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In this paper, we propose a method for multiple-
person tracking using cameras and laser range scan-
ners. Our method estimates 3D positions of human
body and head, and labels them with their identities.
Individual particle filters track person correctly by in-
tegrating information from laser range scanners and
target-specific information from cameras, thus com-
pensating for weak points of each. We also develop a
particle filter framework that tracks the human head
simultaneously using the estimated body position. Re-
sults of experiments demonstrate the effectiveness and
robustness of the proposal in tracking multiple per-
sons with multiple scanners and cameras.

Keywords: multiple-person tracking, particle filter, laser
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1. Introduction

Human monitoring in home environment is one of im-
portant topics for intelligent human support. Especially,
measurement of people’s postures and positions in a room
is essential in using robot assistance and recognizing hu-
man behavior patterns. In order to monitor human, wear-
able sensors such as RFID tags, ultra sonic devices, and
infra-red devices realize easy and robust measurement of
occupant’s position. However, wearing special sensor de-
vices constricts human daily behaviors and is troublesome
for the habitants. Monitoring should not require wearable
devices, especially in long-term measurement.

A variety of tracking approaches have been developed.
Kobayashi [1], for example, developed 3-dimensional
head tracking using multiple cameras via AdaBoost clas-
sification. Matsumoto [2] used multiple-camera head
tracking using a particle filter. Kim [3] tracked subjects
by segmenting occluded areas on a ground plane with in-
tegration of images from multiple cameras. The camera-
based tracking is weak at occlusion occurred from multi-
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ple people and such objects in a room as furniture and ap-
pliances. Light condition of the room frequently changes
due to usage of lighting apparatus and light condition of
room outside. Generally speaking, the modification of
light condition decreases performance of camera-based
tracking. While cameras are a rich source of informa-
tion in subject identification, however, they have problems
with occlusion and lighting that cause mistakes in track-
ing in short time.

Floor sensors [4—7] are also used to monitor persons.
The floor sensors detect human position from output of
distributed pressure sensors or switch sensors. Since the
occupants always touch the floor plane with their legs, the
floor sensors do not miss the people’s position. However,
the floor sensors involve problems of expense and imple-
mentation in the ordinary home environment. The floor
sensors also have a disadvantage on identification and oc-
clusion, which is overlapping of detected area. Thus, once
tracking system with a floor sensor misses an occupant, it
is difficult for the system to decide whether detected area
is the occupant’s area or not.

Laser range scanner provides yet another way of track-
ing human position sensing because of the scanner’s
price-reduction in recent years and easiness in deploy-
ment. Zhao [8], and Cui [9] developed multiple-person
tracking from the scanners at leg height, and Fod [10]
also realizes tracking from the scanners at hip height.
Glas [11] proposed the method for measurement of hu-
man position and direction from the scanners at leg height.
The scanner can measure accurate distance. The scanner
is suitable for accurate position sensing. The occlusion
problem occurs at the scanners. While the cameras are
difficult to separate area overlapping of people, the outer
shape of human from the scanner data is more easily sep-
arable than the camera. However, since it is difficult to
recognize the person from his/her outer shape by the scan-
ners, the recovery of tracking from missing of the people
is as difficult as the floor sensors.

Using more than one type of sensing has also been
tried, including combinations of camera and wireless de-
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vices [12], cameras and floor sensors [13], and floor
sensors and embedded RadioFrequency Identification
(RFID) [14]. These approaches are effective for robust
people tracking, because the sensor covers the other sen-
sor’s drawback. We also adopt the same approach. As
we mentioned above, the wearable sensors are unsuitable
because of their constriction for users. The floor sensors
have high cost and are troublesome for equipment. RFID
has the same problem. The RFID can identify the person
easily but it is useless for measurement of position. The
floor sensor and RFID are also inappropriate. We pro-
pose using cameras and laser range scanners for multiple-
person tracking. Because scanners solve the camera’s oc-
clusion problem and cameras compensate for the scan-
ner’s identification problem.

Cui [15] developed multiple people tracking using a
single camera and scanner based on Bayesian filtering
technique. Their approach’s target is mainly the combina-
tion of single camera and single scanner. Kurazume [16]
used multiple cameras and scanners, which was robust for
crowds. However, target subjects are walking people and
the target area is limited to open space without camera oc-
clusion objects such as tables, sofas, and chairs, and they
only tracked the body center. In proposing for multiple-
person tracking using multiple cameras and scanners, we
estimated the 3D positions of heads and bodies in the en-
vironment including camera occlusion objects such as ta-
bles and chairs. Measurement of heads and bodies po-
sitions contributes to the action recognition such as sit-
ting and standing, which is important in human support.
We also labeled persons’ identities. The indentificaiton
means that the same labels are correctly allocated as the
same person in tracking. This identification is essential in
support fitting to individual person.

Our proposal assumes a one-room tracking area with
cameras at the 4 corners in a home-like environment. The
cameras are equipped with the ceiling of the room for
avoidance of occlusion. Usually speaking, the scanners
are arranged at ankle height because of no dependence on
body height and avoidance of occlusion among people.
However, in home environment, there are many objects
at ankle height. In order to resolve the problem, scan-
ners are set at hip height. Thus, our tracking targets are
the persons whose hips are observed with the scanners.
In multi-sensor fusion research, synchronization of sen-
sor data collection is an important topic. In our research,
since speed of human walking is slow in home environ-
ment, our proposal does not require a high sampling rate.
In home environment, because communication hardware
such as wired LAN is stable, communication delay is neg-
ligible. Synchronization of sensors are easy. We assume
the synchronization is realized between the cameras and
the scanners.

2. Multiple-Person Tracking

We utilize particle filtering technique [17] for tracking.
The particle filter is a kind of sequential filtering. The
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filter regards the tracking target as a probability density
represented as a finite set of samples including states and
likelihoods. The filter recursively updates probability us-
ing propagation based on state transition probability and
the evaluation of likelihood through observation. The fil-
ter has an advantage in sudden subject movement and sen-
sor noise thanks to the probabilistic mechanism. In typi-
cal camera-based tracking by a particle filter, a sample in-
cludes the 3D position as a state and sample likelihood is
evaluated by matching the projected 3D position in sam-
ples to 2D camera images. The final subject position is
calculated as the expectation of 3D position and likeli-
hood.

Since the particle filter represents a tracking target is
represented as non-parametric probability density distri-
bution, discriminate probability density distribution is dif-
ficult to distinguish for each tracking target from multi-
ple target distributions. The filter works well in estimat-
ing position in single-person tracking because number of
the samples is large enough to present a distribution. On
the contrary, in multiple people tracking, sometimes one
tracking target gathers many samples and the other tar-
gets contain a few samples. The targets that include a
few samples tend to be missed because small number of
samples cannot represent the distribution well. Against
this problem, Vermaark [18] proved that the probability
density distribution including all tracking target is repre-
sented as a sum of the weighted distributions about every
targets. Based on the idea, they proposed Mixture Parti-
cle Filter (MPF), which tracks multiple targets simultane-
ously. Although the MPF resolves the problem on miss
of target people, it may confuse or lose targets during la-
beling ID. For example, IDs counterchange or lose when
two persons move across each other. The heterogeneous
allocation of samples among the targets still causes the ID
missing problems.

The filter we propose is similar to MPF. The filter con-
sists of single-target particle filters that track the same per-
son with samples in the filter. The single-target filter also
contains target-specific information for labeling the same
ID. This configuration provides robust tracking and label-
ing in multiple-person tracking, as shown in Fig. 1.

The target-specific filter contains the information for
person identification. In our method, each filter up-
dates contained samples with target-specific information.
This mechanism helps robust labeling of IDs. When our
multiple-person tracker detects a person, it generates a
new ID and obtains information about the tracking tar-
get. As the target-specific information, we adopt color
histogram of each person, which represents characteris-
tic of wearing cloth. This idea is popular approach. This
approach is utilized in [19]. Each camera captures color
histogram in background subtracted image of rectangle
area defined in advance. The capturing scene is shown
in Fig. 2. In the figure, the red region is a rectangle
area defined in advance. The upper area is region for
head histogram and the lower area is region for body his-
togram. The tracking target is assumed to be an adult hu-
man whose body height from 150 cm to 180 cm tall, and
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Fig. 2. Color histogram initialization.

only one person is detected at an entrance. Since the pos-
ture in entrance is usually standing posture and capturing
area is large enough to capture whole body, this simple
approach is sufficient for capturing head and body his-
tograms.

3. Multiple-Person Tracking Using Laser
Range Scanners and Cameras

3.1. Head and Body Tracking

The target-specific filter contains a particle filter for
body tracking and a filter for head tracking. Each filter
includes color histograms about head and body for person
identification.

The body tracking filter calculates the position of body
by two-step estimation. The filter first evaluates samples
with data of the laser range scanners, which are more ac-
curate than camera data. After evaluation, the filter up-
dates the evaluated samples. The filter then evaluates up-
dated samples with the camera data in terms of position.
The filter also evaluates updated samples with containing
color histogram, then updates the samples. Sample for
body tracking s; contains 3D position (x,y,z) as a state.
Sample for head tracking s; also includes 3D position.
The head tracking filter estimates head position with the
calculated body position using the body tracking filter and
camera data as follows and as shown in Fig. 3.

1. Apply an exclusion model for occlusion [13] to
body-tracking samples s;, in body tracking filters.
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3.2. Laser Range Scanner and Camera Body
Tracking

The 3D body center is tracked by two-step estimation in
the filter. Conventionally, this position is estimated during
a single step, because sensor measurements are indepen-
dent, e.g., multiplying by the weighted value evaluated
from each sensor for total evaluation. This mechanism
makes it is easy to fuse multiple types of sensors, but, it is
difficult to design and to adjust parameters — e.g., weights
in evaluation at every sensor — in sensor data fusion. The
evaluation of one sensor may drastically exceed that of
another sensor. This precludes the advantage of sensor
fusion. Since no weight in the above example is zero, to-
tal evaluation, which should be small, becomes large due
to sensor evaluation raised by noise. In our sensor fusion,
however, because measurement by laser range scanners is
accurate, they completely eliminate incorrect evaluation.
Instead of weighted evaluation multiplication, we sepa-
rate evaluation into two steps for using advantage of the
scanner measurement.

(1) The filter evaluates samples by the laser range scan-
ners due to their more accurate distance measurement.
Because the accurate distance measurement easily sepa-
rates people’s areas, it limits position candidates into nar-
row area by selecting samples based on their evaluated
weights. (2) The filter evaluates selected samples using
camera images. The ID that the filter contains is evaluated
using the camera images and color histogram included in
the filter, then, samples are selected in proportion to their
weights. The 3D body center position is estimated using
selected samples.

3.2.1. Body Center Tracking Transition Model

We assume uniform straight movement of a target 3D
position between two successive image frames. Transi-
tion model p(x;|x,—; = s_,) is denoted by

ss=S8_+v+o ... ... (D

T is the time interval between frames, v; is the previous
velocity of the target, @ is system noise added to s, |,
and s; is the estimated target’s position at time 7. System
noise @ improves robustness against sudden movement
and estimation accuracy.

In the general particle filter, large diffusion of samples
decreases approximation accuracy of the probability den-
sity distribution with the samples. Incorrect approxima-
tion of the distribution causes wrong estimation of the po-
sition and mistake of tracking in multiple-person track-
ing. To improve sample diffusion in sudden movement
and remaining still, we introduce adaptive control of dif-
fusion factor @, in which diffusion regions change based
on tracking target speed. In fast target movement, the
diffusion region becomes wide. In implementing con-
trol, @ is represented as white noise within the range
—&8; < @ < ;. Three-dimensional vector &, is controlled
based on target speed. 8, increases in proportion to abso-
lute target velocity.
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v, is a 3D vector including absolute value in each axis, I
is a fixed 3D diagonal matrix, and o is a fixed 3D vector.
System noise @ control improves position estimation and
reduces tracking error in sudden movement.

3.2.2. Laser Range Scanner Observation Model

Samples are first evaluated by scanners with 3D sam-
ple positions projected onto a horizontal plane. The laser
range scanner captures a single scan without person as
background information in advance, then measures dis-
tance dy in the i-th direction in a single scan. Sample
weight 7, is evaluated as follows with the parameter
measured distance d;, background distance dj,, and dis-
tance d; between projected 2D position of sample and the
scanner position as shown in Fig. 4:

a if dy<dy
M =[]1B if di>dandi>dy(@<B<7y) .(3)
Py if dy>dgnds <d

This evaluation excludes conversion from polar to 2D
coordinates, so the weight is calculated quickly. Calcula-
tion cost depends on the number of scanners and samples.

3.2.3. Camera Observation Model

Samples are then evaluated using spatial room infor-
mation, matching background-subtracted images of indi-
vidual cameras and color histograms. The filter evaluates
samples hierarchically from camera images to minimize
calculation time as follows:

1. Weights of samples outside of the room size become
Zero.

2. The 3D sample positions are projected onto individ-
ual 2D camera planes. If a sample’s projected po-
sition is outside of all camera images, the sample is
eliminated, i.e., its weight becomes zero.

3. If a sample’s projected position is outside of
background-subtracted images of all cameras, the
sample is eliminated.
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4. Remaining samples are evaluated using color his-
tograms.

The filter first evaluates samples with spatial room in-
formation. Room size is defined in advance by actual
measurement. Samples whose positions are outside of the
measured room size are eliminated, i.e., their weight be-
comes zero.

The sample’s 3D position is projected onto the 2D cam-
era image plane. If projected samples are outside of all
camera images, samples are eliminated.

A camera image is processed in each frame. For back-
ground subtraction, we use HSV color space for im-
age processing because of its greater robustness against
changes in light conditions, compared to RGB color
space. Large region including person is detected to ab-
sorb camera calibration error. Processing for a single
camera image consists of subtraction from background
capture in advance, erosion, dilation, contour detection, a
contour inside labeling and elimination of small regions.
The background is subtracted in H, S and V color space.
This subtracted value is binarized at each threshold. The
threshold for V color space is large, because the value in
V color space is sensitive to environmental lighting con-
dition. The binarized result in each color space is inte-
grated using logical addition. Image processing procedure
is shown in Fig. 5. If the projected sample position is on
a foreground pixel, the sample weight is one and, if not,
Zero.

The filter evaluates a sample with similarity between
color histogram included in the filter and color histogram
that is calculated from pixels near projected sample posi-
tions. We define near pixels in camera image as the region
between u; pixels on the u-axis and 20 pixels on the v-axis.
u; is variable and is calculated from 1300 mm height in
the real world, estimated subject position and calibration
parameters in each frame. The histogram is captured in
HSV color space for insensitivity to lighting conditions.
In SV color space, a value lower than a threshold is re-
garded as the value of no color, i.e., white or black, and is
inserted into the V bin in the histogram. When the value
exceeds the threshold, the value is inserted into the HS
bin. We define the number of bins for H color space My is
10, the number of bins for S color space Ng is 10, and the
number of bins for V color space Ny is 10, The total num-
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ber of bins N is 110 (N = NgyNs + Ny = 110). Histogram
calculation is shown in Fig. 6. We use Bhattacharyya’s
similarity coefficient as histogram similarity, calculated
by

N
Dip,g)=/1=-Y Vpetx - - ... ... ®&
k=0
7be~,,o<e”lDz(p"1), N )

p and g are normalized values in bins and A is a constant
determined experimentally.

3.3. Head Tracking Based on Body Tracking
Estimation

The head tracking filter generates new samples S,
from an estimated body position and relationship model
h; between head and body, and merges the new samples
into samples generated in the previous frame, and evalu-
ates the samples by estimated body position and camera
images.

3.3.1. Head Tracking Transition Model

The sample for head tracking s;, is generated by
the mixture distribution based on both state transition
p(x:|x,—1) based on the head movement model and the
distribution p(x;|y,) based on the estimated body. Total N
samples are separated into aN samples s, generated by
the movement model and (1 —a)N samples sj,; selected
based on the previous estimation. The sy, is calculated
by the propagation of samples s;, , based on body-head
model h;_;. Samples s, are geﬁerated around the es-
timated body center position. Body-head model h; rep-
resents the relative position between the head and body.
Body-head model h; denotes the distance between target
head and body at time ¢. Samples s, ; are given by

Sbh,t:S;,h’,-i-ht,]-i-w B ()]
hi=py,—pPoy - - - .. (D

o is fixed 4D Gaussian noise. The samples s, are se-
lected in proportion to weight 7, ,_; and propagated with
state transition probability. The transition model is the
same as that for body tracking. We define a = 0.33 em-
pirically.

3.3.2. Head Tracking Observation Model

Samples s, ; are evaluated as follows:

1. Remove samples whose 3D positions are outside of
the room.
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2. If the distance between the estimated center 3D po-
sition of the body and the 3D position of a sample is
larger than the threshold, remove the sample.

3. If the projected position of a sample into 2D camera
plane is out of image size in all cameras, eliminate
the sample.

4. If the projected position of a sample does not occupy
background-subtracted images in all cameras, elimi-
nate the sample.

5. Evaluate sample weights using color histogram at
each camera and multiply the evaluated likelihoods.

The subtracted images and the information about room
size are the same as that for the body tracking.

We introduce another evaluation step here to reflect the
relationship between the head and body in the filter. The
evaluation is based on the distance between sample po-
sitions and estimated body center position, eliminating
samples whose positions are incorrect. This contributes
to improvement of head position estimation.

Evaluation based on color histogram is the same as the
body tracking. We define near pixels in the camera image
as the region between 15 pixels on the u-axis and 15 pixels
on the v-axis, as shown in Fig. 7.

4. Experiment in Multiple-Person Tracking

4.1. Experiment Conditions

As stated, we used four Dragonfly2 cameras at the
room’s four ceiling corners. Individual images were cap-
tured at a resolution of 320x240. We calculate intrinsic
and extrinsic camera parameters using Zhang method [20]
in advance.

The LMS-200 laser range scanner has scan range of
100°, an angle resolution of 0.25° and a scan speed of
18.75 Hz. The scanners are located in the two corners
of the room. The experimental room layout is shown in
Fig. 8.

We conducted experiments offline with a sensor dataset
captured at 10 Hz. Three persons — first 2 together, fol-
lowed by the third — from 165 cm to 175 cm tall walked
into the room, moved around the table, sat down on the so-
fas and bent down. Total number of data frames is 1178.

In the experiments, the number of the samples in head
tracking filter and body tracking filter are 150 and 250, re-
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spectively. In observation model parameters for the scan-
ner, we define @ = 0.1, 8 = 1.0, 7= 10.0. We use an iden-
tity matrix 3 by 3 as I" of the adaptive control parameter
on the transition model. The thresholds for bin determi-
nation of color histogram are S= 0.1 and V= 0.07.

4.2. Experimental Results

No identification error or no miss of tracking occurred
in total frames in experiments. The 3D position estima-
tion results are shown in Fig. 9 with positions projected
onto the x-y plane at left and heights at right. The up-
per part is body tracking result and the lower part is head
tracking result. The graphs at the left shows the movement
trajectory avoiding the table and the sofas. The dense po-
sitions on the sofas are seating positions. The graphs at
the right shows relationship between frames and subjects’
head heights. The heights become low when the subjects
sit on the sofas or bend. The body heights are more unsta-
ble than the head heights because evaluating body sam-
ples from cameras are sensitive to occlusion by the sofas.

The typical tracking scene is shown in Fig. 10. A 3D
image is generated with estimation results projected onto
the camera plane. The rectangle includes all samples. The
area means detected person area. The rectangle near the
head means detected head area. Fig. 11 shows a typical
estimation sequence when three people are in the room.
The result images show the proposed filter tracks and la-
bels heads and bodies.

As for the body tracking, in frames 880 and 920, the
scan data is occluded. Half of the outer shape of person
ID-1 disappears and is distorted due to sitting posture in
frame 880. Since 4 cameras capture 3 regions of people in
the camera images, the identification and tracking of peo-
ple are succeeded. Frame 920 also shows how multiple
cameras support identification and tracking. The camera
data is occluded from frame 890 to frame 910. In camera
1 and 3 images at frame 900, regions of people overlap,
and for camera 3, person ID-1 is not visible. In the scan
image of the frame, shapes of 3 persons are separated ac-
curately. The 3D position estimation and identification is
achieved successfully. These examples show the comple-
mentation mechanism of the cameras and the laser range
scanners at tracking and identification works well.

The head tracking was successful in all frames, even
though this is difficult in sitting due to fast head’s move-
ment. Frames 880 and 890 show 3D head position at per-
son ID-1 is estimated accurately. In frames 910 and 920,
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the head position of person ID-3 shifts slightly. The head
histogram is similar to the other head, although body his-
tograms differ enough to distinguish the persons. This
similarity causes incorrect observation in persons’ cross-
ing in the filter.

The calculation time per frame is within 100 ms stably.
This time makes our proposal applicable in practical use.

5. Conclusions
We have proposed multiple-person tracking using cam-

eras and laser range scanners in a particle filter framework
involving head and body tracking filters. The filter esti-
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mates 3D positions of head and body with identification.
Scanner and camera data are merged in a two-step par-
ticle filter framework. In step 1, samples are evaluated
using scanner data because the scanner measures accurate
distance. In step 2, multiple camera images evaluate sam-
ples for 3D position estimation and identification. The
filter compensates for weak points of cameras and scan-
ners. Head and body positions are estimated in 3D are
labeled with their identifies. The head position is also es-
timated by the particle filter with calculated 3D position
of the body and camera images. The experiment demon-
strated robustness of multiple-person tracking for behav-
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iors such as sitting, bending and walking in real home en-
vironment. In the future, we will challenge the posture
estimation from cameras and scanners.
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