fig. 22 displays a snapshot of human tracking for one
individual with four sensing nodes. The light and dark shaded

ADC Sampling Computation time
Band-pass Filtering for slave <20 ms
Threshold Testing or master < 5 ms
Low-pass Filtering
Event Compression

Sending Events

izati Slave—Master
Synchronjzation wireless channels 32 kbps

Receiving Events
Event Validation

Error Correction

Master—Host
UART serial cable 57 kbps

Event sampling rate < 50 Hz

Event Composition
Sending Events
Receiving Events [Et_l
Feature Generation Motion Inference
Feature Validation Data Association
Hypothesis Testing Target Tracking
Rendering & Broadcasting Results

Fig. 20.

Computation load distribution among slave, master, and host.

Fig. 21. Photograph of the experiment setup with a single walker.

polygons represent respectively the grid approximation and
Kalman estimation of the object position. Each sensor node’s
angular resolution is roughly w/22. The four sensing nodes
generated 8-bit event sequences shown in Fig. 23. The event
sequences were translated into angular displacements and after
validation, paired angular measurements were linearized using
a grid approximation. The target positions and velocities were
estimated and predicted by a Kalman filter. The tracked tra-
jectory of the human object following a prescribed rectangular
route is illustrated in Fig. 24. The starting position of the
tracker is set as [0 0]. The tracking errors and the histogram
of errors are given in Fig. 25. The standard deviation of the
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Fig. 22. A snapshot of the one object tracking. Four sensor nodes detect
the angular displacements of the target, illustrated as the shaded beams. At
each iteration, the target position is estimated by a grid approximation and
by Kalman filtering.
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Fig. 23. The 8-bit event sequences of four nodes for one object tracking.

Fig. 24. The estimated trajectory of the human object walking in five rounds.
The tracking results are represented by circles and the prescribed route by
solid lines.
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Fig. 25. The tracking errors and their histogram.

tracking errors is 0.4 m.

B. Case II: Two object Tracking

Using the same sensor configuration and algorithm param-
eters, we tested the tracking performance for two human ob-
jects. Fig. 26 displays a snapshot of the tracking of two human
objects with four sensing nodes, using the same notation as
in Fig. 22. The four sensing nodes generated 8-bit event
sequences shown in Fig. 27. Two object tracking involves
the process of data-object-association. At each iteration, the
association probabilities between measurements and objects
were calculated according to Eq. 17 and measurements were
assigned to objects accordingly. The tracked trajectories of
two human objects following each other along a prescribed
rectangular route are illustrated in Fig. 28. It can be seen that
both initial positions are set as [0 0]. The tracking errors and
their histograms are given in Fig. 29. The standard deviations
of the tracking errors are 0.44 m and 0.45 m for the two
objects.

A more challenging scenario for multiple object tracking is
the case when they walk along different paths with a cross-
over. There are indeed no effective solutions for the data
association problem in general cases without discrimination
characteristics available. For some specific cases, such as when
objects don’t change their velocities abruptly before and after
the cross, we can resolve the data-object-association problem
by using the prior on speeds and their predictions from
Bayesian rules. The four sensing nodes generated 8-bit event
sequences shown in Fig. 30. Fig. 31 displays the tracking
results when two objects walk along two different diagonals
of the room. By using the predicted speeds, the trackers can
follow the targets after the cross-over. The tracking errors and
their histogram are given in Fig. 32. The standard deviations
of the tracking errors are 0.38 m and 0.7 m for Bob and Jason
respectively.

C. Case III: Walker Identification

Using HMMSs we can identify the walkers following un-
specified paths. Each person walks randomly inside a room
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Fig. 26. A snapshot of the two object tracking. Four sensor nodes detect the
angular displacements of the target, illustrated as the shaded beams. At each
iteration, after the data-object-association, the target positions are estimated
by a grid approximation and by Kalman filtering.
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Fig. 28. The estimated parallel trajectories of two human objects walking in
five rounds. The tracking results are represented by circles and crosses and
the prescribed route by solid lines.
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Fig. 33.  The 4-bit training sequences of five people who randomly walk
inside the room.

for both training and testing. During the training phase, a
training event sequence of length 2000 was collected and used
to derived an HMM for each person. Fig. 33 shows the training
event sequences of five people. During the testing phase, event
sequences of length 500 were collected. Each person was
tested 20 times. The results of a close-set, path-independent,
walker identification of five people are shown in Tab. IV. It can
be seen that the lowest successful identification rate is 65%,
the highest is 100%, and the average is 86%. More details
and more results about walker verification/identification for
path-dependent and path-independent scenarios can be found
in [34].

D. Discussion

The explicit advantages of human tracking with DSNs
include better spatial coverage, robustness, survivability, and
modularity. The concept of distributing the computation to
multiple low complexity nodes reduce computational require-
ments of the central processor and the size of data storage.
The use of the motion detectors helps maintain the low
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TABLE IV
CLOSE-SET PATH-INDEPENDENT IDENTIFICATION RESULTS USING HMMS

Results Bob  Jason Andrew Aigin Yunbo
Bob 100%
Jason 100%
Andrew 80% 20%
Aigin 35% 65%
Yunbo 15% 8%

N

Fig. 34. A general case of sensor deployment for multiple object tracking.

requirements on data throughput, computational consumption,
and communication bandwidth. The characteristics of the
pyroelectric sensor gives the system the ability to operate
under all illumination conditions and the capability to capture
human thermal biometrics.

The flexibility and leverage of our geometric sensor
paradigm lies in the modular nature of multiplex visibility.
It allows improvement in sensing accuracy, iracking preci-
sion and signal discrimination among humans and facilitates
the process of data-object-association. The trade-off between
global and local visibility modulation turns out to be the
crucial step in the development of a multiple object tracking
system with pyroelectric sensors.

The prototype tracking system presented above only em-
ploys four sensor nodes to demonstrate the advantages of
geometric sensors in tracking multiple objects. It of course can
be extended to more nodes with similar visibility patterns, to
achieve higher tracking resolution and capability of tracking
more human objects inside a room. A more general case of
sensor deployment is illustrated in Fig. 34.

A fully functional real-time multiple human tracking and
identification system demands short testing event sequences
for fast walker identification and the simultaneous recognition
of multiple objects. The identification slave node we used
in experiments contains only four pyroelectric sensors. The
possible solutions include increasing the number of sensors in
the identification node, optimization of the visibility coding,
and using multiple identification slave nodes. Other methods
such as separating the visibilities of different identification
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nodes and choosing the K highest likelihood feature models
for a testing event sequence generated by K walkers are also
under study.

The motivation of developing geometric sensors in tracking
and identification is the study of reference structure tomogra-
phy [29], which suggests that multi-dimensional features of
a radiation source could be captured at an arbitrary level,
once there exist such a set of base functions that structurally
pose and numerically condition the reconstruction procedure.
Through its scan-free multi-dimensional imaging, the feature
abstraction, shape parameterization, and even characteristic
classification of radiation sources under examination can be
achieved in a data-efficient and computation-efficient way. A
general visibility design procedure has yet to be proposed,
but many visibility coding schemes already have been applied
in different coded-aperture imaging systems, from Hadamard
codes to pseudo-random codes. [42], [43].

IX. CONCLUSION

In this paper, we present an implementation of a wireless
distributed pyroelectric sensor system for human tracking
based on TI's micro-controller and RF transceiver combi-
nation of MSP430149 and TRF6901. The system consists
of one host, one master, four slave tracking slave, and one
identification slave modules. The tracking scheme comprises
event detection, object localization, and motion filtering &
prediction. The identification node employs specific visibility
modulation to identify registered walkers, based on generated
event sequences in a fixed length and pre-trained HMMs.
The prototype system can track two humans simultaneously
in two typical scenarios and identify five walkers with an
average success rate of 86%. From the achieved experimental
results, we believe that the pyroelectric sensor will rise to
one mainstream human detection instrument, besides its video
and andio counterparts, and offer one more rich dimension for
all the applications of human-machine interfaces. Our future
work includes visibility coding optimization, the simultaneous
identification of multiple walkers using multiple identification
slaves, and an effective integration of multiple human tracking
and identification.
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