People Localization Using Multiple Cameras

oy oA RRE

fEL

PE AR -0z &8 - 7



SRR ST A P

People Localization Using Multiple Cameras

oy oA RRE
R Eewm gl

a4

PoE R -0z & - ¥



MSEBBEFT A L
People Localization Using Multiple Cameras

o4l RRE Student : Kuo-Hua Lo
R R Advisor : Jen-Hui Chuang
FE Hua-Tsung Chen
Bz i - #F
o AR IR 7T
7 L& =
A Thesis

Submitted to Institute of Computer Science and Engineering
College of Computer Science
National Chiao TFung University
in partial Fulfillment of the Requirements
for the Degree of
Doctor of Philosophy

In

Computer Science
February 1, 2013
Hsinchu, Taiwan, Republic of China

PEAR -0z -0



PEE 3 FN RS

g

LR S R B R L Y A B L BER T L PR |k
o b Bt P AA LGP s APRNEB Y EPPES
SR TR & iR r P {% -5 Pl cn FFEAHRPI 547 Te kmpz P 7
FRAESNEY TG FEFF A s ititdefRgrd - 23 T4

PER L KA Ra SR TR ARG B 6 BB A 2 Ao &0 R

~

S WA e

-

Beil 51 F R AR A

PR R ARG B iR R AT RE PR iR o gt 2T Y i
P E N G B M) A B R TA R R AR et - ko ALF RS TG h
A o R B R Bk TN A B n gt B RS LS hiTEY T
DREFABEN I E TG it B R EmF AP HEE L 178 B T g BRE
FRRTT A2 BRARE c CERAREEG ST T o $g i3 &g chphinfs »
i& 5 BEMA G L RRBIFPN D APREFE SRR A PEE o
Rad 3 b= 2 A F S I LRI PER S L0 (- Hr el Had o APk
M F TR R E L T RBT D R T AR ET S o

A A LA LA BN aBEA Y L A4 Z R AR KRR P i
Bprs ¥4 g R AR e B30 ke

oS MR- A ZEFLBRNF AP 2 A R e 50 (1)
ATENG AT 2 AR EE D SRR IR A ST R 2 R A RE S (2)F7H
BHAFIERT MASFERRAD T R FREL AR ARE A F P Sy
FEl > @ 70 Hra S er B > F (precision and recall) o @ ()R] s # 2 3EE e oo ptoh s RN
PEEDT - BEFAREA R OREHRBEARIE S B ARET FRE

AR X SRR TRE SR RS SRR EA TN S A



FRE R AR e B A A I A R AR BRI E S B 2

- M IR T

=3
3
peo I
oo
>—\-
i
AR

Mt 28 - a/z B AREDE - SIS AP T




People Localization Using Multiple Cameras

Student: Kuo-Hua Lo Advisor: Jen-Hui Chung
Hua-Tsung Chen

Institute of Computer Science and Engineering
National Chiao Tung University

Abstract

Occlusion has been an important and challenging task in vision-based people localization and
tracking. To handle this problem, we propose several people localization methods in this thesis,
which are based on multiple cameras. Some existing methods have been proposed to check the
existence of people at reference planes of different heights by projecting image foreground from
multiple views to these planes; such approaches can deal with occlusions better than using only a
single reference plane. In order 10 reduce-the amount of calculation due to image projection,
especially for a large number of-reference-planes and camera views, we first propose a sample
line-based method. The method estimates 2D line samples, which are originated from the
vanishing point of lines perpendicular to ground plane, for each person in different images and
project these 2D line samples on reference planes to reconstruct people locations so that the
computation of previous work can be greatly reduced. For the subsequent localization process,
these intersection points are analyzed and integrated-to form some 3D line samples, and these 3D
line samples are then grouped and integrated to reconstruct the locations of people in the scene.

Because the above method still takes a lot computation during the reconstruction of 3D line
sample, we propose the second method which is not based on reconstruction by projecting all
foreground pixels to multiple reference planes. In particular, a footstep analysis is developed to
find potential people locations, and 3D line samples are then generated to identify people locations.
This method results in significant improvement in computational efficiency, with people heights
being estimated as by-product. We proposed another method to improve the performance of the
first method with (i) new reconstruction from the intersection of two vertical triangles and
refinement procedures for possible 3D (vertical) line samples of human body and (ii) addition of
two new geometric rules (associated with the head level of a person) for the screening of these
samples. While (i) reconstructs a 3D line sample directly (and efficiently). Both of them offer
valuable improvements in the localization performance, in terms of precision and recall, with (ii)
also saving some computation time spent for invalid samples. In addition, we also propose a
correspondence a view-invariant measure of 2D line segments in two different views. Such a
quantitative measure can handle line segment of arbitrary configuration in the 3D scene. By



applying such a measure, efficiency of people localization is further improved without sacrificing
the localization correctness. Finally, possibilities of using the correspondence of line samples and
the difference between a pair of viewing angles to decrease the error of people localization as
studied, with some promising results obtained.

Keywords: Vanishing point, 2D/3D line sampling, multi-camera, people localization, real-time
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Chapter 1
Introduction

In recent years, visual surveillance using multiple cameras has attracted much attention in the
computer vision community. Moreover, vision-based localization and tracking have shifted from
monocular approaches to multi-camera approaches since the latter can often achieve better results.
Especially when there are many people in the scene, serious occlusions may occur in multiple
views and real-time people tracking and localization become a challenging problem. Thus, the
previous works on visual surveillance are reviewed in the following in two categories: monocular

approaches and multi-camera approaches.

1.1 Monocular approaches

In [1], [2], location and intensity of image foreground are extracted to allow construction of a
human model, which allows us to mateh a subject image for tracking in successive grayscale
images. In [3], color information is.used to construct. human models, wherein a person is modeled
by several parts of similar color, and a Bayesian framework. is employed to handle occlusion in the
tracking process. In [4], an extension of particle filter using object contour is proposed to track the
head of a person. In [5], a colar-based tracking which.integrates color distributions into particle
filter is presented to describe people using ellipses and associated color histograms. The method is
robust when dealing with partial ocelusion, and is rotation and scale invariant. In [6] color, shape,
and edge are integrated into particle filter to create a robust tracking method. Additionally, the
authors propose an adaptive scheme to choose the most effective cues in different situations.
However the performance of these methods might be seriously impaired when the human model
of occluded persons is not updated in time that the appearance of a person may change
significantly. To resolve such a problem, spatial/temporal features are used in [7] to train
convolutional neural networks to achieve robust people tracking wherein the appearances of a
target object of different views are adopted in the training stage.

Since single view tracking depends on inherently limited information from a single viewing
angle, dealing with situations involving serious or full occlusions is quite difficult. Thus, many
multi-view tracking approaches have been proposed. Unlike single view, multiple views can
provide more visual information to cope with occlusions in human localization. For example, a
stereo camera with small baseline can estimate depth information easily, whereas a set of
wide-baseline cameras can decrease invisible regions. Finding feature correspondence is usually

the most important step for many multi-camera approaches since only correct correspondences
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between multiple cameras can ensure the correctness of subsequent processes, e.g., localization

and tracking.

1.2 Multi-camera approaches

There are several types of multiple camera approaches for tracking people. The first type of
approaches uses a stereo camera to obtain depth maps for tracking. The second type of approaches
can be divided further into two sub-categories, region-based and point-based methods, both have
to establish correspondence between different views for tacking. The third type of approaches
seeks to find locations of persons directly without the correspondences of people in different
Views.

For the first type of approaches such as [8-10], a stereo camera is exploited to establish
correspondence between two views to construct a depth map. By using such a map to avoid
influences of moving shadows on foreground detection, better segmentation results can be
obtained and object tracking becomes more robust. However, using a pair of cameras with a small
baseline may suffer from total occlusions frequently..Without information of occluded regions
(e.g., behind of a person closer to a stereoc camera), the tracking performance is impaired.

Region-based methods of the second type generally regard people as regions and use region
features to match people in multiple views. Maost of these methods use color as the main feature to
find correspondences of regions in different views. For instance, color and 3D position are utilized
to match and track multiple objects by a tracking algorithm in [11]. In [12], the authors use
Gaussian color models to segment foreground regions of people from each image. The results are
then used to match regions from one view to another along epipolar lines to find correspondence
across multiple views. After that, Kalman filters are used to track people on the ground plane. In
[13], the authors use Bayesian networks for object tracking in individual views independently.
After that, both geometry-based (epipolar geometry, homographies, and landmarks) and
recognition-based (height and color of target appearance), are utilized to find correspondence
across multiple views. However, one of the main disadvantages of these methods is that color
information may degrade the performance of tracking since the appearance and color can change
with scene illumination.

Point-based methods can be further divided into two additional sub-categories: 3D-based and
2D-based methods. 3D-based methods locate and find correspondence of target object in images
based on 3D geometric constraints. These 3D-based methods often need a complete camera
calibration. In [14], location of a person is described by a Gaussian distribution of its center of
gravity (COG) in the scene. The distribution, which denotes the probability of the existence of a
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COG point, is projected onto multiple views, respectively, and the correspondence of feature point
can be found by maximizing the probability of the COG distribution in each view. In [15], people
are modeled as vertical cylinders and tracked by optical flow. During the tracking process, the
COG of human body in multiple views is used to estimate the people locations in the world
coordinate. In [16], cameras are calibrated for the calculation of 3D positions of feet points of
target people, and the correspondences can be established from these feet points. In [17], feature
points are extracted from a (vertical) major line of the upper part of a human body. The
correspondence of the human body is found by matching intensity and location through epipolar
constraints. However, the extracted feature points from each view may not always correspond to
the same point in the 3D space. In that case, the matching performance, the established
correspondence, and tracking results may be impaired.

Different from the above 3D-based methods, some 2D-based methods has been presented to
establish correspondences between multiple cameras by matching locations of feature points on a
reference plane. In [18-20], homography constraint is used to match the locations of feet points in
different views. However, these feature points may be occluded between objects. In [20], a
method, which can detect whether the feet points of a person are occluded, is proposed to select a
best view for each person appears in‘the scene. In contrast, authors in [21] propose a method using
the axes of people to estimate-the feet points in images. They segment a group of people into
individual persons and estimate ‘an axis for each of them. Then, the location of the feet point of a
person is estimated as intersection point of his/her axis and-the bottom of his/her bounding box. In
[22], foregrounds of a person are perspectively projected from each view to the ground plane, with
the corresponding camera being the projection center. For each camera, a line passing through (i)
the projected foreground and (ii) the vertically projected camera center, both on the ground plane,
is estimated. The person’s location can then be estimated by calculating the intersection of these
estimated lines on the ground plane based on the least square criterion. For most of the
aforementioned point-based approaches, accurate detection/estimation of point/line features, and
their correspondences in different views, are required; otherwise the correctness of a person’s
location will be seriously impaired.

In recent years, approaches of the third type are proposed. These methods, which do not need
a complete camera calibration, can locate people directly without finding the correspondences of
the people between views. In [23-24], the authors propose a method using cameras placed at high
elevation to detect the heads of people. The method assumes the cameras are partially calibrated
for homographic matrices for multiple planes with different heights. For each plane, intensity

information of segmented foreground pixels is collected from all views, and head detection is
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achieved through intensity correlation. In [25], the authors propose an interesting method to track
people by locating them on similar reference planes. The foreground likelihood information of all
image pixels captured from different views is projected and integrated on each reference plane to
form an occupancy probability. Such probabilities from several frames are then processed by a
graph cut algorithm to find trajectories of people. Although the correspondences of people
between different views are not available®, such an approach performs quite well under serious
occlusions in a crowed scene. Due to the high complexity of pixel-based processing, the approach
is implemented with CUDA (Nvidia GeForce 7300 GPU) to achieve real-time performance.
Unlike the above method that need to project all foreground pixels of all views to multiple
reference planes via homography, we propose three efficient and effective people localization
methods. The first one applies vanishing point-based line sampling to reduce the large amount of
pixel processing so that computational efficiency can be greatly enhanced. The second one further
improves efficiency and robustness of the first one by adopting a more accurate 3D reconstruction
process, more effective geometric filtering rules, and a.novel measure of line correspondence.
Instead of 3D reconstruction, the ‘third method uses. a coarse-to-fine strategy to find people
locations by 3D line sampling. Finally, error analysis is considered for further improvement of the

accuracy of people localization for the second method.

1.3 Organization of-the thesis

The remainder of this thesis is organized as follows. In Chapter 2, people localization via
vanishing points of vertical lines and multiple homographic matrices is proposed. The vanishing
points are used to generate 2D line samples of foreground regions in multiple views. Potential
people locations are found by project each pair of 2D line samples from different views to the
reference planes of different heights via homographic matrices. The intersection points are then
connected to form 3D line samples. After that, the 3D line samples are checked against foreground
regions of all views and grouped to locate people. Instead of reconstruction in the 3D space, we
propose a grid-based approach to efficiently find potential people locations on the ground in
Chapter 3. We then generate 3D sample lines for these potential people locations, refine their two
ends, and remove those not covered by enough foreground pixels in all views. Additionally,
people heights are estimated from the 3D line samples as by-products. In Chapter 4, a more
efficient reconstruction method is proposed to improve the people localization approach described
in Chapter 2, where reconstruction of 3D line samples takes a lot of computation time to project

! For example, no additional image processing procedures are performed to identify each individual from a crowd, e.g., through connected
component analysis and principal axis analysis as adopted in [21].
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2D line samples to multiple reference planes, a more efficient reconstruction approach which
reconstructs a 3D line sample as the intersection of two vertical triangles is proposed. In addition,
a pre-filtering procedure using a view-invariant measure of line correspondence is also introduced
to further improve the efficiency. In Chapter 5, we first review an error analysis method for a
pointing system. The idea is then extended and applied to our people localization method
described in Chapter 3 to increase the accuracy of localization. Chapter 6 summarizes this thesis.



Chapter 2
Vanishing point-based line sampling for efficient people
localization

In this chapter, vanishing point-based line sampling is introduced to increase computation
speed of people localization. The vanishing points of vertical lines in the scene in images captured
from different viewing angles are used to generate 2D line samples of foreground regions.
Subsequently, 3D line samples of persons can be found efficiently via 3D reconstruction from

stereo 2D line sample pairs to avoid pixel-based operations suggested in [23-25].

2.1 Construction of major axes for non-occluded persons
from a pair of views

For a better understanding of the basic ideas of the proposed localization, we begin by
illustrating how to localize people using the major axes (MA) of the foreground regions in 2D
images. Assume the foreground of different persons-do not overlap in a pair of views in which the
major axis of each of them can be estimated correctly. By projecting these axes, instead of
projecting all foreground pixels‘as in [25], onto multiple reference planes parallel to the ground
plane, a 3D axis can be formed for each person by connecting corresponding intersection points of
the projected 2D axes on these reference planes. Furthermore, a more efficient scheme is
introduced to find the above 3D axis by calculating the_intersection line segment of two triangles
in the 3D space if the cameras centers can'be estimated in advance.

2.1.1 Major axis estimation for a person in an image

In order to segment foreground regions of a person from an image, the Gaussian mixture
model (GMM) [27], [28] can be applied. Assume region R obtained from foreground segmentation
contains a great percentage of a person, we can estimate the major axis for the person by PCA. An
example of an axis thus estimated is shown in Fig. 2.1. One can see that the estimated major axis

can represent the elongated shape of a person very well.

2.1.2 Finding a 3D major axis of a person — two approaches

As shown in Fig. 2.2, Let L; and L, be the axes of a person obtained by PCA for View 1 and

View 2, respectively. In addition, let P7 be the intersection point of the two lines containing the

projections of L; and L, respectively, onto reference (ground) plane = from camera centers C; and



Fig. 2.1. Detected foreground regions and the estimated axis.

View 1 View 2

C, C;

H]ir H27r

Py Ly

Fig. 2.2. Finding intersection points of two axes on a reference plane.

C.. Ideally, for reference planes of.different heights, such intersection points will either (i) belong
to both the projected axes, or (ii) stay away from-any of them if the corresponding heights are out
of the range of the 3D axis. Fig. 2.3 shows samples of the 3D axis thus obtained for the person
shown in Fig. 2.1. While intersection points satisfying (i) is colored in black, points not satisfying
(1), including those contained in one but not both projected axes due to computation errors, are
marked in red?.

The above results provide us an important cue to the estimation of a person’s height.
Additionally, one can see that the 2D (horizontal) positions of these 3D points are quite consistent
that a roughly vertical major axis (MA) of the person can be constructed by connecting the black

points, i.e.,
Axis _ sty ={Pfs,.., P | (2.1)

with hy and b; being the heights of bottom and top end points of the axis, respectively.

2 To find the above intersection points on reference planes of different heights, a method to produce multiple homographic matrices is
introduced which can establish these matrices using only two marker points on each of the four calibrating pillars standing vertically on the ground
plane. The detail can be found in Appendix A.
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Fig. 2.3. The axis samples of the person shown in Fig. 2.1, which are reconstructed for reference
(horizontal) planes with 4 cm spacing and up to 176cm in height.

2.1.3 Extension of finding 3D majoraxes for non-occluded multiple
persons from a pair of views
The above method can be extended to estimate 3D MAs for multiple people if an axis can be
found for each of them in two different views. Without knowing the correspondence of the axes in
the two views, candidate 3D MAs can be constructed for all'possible 2D MA pairs. For example,
for M persons in View 1 and N persons_in View_2; a total of MN candidate MAs can be

constructed (minus those associated with triangle pairs which do not intersect, like the two blue
triangles shown in Fig. 2.4).
For a candidate 3D MA obtained for person i in View 1 and person j in View 2, (1) can be

rewritten as

Axis _seti; = 1Rl .. Bl | (2.2)

Although we do not have correspondences of different people in these two views, it is possible to
remove incorrect 3D MAs by checking the consistency in the foreground coverage, as will be
explained in Subsection 2.2.1, with additional views. For example, while the two green axes in Fig.

2.4 are correct 3D MAs, the gray axis can be identified as an invalid axis from View 3°.

% In general, incorrect MAs constructed from a pair of triangles can be removed by checking the consistency with an additional view point (in
the 3D space) except for those view points which are coplanar (in a 2D subspace) with one of the two triangles mentioned above. Therefore, with
the help of an additional camera, incorrect MAs will be removed completely, with zero probability for the above exceptions.
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Fig. 2.5. An example of overlap foreground and the estimated axis.

2.2 Construction of major axes for multiple persons with
occlusion

The above 2D PCA-based axis estimation can only cope with situations under which the
foreground of a person is separable from others’ in all views, and can be identified as one region
by connected component analysis. However, in real applications, many people may appear in a
monitored scene at the same time that each segmented foreground area may contain more than one
person, as shown in Fig. 2.5, and the aforementioned axes detection approach will not work
correctly. One possible solution proposed in [21] is to separate persons by projecting the
foreground in the vertical direction to form a histogram, and then determining the boundaries
between persons based on the location of peaks and valleys in the histogram, before each person
can be represented by one axis for localization and tracking. However, the above approach may
not work well when there is a very dense group of people appear in the scene, e.g., for the case
shown in Fig. 2.6. For such more complicated situations, instead of estimating a 2D axis for each
person, a 3D sampling scheme is proposed in this section wherein 2D line samples of the

foreground regions from multiple views are used to generate some 3D line samples of the
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Fig. 2.6. (a)-(d) 2D line samples in Views 1-4. (e) The unverified 3D line samples which survive Rules
1-2. (f) The results of filtering and. grouping.

foreground “volume” based on the same.idea described.in Section 2.1. Then, with noises filtered
out, these 3D line samples are verified with respect to different views by a back projection
procedure. Finally, a grouping algorithm is applied to the remaining samples in the scene, before

members of each group are integrated into a 3D MA.

2.2.1 Generating 3D line samples using vanishing points

Since the upper bodies of people are almost always perpendicular to the ground plane when
they are standing and walking in a monitored scene, we first generate 2D line samples in each
view which are originated from the vanishing point of vertical lines in the 3D scene (see Figs.
2.6(a)-(d))*. Thus, these 2D line samples correspond to a fan of vertical sampling slices in the 3D
space originated from the vertical line containing the corresponding camera center. Note that
generating 2D line samples is much faster than the axis estimation discussed in Section 2.1 since

no additional image processing is required. The 2D sampling lines having very short lengths (less

* The vanishing point in each view can be estimated by calculating the intersection points of the four lines extended from the four upright pillars
mentioned in Subsection 2.1.2.
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than a threshold T,) will be discarded since they are expected to be far away from a major axis and
will have little contribution to the estimation of a 3D MA.

Next, for each pair of views, the remaining 2D line samples are used to reconstruct 3D line
samples by the scheme described in Section 2.1. Since there may still be incorrect 3D line samples,
such as the gray one shown in Fig. 2.4, two geometric rules can be used to filter out the 3D line
samples that will not correctly represent a person in the 3D scene:

1) The length of a 3D line sample is shorter than Ten,

2) The height of its bottom end point P™ is higher than T.

Fig. 2.6(e) shows 3D line samples passed the two rules, each adjusted slightly so that it is
perpendicular to ground plane.

After using the above two filtering rules, we further verify the 3D line samples against image
foreground. To check the foreground coverage of a 3D line sample, we back-project its
intersection points of different heights to all image views. For a person do appear in the monitored
scene, these back-projected points should be covered by some foreground regions. For example, if
all back-projected points in all views for a 3D MA are of foreground, its average foreground
coverage rate (AFCR) is equal to 100%. A 3D line sample with AFCR lower than Tg will be

removed. Fig. 2.6(f) illustrates the filtering results for line samples shown in Fig. 2.6(e).

2.2.2 Integration of 3D line samples to form 3D major axes

After the above verification procedure, the major axis of a person can be estimated from the
remaining 3D line samples using a straightforward grouping algorithm®. Specifically, if the 2D
horizontal distance between two 3D line samples is closer than a threshold T., an edge is
established in an undirected graph. After that, we can easily find connecting component areas (3D
line sample groups) in the graph. For example, Fig. 2.7(a) shows the input frame for Fig. 2.6(d),
and Fig. 2.7(b) shows the undirected graph obtained by the above grouping algorithm, with green
points representing the 3D line samples. To avoid some false positives in the grouping, a group
containing a total number of 3D line samples less than threshold Nyine Will be removed.

To locate individual persons, the horizontal position of each of them can be estimated as the
average, shown as red stars in Fig. 2.7(b), of the horizontal positions of the 3D line samples in the
corresponding group®. In Fig. 2.7(c) we show the synergy map obtained with a method modified
from [25]. Instead of considering the foreground probability of all image pixels, only those inside

of foreground regions are taken into account. One can see the above distribution of each group

® Detail can be found in [46].
® The heights of the top and bottom ends of a 3D major axis are assigned as the heights of the highest and lowest end points in the
corresponding group, respectively.
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Fig. 2.7. Grouping and localization results. (a) Input frame 532. (b) Grouping sets. (c) Accumulated
synergy map of all reference planes.

matches the corresponding occupied region (red color) in the map quite well, i.e., all red stars do

fall inside of the occupied regions.

2.3 EXxperiments

In order to evaluate our method, we used an indoor video with a resolution of 320 x 240.
The spacing between 51 adjacent reference planes was selected as 4cm. In the video, six people
are walking along three edges of the tiles on the ground so we can easily evaluate the
performance of localization. In Figs. 2.8(a) and (b), the bounding boxes with a fixed
cross-section of 50cm x 50cm are back-projected to individual images with their height
obtained from derived 3D MAs, shown on the right of the figures with bold lines. One can see
that the six persons are well represented with these bounding boxes, and their locations having
good matches with the specified tracks. For a comparison of computation time with [25],
simulation is performed with an implementation based on C language on Windows 7 with, 4
GB RAM and a 2.4G Intel Core2 Duo CPU. Fig. 2.9(a) shows the processing speed, in frame
rate per second (FPS), of our method for different portions of the video, with intervals A to F
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Fig. 2.9. Processing speed (in frame rate per second) of (a) Our method. (b) The generation of
accumulated synergy map from all reference planes.
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corresponding to an increase from 1 to 6 persons in the scene, respectively. One can see that the
processing speed varies with people count and more than 2.790 FPS can be achieved when
there are six people in the scene. The average is 5.365 FPS. Fig. Fig. 2.9(b) shows the FPS
required for the generation of synergy maps, as proposed in [25], which varies much less with
time and has an average value of 0.118 FPS. (Note that CUDA adopted in [25] is not used here).
This is because its time complexity mainly depends on the size of the whole image but not just
the foreground.

2.4 Summary

We proposed a method for people localization which obtains 2D line samples, with each line
originated from the vanishing point of vertical lines in the scene, of foreground regions in each
view. Geometrically, a pair of line samples obtained from two different views corresponds to a
vertical line in the scene. 3D point samples along such a vertical line can then be obtained by
projecting the above 2D line samples and identifying their intersecting point on reference planes
of different heights, using homographic matrices each associating an image to a reference plane.
Finally, the 3D MA of each person.is estimated-by.grouping 3D line segments derived from point
samples satisfying some location and shape constraints. Since the most time-consuming process of
homographic projections are performed for line samples instead of the whole image, the proposed

approach can achieve near-real time performance for localization accuracies similar to that in [25].
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Chapter 3

Acceleration of vanishing point-based line sampling
scheme for people localization and height estimation
via footstep analysis

In this chapter, the efficiency of the above line sample-based approach is further improved by
considering only one reference (ground) plane and, without performing 3D reconstruction,
adopting a 3D line sampling scheme. Fig. 3.1 illustrates the schematic diagram of the proposed
framework. First, the preprocessing procedures of camera calibration and foreground
segmentation are executed. Next, we generate lines originated from the vanishing point of vertical
lines in the scene to sample the foreground objects (people) in each camera view, as in [26]. The
line samples of foreground objects from all camera views are then projected onto the ground plane
via homography, with regions crossed through by a large number of projected sample lines
identified as candidate people regions. \WWe then generate (vertical) 3D sample lines for these
candidate people regions, refine «their two ends;-and remove those not covered by enough
foreground pixels in all views. Finally, the-remaining 3D sample lines are grouped into individual
axes to indicate people locations. Additionally, the height of each person can also be estimated as
by-product.

3.1 Finding candidate people regions (blocks)

According Fig. 3.1, we first generate 2D sample lines, originated from the vanishing point, of
foreground regions in each camera view. The sample lines containing very few foreground pixels
are discarded since they contribute little to the following localization process. Then, the remaining
sample lines are projected onto the ground plane via homography. It is easy to see that the more a
region is crossed through by the projected sample lines, the more likely the region contains a
person. Thus, we discretize the ground plane into a grid of 50cm x 50cm blocks, each has about
the area a standing person occupies, and count the number of crossing sample lines for each block.

However, the above line counts may distribute across neighboring blocks, as shown in Fig.
3.2(a). Thus, we add a second grid, which has an offset of 25cm in both X and Y directions (on the
ground plane) from the first one. Note that the second grid can have higher counts in some grids
for the above example, as shown Fig. 3.2(b). After merging the two layers of grids, we retain the
higher count for each quarter block, as illustrated in Fig. 3.2(c). Finally, the quarter blocks whose

counts are greater than a threshold T¢, are identified as candidate people blocks (CPBs).

T We set T, =8, which means the block is crossed through by sample lines from at least two camera views.
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Fig. 3.2. Finding candidate people blocks (CPBs) by two-layered grids. (a) Layer 1 grid. (b) Layer 2 grid.
(c) Merging the two-layered grids.
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3.2 People localization and height estimation

In this section, to achieve the goal-«of people localization and height estimation, vertical line
samples of human body are generated for the.above CPBs. These line samples are then refined
with respect to image foreground from different views, screened by some physical properties of
human body, and grouped into axes of individual persons. In particular, four equally-spaced rods
of 200cm in height are established on each CPB, as shown in Fig. 3.3. For each rod, we
back-project it onto each camera.wview, and inwardly refine its top and bottom (C and D in Fig. 3.3,
as well as C and D' calculated using.view-invariant cross-ratio) until they are covered by a
foreground region. For error tolerance, e.g., to cope with noises and occlusion, the intersection of
all the refined 3D rods for each ground location from different camera views is adopted as the

final line sample of possible human body.

Based on physical shape/size of a human body, we then apply the rules, as described in
Subsection 2.2.1, to filter out incorrect 3D line samples obtained above. Also, the grouping
procedure described in Subsection 2.2.2 is applied. Finally, for each group, the average location

(maximum height) of the line samples is regarded as a person’s location (height).

3.3 EXxperiments

To evaluate our methods under different degrees of occlusion, we captured several video
sequences of indoor and outdoor scenes. For each scene, calibration pillars are placed vertically
and then removed from the scene for the estimation of camera centers, vanishing points, and

multiple homographic matrices (see Appendix A). These sequences are captured with different
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numbers and trajectories of people. The computation is performed with a PC under Windows 7
with 4 GB RAM and a 2.4G Intel Core2 Duo CPU, without using any additional hardware.

Fig. 3.4 shows an instance of scenario S1 captured from four different viewing directions
with a 360x240 image resolution. The average distance between the cameras and the monitored
area is about 15m. One can see that the lighting conditions are quite complicated. The sun light
may come through the windows directly and the reflections from the floor can be seen clearly. A
total of 691 frames are captured for S1 wherein eight persons are walking around the ninth one

standing near the center of the monitored area.

Figs. 3.5(a) and (b) show 2D line samples generated for Fig. 3.4(b) and the reconstructed 3D
MAs, viewing from a slightly higher elevation angle, respectively. In addition, for a closer
examination of the correctness of the proposed people localization and height estimation scheme,
bounding boxes with a fixed cross-section, and with their height obtained from derived 3D MAs,
are back-projected to the captured images, asshown_in Fig. 3.5(c) for the image shown in Fig.
3.4(b). One can see that these bounding boxes do overlay nicely with the corresponding
individuals. The recall and precision rates-for the whole sequence are evaluated as 96.3% and

95.9%, respectively.

Fig. 3.6 shows similar localization results for scenario 'S2, which has the same people count
as that for S1, but the nine people are walking randomly-in the scene so that the occlusion among
them becomes more serious. As a result, both the recall and precision rates are decreased slightly.
To further examine the robustness of our method.under serious occlusion, scenario S3 is evaluated,
which is similar to S2 but having twelve persons randomly walking in the scene. Since the scene is
becoming more crowded and serious occlusion may occur more frequently, foregrounds of
different persons may easily merge into larger regions, as shown in Fig. 3.7(a). While satisfactory
localization results are obtained in Figs. 3.7(b) and (c), the recall and precision rates for S3 are

decreased to 91.9% and 90.0%, respectively.

The performance of the people localization approach described in this chapter is presented in
Table 3.1. The precision and recall rates in all the three scenes are above 90%. Furthermore, the
proposed approach achieves very high computational efficiency, even for the crowded scene S3,
wherein 12 persons can be located quite accurately at a high processing speed of about 100 fps.
For performance comparison, similar results of people localization obtained in [26] are listed in
Table 3.2. One can see that the approach proposed in this chapter achieves similar precision and
recall rates as in [26]. However, the processing speed is enhanced (about 2.6 times faster than [26])
due to the use of 3D line samples, instead of reconstructing 3D major axes via computing pairwise
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Fig. 3.5. Localization results for scenario S1. (a) Segmented foreground regions and 2D line samples for
Fig. 3.6(b). (b) 3D major axes to represent different persons in the scene. (c) Localization
results illustrated with bounding boxes.

(a)

Fig. 3.7. Localization results, similar to those shown in Fig. 3.7, for scenario S3.

Table 3.1. Performance of the proposed approach in this chapter.

Sequence Recall Precision Avg. error FPS
S1 96.3% 95.9% 12.16cm 30.74(0.47)
S2 95.2% 95.3% 10.94cm 32.06(0.52)
S3 91.9% 90.0% 11.32cm 23.78(0.41)
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Table 3.2. Performance of people localization of [26].

Sequence Recall Precision Avg. error FPS
S1 92.0% 95.7% 11.60cm 11.62(1.008)
S2 94.9% 97.3% 10.00 cm 12.05(1.201)
S3 93.3% 94.3% 10.28 cm 8.34(1.025)
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Fig. 3.8. Results of height estimation for S1:
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Fig. 3.10. Results of height estimation for S3.
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intersections of sample lines of image foreground projected at different heights.

The results of person height estimation for S1 are presented in Fig. 3.8, where red squares
indicate the actual heights and blue dots represent the estimated heights together with intervals of
unit standard deviations. One can see the errors are less than 5cm. Similar estimation results for S2
can be observed in Fig. 3.9. However, in Fig. 3.10, the results of height estimation of a person (P6)

has an error of more than 10cm, which may result from more serious occlusion.

3.4 Summary

We propose an efficient and effective approach for people localization using multiple
cameras. Enhanced from [26], we retain the advantage of vanishing point-based line sampling, and
develop a 3D line sampling scheme to estimate people locations, instead of reconstructing 3D
major axes via computing pairwise intersections of the sample lines at different heights in [26].
The computation cost is greatly reduced. In addition, effective height estimation is also proposed
in this chapter. The experiments on crowded scenes, with serious occlusions, also verify the

effectiveness and efficiency of the proposed approaches.
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Chapter 4
Enhancement of line-based people localization

In this chapter, enhancement of the efficiency of the people localization approach described
in Chapter 2 (see also [26]) is considered. The three major improvements include (i) more efficient
3D reconstruction, (i) more effective filtering of reconstructed 3D line samples, and (iii) the
introduction of a view-invariant measure of line correspondence for early screen. While (i) and (ii)
are direct improvements/enhancement of the approach presented in Chapter 2, (iii) introduces a

new way of measuring the correspondence of two line samples obtained in different views.

4.1 Efficient 3D line construction from intersection of two
triangles

While the approach described in Chapter 2 takes a lot computation time to calculate
intersection points on multiple reference planes, as shown in Fig. 4.1 (left), an equivalent
reconstruction of the 3D axis can actually be obtained by intersecting the two triangles®, as shown
in Fig. 4.1 (right). By adopting such a method, the computational time, which does not depend on
the number of intersection points (reference planes), is expected to be decreased greatly. Axis

points can then be estimated by a direct sampling along the 3D axis if necessary.

4.2 Refinement and verification of reconstructed 3D line
samples

Although the rules of geometric filtering adopted in Chapter 2 are low-cost and effective,
more filtering rules may be included to reduce miss detections. Since the two ends of a 3D line
sample reconstructed above may be inaccurate, e.g., due to noise. We propose a refinement
procedure to improve their precision. Additionally, two new rules are added, one before and the
other after the refinement procedure, to increase the computation speed. Thus, the entire filtering
procedure becomes more precise and effective. In particular the following new rule together with
Rules 1-2, will be applied to a line sample right after the 3D reconstructoin,

3) The height of its top end point P"" is lower than Ty.
Fig. 4.2(a) shows line samples which survive Rules 1-3.
The main objective of the above three rules is to preserve two kinds of 3D line samples

which correspond to (i) the full length of a standing/walking person or (ii) the head and torso of a

& The camera centers can be found in advance by at least two of the aforementioned four pillars.
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Fig. 4.1. lllustrations of the simplified 3D reconstruction.

person without his/her feet. By selecting appropriate thresholds, these three rules may also
accommodate human activities such as jumping and squatting. In practice, these three rules can
efficiently remove most of inappropriate 3D line samples, e.g., 84% of the originally reconstructed
3D line samples for the above example. However, since each 3D line sample is reconstructed by
observations from two views only, the top and bottom ends of each 3D line sample may not be
very accurate in position. To deal with such a problem, a refinement procedure using information
from additional views, as described next, is adopted to find-more accurate positions of the two end
points before further verification of the 3D line samples are performed.

Conceptually, the refinement scheme-is based on the fact that if a 3D line sample corresponds
to a real person in the scene, its‘image in all views should be covered by foreground regions. In
other words, its top and bottom-end points will be covered by.some foreground regions in all
views. If that is not the case, ‘the 3D line sample should be shortened until it falls within
foreground regions in all views. Specifically, for each 3D line sample, we can use equally spaced
sample points between its two ends P™‘and P™ to form axis samples {P", ..., P™}° (see (2.1) in
Subsection 2.1.3). The refinement for the top end point corresponds to find the first sample point
below P™ such that it is covered by some foreground regions in all views. Similarly, the
refinement of the bottom end point can be done by searching in the upward direction from P™.

After such a refinement (shrinking) procedure, Rules 1-3 can be applied again, as well as
using another new rule,

4) The height of top end point P™ is higher than Ty,
to filter out inappropriate 3D line samples. One can see from Fig. 4.2(b) that rough people
locations can be distinguished visually from the remaining 3D line samples. Finally, a
threshold Ty, is used to filter out 3D line samples which do not have sufficient average

foreground coverage rate (AFCR), as shown in Fig. 4.2(c)".

® The interpolation spacing between two adjacent sample points corresponds to a total number of Ny equally spaced reference planes between
the ground plane and the plane with 250cm in height.

% In our implementation, each sample point of a 3D line sample is projected to all views to check if it is covered by foreground for the
computation of AFCR. For example, AFCR for each of the green axes shown in Fig. 2.4 is equal to 100% with respect to all (three) views.
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Fig. 4.2. Filtering results of input images shown in Figs. 2.6(a)-(d). (a) The unverified 3D line samples
which survive Rules 1-3, (b) the refined line samples which survive Rules 1-4, (c) final line
samples (see text).

4.3 Early screening for line correspondence

In this section, we propose.a line.correspondence measure of 2D line segments in two
different views which is based ‘on a formulation of cross ratio.” Such a quantitative measure is
view-invariant and can handle line segment of arbitrary configuration in the 3D scene and will be
applied to the people localization .methods described 'in Section 4.1 to filtered out
non-corresponding line sample pairs before 3D reconstruction. Therefore, the computation speed
of the proposed people localization can be.further improved. We also convert the formulation to a
more efficient form for computational efficiency. While such a measure is first illustrated via the
concept of 3D reconstruction, as shown in Fig. 4.3(a), for a better understanding the basic idea, we

will show that the measure can actually be computed in either one of the two views.

4.3.1 Aview-invariant measure of line correspondence

Assume we have a pair of line samples in View 1 and View 2, respectively, and homographic
matrices H;, and H,, between the two views and the ground plane 7 can be obtained from camera
calibration. By projecting the line samples onto plane z, points A, B, C, and D can be obtained

along a line in 3D space reconstructed by intersecting two planes each containing a camera center
and the corresponding projected line sample. The lengths of AB and cb should be very small if
the two line samples correspond to the same 3D line segment. If L7 is projected to View 1 (as
B'D' in Fig. 4.3(b)) where A and C are end points of the line sample obtained in View 1, B and D

can be calculated as intersection points of o8 and oo and the line containing AcC,
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Fig. 4.3. (a) lllustration the basic idea of the proposed correspondence measure of two line features
(samples). (b) Hlustration of a general form of the view-invariant cross ratio.

respectively, with O being the camera center of View 2 which is found in advance.
Instead of using the above . lengths, whose values.will vary with view points, the
view-invariant cross ratio, in one of several forms as discussed in [29], can be used to evaluate the

degree of line correspondence as

(OAxOB)(OC x OD) (3.1)

CR="——F———
(OBx0OC)(OAxOD)

wherein each one of the four terms.represents a signed triangular area in Fig. 4.3(b). If L; and L,
correspond to a perfect match, points A and B (and points C and D) will coincide, and CR = 0.

Moreover, sinceé AOAB/AOAB=AOBC/AOB'C=0B/OB and AOCD/AOCD'=AOAD/AOAD=0D/OD', We have

AOABe AOCD  AOAB'¢AOCD'

- 3.2
AOBC ¢ AOAD ~ AOB'C « AOAD' (3-2)
and (3.1) can be calculated more efficiently by
CR - (%XOB)(OCXOD) (3.3)

(OB'x OC)(OAx OD)
since there is no need to compute B (D) from B’ (D"). Thus, the proposed view-invariant measure
of line correspondence, with a zero value representing a perfect match'?, can actually be evaluated
in either one of the two views by first computing the homographic transform, e.g., Hi' H, for

View 1 in Fig. 4.3(a), of two end points of a candidate line segment in another view.

™ Values other than zero, as well as some special configurations of the above four points, will be considered in next subsection.
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4.3.2 Applying the line correspondence measure to improve the
efficiency of people localization

In this subsection, we will apply the proposed line correspondence measure to improve the
efficiency of people localization Section 4.1*2 Instead of finding correspondence of realistic line
features in the scene, we will verify whether 2D line samples from different views belong to the
same person. Thus, computations associated with a 3D line sample which are clearly resulted from
two line samples of different persons can be avoided. Such computations include (i) 3D
reconstruction of 3D line samples, as the mentioned in Section 4.1, (ii) 3D validations and (iii) 2D

(foreground) consistency check of the 3D line sample. For example, physical properties of a

human body can be used to validate the heights of B and C, and the length of BC in Fig. 4.3(a)
for (ii). As for (iii), if a person does exist in the scene, the image of the person should be covered
by some foreground regions in all views, so points on each 3D line samples are back projected to
all views for further verification. While the complexity of (ii) is very low once (i) is done, (iii) is
very expensive since each of the .back projection requires a computation of homographic
transformation.

Fig. 4.4 shows the procedure of determining whether two line samples obtained from two
different views are likely to represent the same person using various parts of (3.3). First, if the

denominator of (3.3) is not greater than zero, i.e.,

(OB'x OC)(OAxOD)), (3.4)
the reconstruction from the two line samples will have zero length. Thus, we can conclude that the
samples belong to different persons. Except for the special cases, which seldom occur in practice,
that one end or both ends of the two 2D line samples are reconstructed coincidentally that the
numerator of (3.3) is equal to zero™, (3.3) can be evaluated numerically to determine whether the
reconstructed 3D line sample may result from the same person(s) that further refinements and
verifications, e.g., (ii) and (iii), are needed.

Fig. 4.5 shows two numeric examples of the proposed line correspondence measure for some
line samples shown in Figs. 2.6(b) and (d). While a small value (0.0034) is obtained for Fig. 4.5(a)
where two line samples correspond to the same person, a larger value (0.0096) is obtained for Fig.
4.5(b) because of occlusion. A threshold of 0.01 is used in the experiments considered next to

determine whether |CR| is small enough.

12 This is also true for the approach described in Chapter 2.
B It is easy to see that in either case, which hardly occurs in practice, additional views are still needed to refine and verify the reconstructed 3D
line sample.

26



/ A pair of line samples /

Finite intersection?

(OB’xO_C’)-(Eﬁl’xO_D")>O% Y

One end coincides?

Two ends coincide?

|CR| is small enough?

¥ [CR'| < 0.01

Need further refinements
and verifications

Fig. 4.4. Procedure to determine w? i jles ar !Wpresent the same person.

Perfect match No match

(b)

Fig. 4.5. lllustration of numerical values of the proposed line correspondence measure (see text).
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4.4 EXperiments

In the following, we show the experiments of improvements described in Sections 4.1 and
4.2, respectively.

4.4.1 Applying the improvements described in Sections 4.1 and 4.2

In this subsection, improvements described in Section 4.1 are evaluated with several different
videos taken from both indoor and outdoor scenes, with different degrees of occlusion.
Comparisons with [25] and [26] are also included to show the proposed method can achieve
comparable correctness/accuracy in localization but with much higher computation speed.
Additionally, we investigate the performance of the proposed method with different numbers of

cameras and densities of line samples in an image.

4.4.1.1 Experiments for different degrees of occlusion with indoor/outdoor
sequences

The performance evaluation is‘implemented under Windows 7 with 4 GB RAM and a 2.4G
Intel Core2 Duo CPU, without ‘using any-additional hardware. Table 4.1 summarizes detailed
localization results of the proposed 3D line reconstruction method as well as three other methods.
In addition to our previous work [26], a modified version* of the approach proposed in [25], is
also implemented and tested. The proposed approach achieves the highest recall rates for S1-S3
while the other three methods achieve the highest precision rates for the three video sequences.
Similarly, very small difference (within.0.65¢cm)-among results obtained from these three methods
can be found for the accuracy of derived people location except for the method proposed in
Chapter 3. One can see the 3D line reconstruction method can achieve higher recall and precision
rates (+3%) than the method described in Chapter 3 for S3. Overall, the mean value and standard
deviation of (x-y) location errors of the proposed method for S1-S3, together, are equal to 10.70
cm and 5.90cm, respectively, which can hopefully be regarded as sufficient for many surveillance
applications™.

As for the computational speed, in frames per second (FPS), the values for different cases

listed in Table 4.1 are evaluated without including the cost of foreground segmentation. One can

¥ In our implementation, which also does not perform people tracking, binary images of foregrounds are adopted as system
input as the other two algorithms. A grid size of 100 x 100 is chosen for each of the twenty reference planes, with 10cm grid
spacing. A grid point on the ground is regarded as occupied if more than T, = 11 grid points with the same horizontal coordinates
(but on reference planes of different heights) correspond to image foreground in all (4) views. Then, connected component analysis
is applied to identify connecting occupancy regions. The connected occupancy regions with very small areas, i.e., smaller than 22%
of average area of such regions, are regarded as noise and are removed.

5 The errors are only calculated for correctly detected people locations, which contribute to the precision rates listed in Table
3.1, i.e., with location errors less than 30cm.
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Table 4.1. Localization results of sequences S1-S3.

Number
Sequence fra(r)r]:es y Method Recall Precision Me?:rﬁ)rror Frame per second
persons
Khan [25] 93.8% 95.7% 11.78(6.12) 0.46(0.003)
Lo [26] (CH2) 92.0% 95.7% 11.60(5.91) 11.62(1.008)
st 691/9 Lo [47] (CH3) 96.3% 95.9% 12.16(1.93) 30.74(0.47)
Lo [48]
oo 4184z %65 95.6% 11.42(5.89) 33.41(2.448)
Khan [25] 96.2% 98.1% 10.22(5.58) 0.46(0.003)
Lo [26] (CH2) 94.9% 97.3% 10.00(5.66) 12.05(1.201)
S2 77609 Lo [47] (CH3) 95.2% 95.3% 10.94(2.13) 32.06(0.52)
Lo [48] o 0
oo a1@az  %68% 97.0% 10.09(5.77) 31.53(3.089)
Khan [25] 93.3% 94.2% 10.93(5.87) 0.46(0.003)
Lo [26] (CH2) 93.3% 943% 10.28(5.99) 8.34(1.025)
S3 21112 Lo [47] (CH3) 91.9% 90.0% 11.32(1.69) 23.78(0.41)
Lofeg] 95.2% 93.6% 10.55(6.01) 21.61(1.646)

(Secs. 4.1 & 4.2)

see that speed-up of more than an order. of magnitude from the method in [25] can be achieved by
the proposed approach, with as much as 70 times _acceleration (near 2.7 times in speed
improvement from our previous approach in [26]) in the process speed of S1. While real-time
performance can be achieved for S1 and S2, the computation speed is down to a near real-time
21.61 FPS when the number of people increases to twelve®®. Note that for [25] the computation
times (in FPS) are about the same for different cases. This is because the time complexity in the
generation of synergy maps is mainly depends on the size of each image frame and the total
number of views. In addition, the computation speed of the 3D line construction method is quite
similar to the method described in Chapter 3. However, the 3D line construction method can
achieve higher recall and precision rates if the scene is more crowded, i.e., S2 and S3.

Although the above evaluations show that the proposed method can often provide reasonable
good localization results, there are extreme cases of poor foreground segmentation which cannot
be well handled with the proposed method. Figs. 4.6(a)-(h) show localization results and
foreground regions for the 51th frame of S1. In Figs. 4.7(a) and (e), one can see the foreground

segmentation of a person (in red circle) is very poor because of reflections as well as clustered

18 This is because the computational time is dominated by the number of 2D line samples, which will grow with the area of foregrounds.
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Fig 4.6. A failure example of the proposed method. (a)-(d) The localization results (illustrated with
bounding boxes) of four views. (e)-(h) Corresponding foreground regions and 2D line samples.
(i) 3D line samples to represent different persons in the scene.

Fig. 4.7. An example of miss detections and false alarms of S3. (a) Segmented foreground regions and 2D
line samples. (b) 3D line samples to represent different persons in the scene. (¢) The
localization results illustrated with bounding boxes. Note that corresponding colors are used in
(b) and (c) for different groups/bounding boxes after grouping.

(a) (b)

(a) (b)

Fig. 4.9. Localization results for scenario S5.
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background (see green arrows). Consequently, lesser 3D line samples are retained after the
screening process, as show in Fig. 4.6(i), resulting a failure. Since some more 3D line samples can
still be reconstructed correctly for that person as different time instances, erroneous results are
generated for only 3 out of 20 frames (from frame 41 to frame 60), compared with 13 erroneous
frames obtained from the method in [25].

On the other hand, problematic results may also be generated due to very serious occlusions.
Firstly, as shown in Fig. 4.7, there may be ground region that is covered by foregrounds in all
views. No matter a person does exist or not, a 3D MA will be generated. If such a 3D MA cannot
be filtered out by the aforementioned geometric rules, a false alarm will occur (see the yellow
arrow in Fig. 4.7(c))*’. Secondly when the distances between people are too small (see the red
arrow in Fig. 4.7(c)), their 3D line samples will be grouped into the same group (see Fig. 4.7(b))
resulting in two miss detections and one false alarm. This is because, for localization efficiency,
the grouping scheme only determines whether the distance between two line samples is smaller
than a threshold when grouping 3D line samples*®. (More detailed discussion of the effect of the
distance threshold can be founded in/Appendix B.)

To further evaluate our method for outdoor environment, S4 and S5 are captured from a real
scenario with image resolution of 360 x 240. In general, working in such an environment may be
challenging for visual surveillance systems since there are more time varying factors such as
illumination for object, speed of wind, and shadows of various strength. For the real scene under
consideration, groups of people of different sizes are walking quickly through the monitored area'®
(green polygons in Figs. 4.8 and 4.9). Thus, less-image frames are captured for S4 and S5 than
those in S1-S3. Figs. 4.8 and 4.9 show snapshots of localization results for S4 and S5, respectively,
with more statistics summarized in Table 4.2. One can see that the correctness/accuracy level
similar to that shown in Table 4.1 can be achieved with the proposed approach except for larger
differences between (i) recall and precision rates for S4, and (ii) mean localization errors for S4
and S5. Such differences may result from higher probability of the aforementioned occlusions for
people walking together along a passage and/or complexities associated with an outdoor scene.

In practice, due to significant differences between the indoor and outdoor scenes where video
sequences S1-S3 and S4-S5 are captured, respectively, different parameter values may need to be
selected to achieve desirable localization results. In the next Subsection (4.4.1.2), effects of
choosing different densities of 2D line samples in each image, as well as incorporating different

7 Such a problem may be eliminated by adopting additional temporal information.

8 To partially resolve this problem, a heuristic scheme is applied in our method. If a group containing a larger number of 3D line samples, it
will be divided into two groups. Specifically, we calculate the average number of 3D line samples, Nc, in all groups, and divide a group into two
groups if it contains more than more than 2N¢ line samples.

% It is assumed that the evaluation of people localization is only preformed for the monitored area.
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Table 4.2. Localization results of sequences S4 and S5.

Number
Sequence " of Method Recall Precision Mean error Frame per second
rames/ (cm)
persons
Khan [25] 97.7% 91.1% 9.08(5.30) 0.46(0.003)
Lo [26] (CH2) 90.0% 75.4% 8.84(5.62) 12.05(1.201)
/6-
st 7067 Lo [47] (CH3) 97.0% 86.1% 10.11(1.97) 22.90(2.26)
Lo [48]
(Secs. 4.1 & 4.2) 97.5% 89.8% 8.57(5.05) 31.53(3.089)
Khan [25] 97.1% 97.8% 11.48(6.25) 0.46(0.003)
Lo [26] (CH2) 97.5% 91.0% 11.37(6.52) 8.34(1.025)
5 4ort Lo [47] (CH3) 94.3% 94.3% 11.27(2.61) 21.26(1.24)
Lo [48]
(Secs. 4.1 & 4.2) 95.0% 96.0% 11.70(6.02) 21.61(1.646)
Table 4.3. Results of using. different numbers of cameras.
Number of cameras 3 4 5

Recall 95.4% 96.2% 98.3%

Precision 85.7% 95.0% 96.6%

Localization error (cm) 11.30 10.70 10.13

Frames per second 75.57 29.48 24.16

—e—Recall
88— Precision
1 16 200

T 8 £ 100

Pixel spacing (pixel) Pixel spacing (pixel)

(@) (b) (©)

Fig. 4.10. Results of using different line densities (pixel-spacings, see text) with four cameras. (a) Recall
and precision. (b) Localization error. (¢) Computation speed.

numbers of camera in the proposed localization system, will be investigated (only for the indoor
scene for brevity). While the two associated parameters will determine the initial amount of data

to be processed by the proposed algorithm, other parameters will be used to tune the algorithm for
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better performance under different environmental conditions, as will be discussed in Appendix B.

4.4.1.2 Experiments for different numbers of cameras and densities of
sampling

To investigate the relationship between performance of localization and the numbers of
cameras, the indoor scenarios S1-S3 are examined with an additional view captured from a
different camera, and the results are presented in Table 4.3. One can see that while similar recall
rates can be obtained by using different numbers of cameras, the precision rate of using three
cameras is much lower than if four or five cameras are used. This implies that using only three
cameras may not be sufficient when there are serious occlusions. In addition to above performance
indices, adding more cameras also improves the system performance in terms of the localization
accuracy. However, if slight degradations in these performance indices are acceptable, a set of
four cameras may be used if hardware (cameras) cost is of major concern.

In order to investigate the influence of densities of sample lines in an image on the
localization performance, a very simple sampling scheme is adopted in our method. In particular,
the line samples are originated from the vanishing point to equally-spaced image pixels at the
bottom row of the captured image. Fig. 4.10(a) shows the decreases of both the recall and
precision rates with such pixel-spacing®’. One can see that for spacing less than ten, similar recall
and precision rates can be obtained, and a larger spacing seems to capture inadequate information
for localization. Fig. 4.10(b) shows ‘that the localization errors are growing slightly with
pixel-spacing. Whether the localization errors due to-different pixel-spacings are acceptable will
depend on applications under consideration. Finally, Fig. 4.10(c) shows the growth of computation
speed with pixel-spacing. Again, the choice among different pixel-spacing will depend on the

requirement of system performance.

4.4.1.3 Exploring for more challenging scenes

As a preliminary investigation of possible extensions needed for the proposed approach to
work for more challenging scenes, a busy street scene is considered in this subsection (4.4.1.3).
Fig. 4.11 shows people localization results obtained by directly applying our algorithm, for the
monitored area marked in green®, for a time instance while six persons are crossing a street.
Besides failure cases mentioned earlier (the red arrow indicates the merge of two persons, as in

Fig. 4.7), additional interferences from non-human foreground objects (vehicles) include: (i)

2 While a spacing of 5 pixels is selected for S1-S3, a spacing of 4.4 pixels is selected for S4-S5.
2 Similar to the experiments conducted on S4 and S5, the evaluation of people localization is only preformed for the monitored area, and the
image resolution is 360 x 240.
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vehicle-people occlusion and (ii) presence of vehicles in the monitored area. While (i) can be seen
in all four views but does not result in a problem in this case, (ii) does cause a false alarm (shown
as a big (dark purple) group in Fig. 4.11(i)). Overall, the recall and precision rates for this
challenging scene are evaluated as 80.9% and 80.2%, respectively, for a total of 108 image

frames.

4.4.1.4 Summary

Instead of using all foreground pixels, line samples from multiple views are used to find
possible 3D line samples of human body efficiently. While our earlier approach in [26] is a direct
extension of the approach in [25] in that projection of pixels (lines in [26]) are computed for
horizontal planes first, the algorithm presented in this Section 4.1 reconstructs the above samples
in the 3D space directly. Additional efficiency of the proposed approach arises from effective
screening of these 1D samples using new geometric constraints of the body. Such efficiency is
crucial for certain surveillance applications which demand prompt attention (and high processing
speed) with people localization being part of the complete process?’. Experimental results
demonstrate that the proposed method can-handle serious occlusions in quite crowed scenes to
provide localization results with correctness and accuracy, and localization accuracy, comparable
to that attained with a modified version of [25], but with much higher processing speed.
Additionally, because the proposed localization approach is based on 3D reconstruction/sampling,
it is possible to extend the approach to track people in the 3D space?.

4.4.2 Applying the improvements described in Section 4.3

For the screening procedure shown in Fig. 4.4, the filtering results for S1-S3 are shown in
Table. 4.4. One can see the first step, by evaluating (3.4) only, can already filter out about 50% of
total line sample pairs, and only about 7% line samples will be reconstructed for further
processing. The evaluation is performed with a PC with 4 GB RAM and a 2.4G Intel i5 M520
CPU. As for the overall performance in people localization, one can see from Table. 4.5 that while
recall, precision, and localization errors of the accelerated method are comparable with that in [26],
the execution speed is more than three times of that in [26] for all sequences. We also applied the
line correspondence measure to improve the efficiency of the method described in Section 4.1.
Table 4.6 shows less acceleration compared to Table 4.5 because the computation cost of the rest
processes of the method described in Section 4.1 is much lower than those in [26].

% For example, while localization-based people tracking is often needed in intruder detection and abnormal behavior detection, if such functions
are to be implemented with no special hardware for acceleration, our approach will have better chance of fulfilling the requirement of real-time
performance than that presented in [25]. As another example, effective people tracking based on the localization results may need to be developed
for similar applications, which may be more sophisticated than that presented in [25] and implemented without any special hardware.

% To that end, constraints for human standing on the ground plane should be removed, which include Rules 2-4
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Fig. 4.11. A more challenging localization example for a busy street scene. (a)-(d) The localization results

(illustrated with bounding boxes) of four views. (e)-(h) Corresponding foreground regions and
2D line samples. (i) 3D line samples to represent different persons in the scene.

Table 4.4. Filtering results of Fig. 4.4.

Sequence Total pairs No match pairs Reconstructed pairs
S1 8282914 52.3% 6.3%
S2 8550765 48.9% 7.7%
S3 4298920 48.2% 6.7%

Table 4.5. Localization results of sequences:S1-S3.

Sequence Method Recall Precision = Mean error FPS
Lo [26] 93.7% 95.1% 11.07 26.69
>t Lo [49] (Lo [26] + Sec. 4.3) 94.8% 95.1% 11.05 83.46 € (3.12X)
Lo [26] 94.6% 94.2% 9.57 26.33
> Lo [49] (Lo [26] + Sec. 4.3) 97.0% 93.1% 9.53 76.60 € (2.90x)
Lo [26] 92.3% 91.9% 9.57 18.09
5 Lo [49] (Lo [26] + Sec. 4.3) 91.7% 95.6% 0.87 63.79 € (3.50x)

Table 4.6. Localization results of the method proposed in Sections 4.1, 4.2, and 4.3.

Sequence Method Recall  Precision Mean error FPS
Lo [48] (Secs. 4.1 & 4.2) 96.50% 95.60% 11.42(5.89)  127.80
> Lo [48, 49] (Secs. 4.1, 4.2, and 4.3)  93.83% 95.53% 11.25(5.93) 186.91<(1.46x)
Lo [48] (Secs. 4.1 & 4.2) 96.80% 97.00% 10.09(5.77)  121.93
> Lo [48, 49] (Secs. 4.1,4.2,and 4.3)  96.35%  96.69% 9.82 (5.57) 173.73¢(1.42x)
Lo [48] (Secs. 4.1 & 4.2) 95.20% 93.60% 10.55(6.01) 86.71
> Lo [48, 49] (Secs. 4.1, 4.2, and 4.3)  93.60% 94.53% 10.59(6.01) 140.12¢ 1.61x)
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4.4.2.1 Summary of the experiments

A correspondence measure of 2D line segments in two different views is proposed. Such a
measure can handle line segment of arbitrary configuration in the 3D scene and is view-invariant,
i.e., same measurement can be obtained quantitatively from either one of a pair of views. Besides
we also proposed a line-based people localization scheme by applying such a measure to improve
the efficiency of the method described in [26] and Section 4.1. By verifying whether 2D line
samples from different views belong to the same person, computations associated with invalid 3D
line samples, which are resulted from different persons, can be avoided. Experiments are
performed for videos of crowded scenes with various degrees of occlusion. Overall, people
localization results, in terms of correctness and accuracy, comparable to the two localization
methods can be obtained, but with more than 1.42 times increase in computation speed. Other
applications of the proposed line correspondence measure, e.g., in robot SLAM, are currently

under investigation.

4.5 Summary

In order to enhance the efficiency of [25], we propose a vanishing point-based line sampling
technique in [26] (Chapter 2). While the main idea of the approach presented in [25] is to project
dense 2D samples (image pixels) onto multiple (horizontal) planar surfaces in the 3D space
(before these data are fused into 3D ebject distributions), it is simplified in [26] by projecting 1D
image samples®, i.e., lines passing through the vanishing point of vertical lines in the 3D space,
instead (before their intersections are grouped into 3D line samples of the crowd through
grouping). To further improve the efficiency of people localization, a novel approach is proposed
in this chapter which projects the above line samples directly into the 3D space, i.e., along a fan of
vertical planes originated from the vertical axis containing the camera center, to generate possible
1D (vertical line) samples of the 3D object®. Since realistic constraints of a human body can be
adopted to refine and to verify these object samples, localization results compatible with those in
[25] can be achieved, but with more than an order of magnitude in processing speed. Furthermore,
we proposed a view-invariant correspondence measure of line segments in different images in

Section 4.3 to improve the efficiency of the method proposed in [26] and Section 4.1.

2 In the rest of this thesis, we will referred to these samples as 2D line samples.
% In the rest of this thesis, we will referred to these samples as 3D line samples.
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Chapter 5
Error analysis of 3D line reconstruction from
Intersection of two triangles

In Chapter 3, we proposed a people localization method which is based on 3D line
reconstruction from intersection of two triangles and can achieve high recall and precision rates.
An empirical error analysis scheme for similar 3D line reconstruction is developed in this chapter
for a simple pointing system. The related error analysis results are expected to further improve the

accuracy for the people localization method mentioned above.

5.1 Motivation

For many HCI applications, pointing directions of a user can be transformed conveniently
into instructions such as asking a robot to move to desired positions or controlling a computer by a
virtual mouse. While real-time computations of the pointing direction (and its target) for a user are
often needed, accuracy and stability of the computation are the most desirable attributes of such
pointing systems.

In some pointing systems, human hands are exploited to give instruction via associated
direction vectors. For example, the connected line from the.finger root to the fingertip is
recognized as a pointing direction in.[30], while the pointing direction is connected from head to
hand in [31]. Similarly, one eye and one.fingertip are consider to form a direction vector in [32],
while similar vector is established by connecting @ line from shoulder to arm in [33]. Instead of
using skin color to detect pointing direction of a human hand, as in [31, 32], motion analysis of
feature points of user’s hand is adopted to estimate the shoulder point and the direction vector in
[34]. In [35], a vision-based method is proposed to find the pointing directions which are extended
from head to hand. In addition, artificial neural networks are used to find head orientation to
improve the accuracy of pointing results. In general, to locate the pointing position in a 3D
environment, some forms of 3D reconstruction need to be carried out to determine the direction
vector. In [32, 33, 35, 36], 3D voxels of a pair feature points used in the pointing are calculated
before such a vector is formed.

In order to study the accuracy and stability of pointing, a real-time, vision-based system
similar to that presented in [31] but with pointing direction specified by a pointer is implemented
(see Fig. 5.1). By considering the intersection of planes in the 3D world, the system first calculates
two planes each formed by two endpoints of the pointer and the center of one of the two cameras.
The intersection of these two planes then forms the direction vector. Instead of explicitly deriving

37



I ' ‘ IRS.,/. IR.E
Lsee 1)
| \ .
/ "”"""P
————————————————— HP
Z\ ‘
&
) S— 7TR ; HL ‘
. l X
R ;
RS | | ]
Rgpr@ Ry .

Fig. 5.1. Configuration of the pointing system and the reconstruction of a pointing point.

intrinsic and extrinsic camera parameters, the approach. only needs the camera positions, and
needs to calibrate the homographies, providing distortion in* the camera from perspective
projection is fixed.

For all pointing systems, different forms.of measurement-and computation errors can be
generated during the reconstruction of the pointing line, which has five degrees of freedom, and a
clear understanding of these errors may greatly.-improve the applicability of such systems.
However, existing error analysis schemes are mainly concerned with planar localization, based on
image data acquired by a single camera [37-41], as well as reconstruction of 3D point features
using stereo cameras [42-45], which only have two/three degrees of freedom. In the following, an
efficient error analysis scheme is established for an experimental pointing system by evaluating
the error range of pointing results on a projection plane, e.g., a screen, with image data assumed to
be corrupted by additive noises, as in some of the above approaches. Hopefully, with the help of
such analysis, more robust pointing results can be achieved by selecting the most appropriate
pointer positions, or pairs of cameras, that will result in minimal range of pointing error. In
addition, more accurate people localization method can be achieved. While a pointer with bright
color is used here to greatly reduce the influence of certain sources of error, e.g., those due to
errors in image feature extraction, the error analysis results will provide an upper bound of
pointing accuracy for systems using different pointers, e.g., those discussed in [30-33, 35, 36], if

similar reconstruction process is adopted.
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Fig. 5.2. Noise circles (simulated points) for the pointer endpoints located in stereo images shown in Fig.
5.1, and their CICTs (see text).

5.2 An experimental pointing system

In this section we describe the configuration of a simple experimental pointing system used
in this thesis which is similar to.[31] but using homographic transformations to derive the pointer
direction. The system uses two cameras mounted on the ceiling, four reference points on the floor,
and a projection plane perpendicular to'the ground (see Fig. 5.1).2° A two-fold simplification is
associated with such a pointing system. First, unlike in [30], [32] which use color and brightness
to find hand region, we use a pointer with bright.color to reduce the complexity in feature
extraction. Second, unlike in [31] and [33], the simple camera calibration similar to that used in
[30] is adopted for 3D reconstruction based on homographic transformations. With such a
simplified system configuration, the errors generated during the reconstruction process can be
studied more easily and understood more clearly.

In the proposed approach, the left and right images are acquired simultaneously from the two
cameras. For each of the stereo images, the image pixels of the pointer are obtained through a
preprocessing step (see Appendix), and we calculate a best-fit line of these pixels via principal
components analysis (PCA). The line intersects the bounding box of the above image pixels at two
points, which are then regarded as (extended) endpoints of the pointer in the image. In this section,
the two sets of pointer endpoints are denoted as {l.s, I.e} and {lrs, Ire} for the left and right
images, respectively.

% The coordinates (in cm) of the two cameras C, and Cg are (192, 365, 264) and (493, 122, 264), and the coordinate of the four corners of the
projection plane are (115, 0, 243), (115, 0, 108), (295, 0, 108), and (295, 0, 243). In general, the pointing system can be used to identify a
non-planar object at various locations in the 3D space. The projection plane is included here for demonstration purpose only.
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Once the positions of the above endpoints are located in the left and right images, we use
homographic transformation to find their projections, Ris, Rig, Rrs, and Rge on the ground plane,
as shown in Fig. 5.1.*" Thus, plane 7. which contains Rys, R.g, and the center of the left camera
C., and plane zr which contains Rgs, Rre, and Cr can be reconstructed. Planes =, zr, and the
projection plane zp will then intersect at the pointing position P. Finally, we transform P into the
2D coordinate of the monitor screen through another homographic transformation, and display the
reconstructed pointing position (RPP).

With the above simple reconstruction process (see Appendix), there is no need to find all
camera parameters, as required in typical 3D reconstruction approaches, and the pointing system
can operate efficiently in real-time. However, noises in the imaging process may result in
reconstruction errors and thus unstable pointing position. To understand the influence of such
undesirable effects, and hopefully to develop a scheme to reduce the influence accordingly, an
efficient error analysis approach to the estimation of pointing errors is proposed and presented

next.

5.3 Error analysis

For the real world implementation of the pointing system.described above, the RPP and
actual pointing position are not always the same. Such discrepancies can be categorized into (i)
static and (ii) dynamic errors. Static errors:such as digitization,.lens distortion and measurement
errors are almost unavoidable. For example, when we determine the positions of four reference
points on the ground and image planes, for calculating the transformation matrix between the two
planes, computation or measurement errors may occur. Such errors can be corrected by an
additional homographic transformation, and may even be unnoticeable to a user in reality because
of the simultaneous self-adjusting ability resulted from the visual feedback during the pointing
operation. However, dynamic errors may cause obvious jitters in RPP, which are usually
unacceptable. Thus, the error analysis discussed in this chapter will focus on (ii).

There are several sources of the dynamic errors, and a major one is due to noises associated
with image acquisition. For example, pixels of the pointer region are identified in each of the
stereo images before the PCA is performed; however, size and shape of the region may change

with time because of illumination changes and influences of noise from the camera sensors®. In

2" The corresponding transformations, Hy (for l.x — Rix, X = S, E) and Hg, are found in advance by using positions of four reference points
marked on the floor (not shown in Fig. 1), and their positions in the stereo images.

% Influences from more complex situations, e.g., when the pointer’s color is close to the background, are not considered in this chapter since
highly dynamic segmentation errors of the pointer due to pointer-background interaction may be so large that the error analysis of the RPPs will
make no sense. (Similarly, extraction of reference points in the system calibration stage is also assumed to be free of such complex situations.) In
general, more involved segmentation schemes will be needed to resolve such a problem, which is out of the scope of this chapter. One way of
resolving such a problem is to employ special hardware in the system setup, e.g., attaching blinking LEDs [24] to the pointer.
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the following, some error analysis methods will be developed to investigate the influence of
dynamic errors on the RPPs of the proposed systems. The goal is to correctly and efficiently
identify the range of error in the position of RPP.

For the pointing system shown in Fig. 5.1, zp, C and Cg are fixed in position; therefore, RPP
is decided by the reconstructed planes 7. and zg, and in turn decided by pointer endpoints I.s, I_g,
Irs and Ige. The process of the extraction of these points from stereo images is often influenced by
the imaging noises mentioned above. As a result, the obtained pointer endpoints are not stable, so
is the calculated RPP. Thus, the deviation of the RPPs due to the variations of Iis, I, Irs and Ige
will be the main focus of this chapter.

For a preliminary examination of the above deviation, simulated noises of unit magnitude are
added to these pointer endpoints. In particular, 24 simulated points placed evenly (with 15
spacing) along “noise” circles with radius of 1 pixel are generated for I.s = (188,158), I g =
(247,189), Irs = (159,142), and Ire = (226,155) in Fig. 5.1, as shown in Fig. 5.2. In each run of the
simulation, four points, each selected from one of the above four circles, are selected as endpoints
of the pointer in the stereo images to reconstruct a. RPP.using aforementioned homographic
transformations. Fig. 5.3(a) shows all 24* RPPs (in red), with the convex hull of them (the range
of reconstruction errors) shown in Fig=5.3(b), computed from-the 24 x 4 simulated points.

In general, it is desirable to have such a range calculated-more efficiently, e.g., with less
simulated endpoints of the pointer. However, a direct reduction in the data size may underestimate
range of reconstruction errors. Forexample, the blue region in Fig. 5.4 is obtained by using only 4
points (with 90°spacing) from each noise circle shown in Fig. 5.2.

From some close examinations of the relationship between the above reconstruction errors

and the locations of the four simulated endpoints of the pointer obtained from Fig. 5.2, it is found

that the error range is mainly due to (two) extreme values in the slopes of 11" (@and Tgs'Te").

Based on such an observation, we then try to use only the contacts of the internal common
tangents (CICTs) of the two noise circles in each of the stereo images (see Fig. 5.2 for such
tangents). The range of reconstruction error thus obtained is also shown in Fig. 5.4 (as four points
connected by black line segments). One can see that such results almost coincide with that
obtained using all (24) points from each noise circle of simulated points shown in Fig. 5.2. A
closer examination can be carried out by comparing the coordinates of the vertices shown in Fig.
5.4, as listed in Table 5.1. Thus, estimation of the error range from a larger number of the
simulated points (24 x 4) can be replaced by using only the 8 (2 x 4) CICTs with negligible
change in the estimation, and with the number of reconstructed RPPs reduced greatly (from 24* to
2%.
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Fig. 5.3. (@) RPPs for simulated points shown in Fig. 5.2. (b) Range of reconstruction errors (with
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Fig. 5.4. Error range shown in Fig. 5.3(b) (red), similar range but obtained by using only 4 points (with

90- spacing) from each noise circlein [Fig. 5.2 (blue), and error range based on internal
common tangents (black, see text).

Table 5.1. Coordinates of the vertices shown in Fig. 5.4.

Xmax Xmin Ymax Ymin
(blue) 535.9857 455,9600 395.6483 330.5393
(red) 539.2251 453.4022 397.8248 328.1907
(black) 539.2422 453.2395 397.8823 328.1027

The above observations regarding CICTs of two noise circles, i.e., a RPP of a pointer from
stereo images will be displaced much more when the pointer is rotated than if it’s translated with
comparable amount of movements of its endpoints, can be explained with a simple example, as
discussed in the following. Consider a pointing system with geometric configuration similar to
that shown in Fig. 5.1, and assume the pointer is initially perpendicular to the projection plane.

When the pointer is translated by k in a direction parallel to the projection plane, the RPP will be
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translated by k too. However, if we fix the endpoint of the pointer which is far away from the
projection plane as the center of rotation and rotate the pointer by 6 degrees such that the other end
of the pointer is displaced by k = r, with r being the length of the pointer, the RPP will have a
displacement of £’ > 6d with d being the distance from the pointer to the projection plane. One can
see that if d >> r, which is often the case in various pointing situations, the amount of movement
of RPP with a rotated pointer is much larger than that due to a translated pointer, or £’ >> k. Such
an example reasonably explains why the estimated maximal error range (EMER) efficiently
obtained using CICTs can represent the real error range with high accuracy, as the CICTs give the
limits of the rotation angle of the pointer, with its end points confined to two noise circles in each
of the stereo images.

The use of unit circle for noise is only to provide a baseline for error estimation, which can in
fact be adapted for specific applications. For pointing systems based on the estimation of two ends
of an elongated pointer, the idea of CICTs can be generalized easily and applied to the spatial
supports, regardless of their shapes®, of the error distributions of the two points to estimate the
EMER of the pointing position. Such supports can be obtained for a static pointer in each view by

observing its two ends for some time.

5.4 EXxperiments

In order to clearly verify thevalidity of the EMERS with respect to actual error distributions,
we focus on the static pointing situation in the experiments, i.e., we fix the pointer in space and
measure the locus of RPPs. Thus, additional sources interferences, e.g., due to multi-camera
synchronization and/or motion blur of a moving pointer, can be avoided. The error analysis results
obtained here can be applied in the future to situations involving highly dynamic pointing
situations if these interferences can be well controlled or even eliminated, e.g., via better imaging
hardwares. We will first examine the proposed error estimation method by placing the pointer at a
position, and pointing to a position on the projection plane. Then, pointing results obtained by
selecting of a pair of cameras for each RPP according to the EMERs are compared with those
obtained by using all cameras.

Figs. 5.5(a) and (b) show an orange stick which is fixed in the workspace and is used in the
experiment as a pointer. In Fig. 5.5(c), the purple quadrilateral shows the EMER obtained for
simulated 1-pixel error in point feature extraction, while the red dots are the actual positions of
RPPs found by the pointing system during a period of 30 seconds. One can see that the latter is
well bounded by the former.

2 For example, error distributions can often be described by elliptical Gaussian blobs.
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Fig. 5.6. (a) Layout of the synthesized room. (b) Pointing positions on the projection plane.

The actual errors and estimated errors have a nice match in their distributions which are spatially
highly directional. In particular, the locations of the RPPs are now distributed in a fairly narrow
region, with its elongated direction well predicted by the EMER.

To further investigate the relationship between EMERs and different pointing positions, and
with respect to different camera pairs, a synthesized room of size 500cm by 500cm is built. Fig.
5.6(a) shows the top view of the layout of the room. Cameras C;, C,, C3 and C4, marked as crosses,
are mounted on a ceiling of height 250cm while pointing toward the center (250, 0, 250) of the
room. The red line represents the pointer and the green line corresponds to the projection plane, on

which a user will point to nine fixed pointing positions Py, P, ..., Pg as shown in Fig. 5.6(b). The
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Table 5.2. Suggestion of camera pairs.

gg;ﬂ};nngs Camera pairs for smallest error range
P C:&C4
P, C:&C,
Ps C1&C;
Pq C:&C4
Ps C1&C, or C,&C5
Ps C1&C; or C,&C,4
P C:&C,
Ps C:&Cy
Py C.&C,

resultant EMERs computed for different camera pairs are shown in Fig. 5.7. Because of the
left-right symmetry of camera configuration with respect to the pointer (which is located 100cm
above ground level), highly symmetrical patterns of EMERSs can be observed.

The above EMERS can serve.as good references for a user to select camera pairs that will
achieve the highest stability in the pointing process. Table 5.2 shows such suggestion of camera
pairs for each of the nine pointing positions®®, which correspond-to the minimum areas of EMER.
On the other hand, huge EMERS in Fig. 5.7 also indicate inappropriate camera pairs e.g., C1&Cs
in Fig. 5.7(c) and C,&C, in Fig.:5.7(d), that may result in highly unstable pointing and should be
avoided. One of such EMERs of C31&C; occurs while the pointer is pointed toward P,. The
problem is due to the very short pointer extracted in-one of the pair of images (see Figs. 5.8(a) and
(b)), which is highly sensitive to image noise and may cause huge reconstruction errors. Similar
problem occurs when the pointer is pointed toward Pg (see Figs. 5.8(c) and (d)). Note that some of
EMERs shown in Fig. 5.7 are highly directional. Thus, suggestions other than those listed in Table
5.2 are possible if requirements of pointing accuracy for a particular application are not isotropic.

Fig. 5.9 shows similar experiment results obtained by moving the pointer left 150cm. The
EMERs shown in Fig. 5.9 are not symmetrical due to the lack of symmetry in the geometry of
system configuration. However, the huge EMER shown in Fig. 5.9(a), which does not correspond
to a very short pointer in the image, as shown in Fig. 5.10, it is due to the fact that the

reconstructed planes zg and 7z, are almost parallel to each other.

% These positions are mainly used to show that if arbitrary camera pairs are adopted for different locations on the projection plane, the resultant
RPPs may be too unstable to be useful. For other locations, the trend of RPP stability may be estimated via interpolation, which is omitted for
brevity. On the other hand, since the proposed CICT-based error analysis is extremely efficient, the EMER, as well as the preferred camera pair,
may be estimated on the run, as the pointer ends are extracted, for arbitrary RPP and user (and pointer) locations. The above arguments can also be
applied to the next set of experiments which use selected (200) pointer locations to show that using unit circles is as good as using more precise
(often smaller) circles to simulate noises in terms of helping the user to avoid camera pair(s) of worst stability performance.
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Table 5.3. Pointing errors of the two methods for the
pointer placed at (250, 100, 350).

Pointing Mean error (standard deviation)cm

position Our method [31]
P 4.04(2.04) 4.16(2.32)
P, 5.96(3.78) 6.35(3.66)
Ps 13.35(8.14) 24.48(11.73)
Py 1.67(0.92) 1.58(0.87)
Ps 5.09(2.91) 4.33(2.21)
Pe 7.64(4.02) 7.10(3.50)
P 4.14(2.36) 3.79(2.31)
Pg 6.70(4.23) 7.40(4.09)
Py 12.90(8.44) 24.74(10.09)

A comparison to using all cameras

While the goal of the proposed error analysis Is to identify one of camera pairs that will result
in best pointing performance in terms.of pointing stability, the underlying assumption is that when
highly unstable RPPs are reconstructed with data obtained from using all cameras, the problem
can be alleviated by not using inappropriate cameras. (or.camera pairs) if possible. For example, if
more than two cameras are used for the painting system shown in Fig. 5.1, the proposed approach
will choose two cameras to find the 'RPP, while a least square solution of RPP can be found by
using all cameras, as in [31].! To verify the above assumption, additional experiments are
conducted for the simulation environment described in Fig. 5.6, with additive noises.

Table 5.3 shows pointing errors generated by (i) the proposed method which selects a camera
pair for each pointing position (from P; to Pg) according to Table 5.2°2 and (ii) the least square
approach discussed in [31] which uses all cameras.®* One can see that similar pointing accuracy
(within 0.76cm) can be achieved by both (i) and (ii) for all pointing positions, except for P3 and Pqg
which correspond to the largest pointing error on the average for both methods. Intuitively, one
would expect that most unstable pointing results will be generated for these two points, as shown
in Fig. 5.11(a), since they correspond to the smallest angle between the pointer and the projection

plane. Note that up to 47% reduction (from 24.74cm to 12.90cm) in mean pointing error can be

® For [31], the pointing direction is defined by the hand-head line, and the RPP is obtained as the least square solution of the intersection of
projections of this line on the projection plane from all cameras. If there are only two cameras, as shown in Fig. 1, the two approaches will generate
identical RPP.

® For Ps (Ps), C,&C; (C,&C,) are selected.

* To ensure a fair comparison, the two end points of the pointer adopted in our system for error analysis are used to define the pointing line in
each camera view for both (i) and (ii).
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Table 5.4. Pointing errors of the two methods for the
pointer placed at (100, 100, 350).

Pointing Mean error (standard deviation)cm

position Our method [31]
P1 2.12(1.11) 3.11(1.14)
P, 4.28(2.80) 4.84(3.04)
Ps 9.43(6.82) 11.39(7.28)
P4 2.67(1.82) 4.11(2.05)
Ps 3.40(1.71) 6.63(3.38)
Ps 5.99(3.04) 14.40(8.64)
P7 7.02(5.10) 14.86(6.97)
Ps 7.23(4.75) 11.51(5.46)
Po 10.87(5.07) 19.01(13.72)
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(c) (d)
Fig. 5.8. (a) Image captured by C, when the: p0|nter is pointing toward P,. (b) Image
captured by C; when the ‘pomIer is pomlmg toward P,. (c) Image captured

by C, when the pomter ls pomtlng towaTd’Pe. (d) Image captured by C,4

achieved with the proposed. :ca'mera selectIOﬂ §cheme -'for these worst case scenarios.
Additional observations can Qe made fo 'more generai system configurations wherein the

pointer is moved left by 150cm- from t .'_“f"'_.spe(:lfled above as _shown in Table 5.4. Unlike the

nearly symmetric pattern shown 1n":‘1g.:'5 11(a) the correspondlng distributions of the RPPs
shown in Fig. 5.11(b) are not symmetrlo’), hce the camera locations are no longer symmetric with
respect to the pointer position. Again, more than 40% reduction (from 19.01cm to 10.87cm) in
mean pointing error can be achieved for the worst case situation with the proposed approach
compared with the least square one. The above results suggest that the camera selection scheme
based on the efficient error analysis proposed in this chapter can indeed help the pointing accuracy

and stability.

5.5 Summary

In this chapter, a simple and real-time pointing system is implemented so that the pointing error
can be examined closely. A pointer with bright color is used in the pointing process to reduce the
complexity in extracting its direction in an image, and error ranges in the pointing position are
estimated by synthetic image noises. To greatly increase the efficiency of the estimation, a fast
analysis method is developed which only utilizes an extremely limited subset of noise data. With
the help of such analysis, suitable operation positions may be suggested to a user of similar
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Fig. 5.9. Estimated maximal error ranges for the pointer moved left 150cm for different camera pairs: (a)
Cl&CZ. (b) Cz&Cg. (C) Cl&C3. (d) Cz&C4. (e) Cl&C4. (f) C3&C4.

pointing systems if the pointer can be used in different locations in a 3D workspace. Moreover, in
a multi-camera environment, the overall pointing operation can achieve smallest error ranges, and
most stable pointing results, by automatically selecting a pair of cameras based on the proposed
error analysis scheme. While experiments are conducted and studied in this chapter for static
pointing situations, the proposed approach is applicable to more dynamic situations, e.g., in
applications wherein instructions are given via various trajectories of pointing positions. However,
the error analysis method cannot be applied directly to our people localization system because the
line correspondences between different views are unknown. Further investigation is needed to

address such an issue.
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Fig. 5.10. Image captured by C; when the pointer is pointing toward P-. (b) Image captured by C, when
the pointer is pointing toward Ps.
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Chapter 6
Conclusions and future works

In this thesis, three people localization methods using the vanishing points of vertical lines
and binary foreground regions are proposed. The vanishing points are used to generate 2D line
samples of foreground regions in multiple views efficiently. These 2D line samples can provide
sufficient information (evidence) and enable the generation of 3D line samples for potential
people locations. Additionally, a grid-based footstep analysis, followed by 3D line sampling, is
proposed to find potential people locations. Thus, the costly 3D reconstruction can be avoided
while the computation speed can be improved. Furthermore, to improve the efficiency of the first
method, a refinement procedure of 3D line samples associated with geometric rules is proposed to
filter out invalid 3D line samples very efficiently. Therefore, people localization can be achieved
in real-time without using special hardware. However, a lot invalid 3D line samples are also
reconstructed and processed further since the correspondence of line sample pairs between
different views is unknown. To alleviate such.a problem, a line correspondence measure of 2D
line samples is proposed and applied to filter out non-corresponding 2D line sample pairs before
the 3D reconstruction stage. Because more than 90% 2D line sample pairs can be filtered out, the
computation efficiency is improve significantly. Finally, we propose an error analysis of 3D line
reconstruction method to improve the accuracy of line-based pointing systems, which is expected

to help the improvement of the accuracy.of the proposed people localization methods in the future.
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Appendix A
The derivation of multiple homographic matrices for
planes of different heights

Camera center

°

P,
Image plane ®

ol

Fig. A.1. lllustration of calculation a reference point on z,.

Homographic matrices are required for projecting 2D line samples onto the reference plane,
as in Subsection 2.1.2. Also, the homographic matrices of multiple reference planes at different
heights can be used to back-project points. on a reference plane to different views for the
computation of AFCR, as in Subsection 2.2.1.

In [23], [24], the authors use four vertical calibration pillars-placed in the scene, with marker
points at three known heightson each of them, to establish the homographies between image
planes and reference planes at desired heights. Since a new reference point at any height along a
pillar can be identified in the images of interest using the cross-ratio along that pillar, the above
homographic relationship can actually be established-for planes at arbitrary height. Thus, twelve
(4 x 3) marker points are required for calculating all homographic matrices.

Instead of using twelve marker points, an approach for the derivation of multiple
homographic matrices for planes of different heights, which only use eight (4 x 2) marker points
on four pillars, is presented in the following. Assume each pillar has two marker points at planes
m and m, with heights h; and hy, respectively. First, four marker points with height h, are used to
calculate a homographic matrix Hp, between the image plane and the reference plane z, as shown
in Fig. A.1. Then, we will produce four reference points on z, by projecting the four marker points
with height h;, respectively. More specifically, the image point p corresponding to the marker
point P can be projected to 7, by Hn, to obtain the world coordinate of P’ as shown in Fig. A.1.
After that, we can calculate a new reference point P, on an arbitrary imaginary plane 7, with a
specified height by calculating the intersection of PP'and z,. Similarly, the rest three marker
points with height h; can be used to produce another three new reference points on z. Finally, a
homographic matrix Hy, can be found by using the four new reference points. By adopting such a
method, we can produce a set of homographic matrices for reference planes of various heights
using only eight marker points.
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Appendix B
Setting the parameters

In Subsection 4.4.1, satisfactory results of people localization are obtained with the proposed
approach for selected values of some parameters. We will show that it is not too hard to set these
parameters properly in practice for different scenes. Table B.1 shows a list of such parameters together with
the section (and subsections) in which each of them is used, and range of values tested for each of them.
While the first three parameters are applied before and after the refinement process, in both 2.2.1 and 3.1.2,
the rest are applied in Subsections 2.2.1, 2.2.2 and Section 4.2 As for their physical meanings, five of them
are for measurements in the 3D scene (in cm), one of them is based on percentage values, two of them are
for number counts, and the last one is for measurements in 2D image planes (in pixel).

In general, for satisfactory performance of the proposed localization approach, proper values should
be assigned to the above parameters for each scene, or camera configuration. In Table B.1, appropriate
value ranges, which yield reasonable localization results for S1-S3 taken from the indoor scene considered
in Sec. 4.3, are listed for these parameters®.In particular; Figs. B.1-B.5 show such results, only for the
most complicated S3 (with four views) for brevity, for the most important five parameters®. For each of the
five figures, only one parameter is adjusted-for-easy observation of the trend of localization performance,
which has fairly low sensitivity to the adjustment, with the parameter value used in Table I indicated by an
arrow.

For recall and precision rates_shown in these figures, significant changes (still within £2.4% of that in
Table B.1) mainly exist at one end of each plot.except for Fig. B.1(a) and Fig. B.4(a). Besides, the plots of
recall and precision rates are intersected at.one point in each figure. For example, threshold T¢in Fig. B.4(a)
specifies the maximum distance between two 3D-line.samples that can be grouped into the same group. If
Tc is too small, a group corresponding to a person may be split into several groups, resulting in poor
precision rate due to a lot of false positives. In contrast, if T is too larger, the recall rate tends to decrease
due to miss detections resulted from incorrectly merged groups.

As for localization errors, variations caused by adjusting these parameters are fairly small, i.e., within
+0.50cm, except for Fig. B.1(b). Small variations in computation speed can also be found in these figures,
except for Fig. B.1(c) and Fig. B.3(c). For Fig. B.3(c), it is easy to see that the computation time is directly
related to the number of sample points of a 3D line sample which need to be verified against image
foregrounds.

Overall, threshold Ty, which specifies the minimum length of a 3D line sample which should be
covered by foreground regions in all views, seems to be most influential. While increasing its value to
remove more (possibly incorrect) 3D line samples will always reduce the computation time, the
precision/recall rates and localization accuracy will increase monotonically, up to 9% and 1.1cm in

* In all experiments in Sec. 4.3, Tp is arbitrarily chosen as 24 (pixels), i.e., 10% of the height of the input image. In practice, the Tp can be
decide by human size in the image.

® The rest three parameters are associated Geometric Rules 2 to 4, respectively. For their ranges of values listed in Table B.1,

recall and precision rates are basically the same as those listed in Table I. The screening with all the three rules, on the other

hand, does increase the computation speed by 17%.
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Table B.1. Recommended value ranges of parameters for S1-S3.

Subsection used Parameter Function/description Value range

Subsection 2.2.1, 4.2 Tien Minimum length of a 3D line sample. [100cm, 150cm]
(Geometric Rule 1)

Subsection 4.2 Ty Minimum height of a 3D line sample. [70cm, 130cm]
(Geometric Rule 2)

Subsection 2.2.1, 4.2 Th Minimum height of bottom of a 3D line [70cm, 105cm]
sample. (Geometric Rule 3)

Subsection 4.2 Ti Maximum height of a 3D line sample. [190cm, 230cm]
(Geometric Rule 4)

Subsection 2.2.1 Tig Minimum AFCR of a 3D line sample. [0.68, 0.97]

Subsection 4.2 Nplane Number of reference planes. [10, 45]

Subsection 2.2.2 T, Maximum distance between 3D.line [15¢m, 40cm]
samples of a group.

Subsection 2.2.2 Niine Minimum number of 3D line samples of a [1, 11]
group.

Subsection 2.2.1 Ta Minimum number of foreground pixels of see text
a 2D line sample.

Table B.2. Parameter values selected for experiments presented in Sec. 4.3.

Tlen Ttl Tb Tth qu Nplane Tc Nline
S1-S3 140 90 90 230 0.85 36 25 4
S4-55 110 130 70 190 0.92 36 25 7

Fig. B.1, respectively, as its value is increased from 100cm to 140cm.

In practice, different values of all these parameters may need to be selected for different scenes and camera
configurations. Table B.2 shows the two sets of (mostly different) parameter values selected for the indoor
scene (for S1-S3) and the outdoor scene (for S4-S5) considered in Sec. 4.3. One can see that the values
used for the latter are not far from the corresponding value ranges recommended in Table B.1 for the
former. In general, once their values are determined, the algorithm will work consistently for the scene
under consideration®. For example, Figs. B.6 and B.7 show testing results similar to Fig. B.1, but for
sequences S1 and S2, respectively. One can see that good localization results can also be obtained with T,

= 140cm.

% As for automatic determination of appropriated parameter values, different approaches are currently under investigation. For
example, by examining these three figures, it seems that it will be not necessary to consider larger values of T, either (i) when
the recall rate drops or (ii) when the mean localization error increases.
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Appendix C
Two types of synergy maps

For better understanding of the effects of our implementation of [25], synergy maps created by (i)
foreground likelihood maps used in [25] and (ii) the binary version (foreground regions used in this thesis)
of (i) are both generated. Figs. C.1(a)-(d) show foreground likelihood maps obtained for Figs. 3.6(a)-(d),
respectively. Even with pixels of lower likelihood filtered out, these foreground maps are still influenced
greatly by the cluttered background with strong shadows and reflections. Figs. C.1(e) and (f) show synergy
maps generated by (i) and (ii), respectively. One can see the positions with high occupancy likelihoods,
which are also very close to the ground truth (marked as white crosses), are quite similar for these two
types of synergy maps.

£

Fig. C.1. (a)-(d) Foreground likelihood maps. () The synergy map used in [25]. (f) The synergy map
obtained by using binary foreground images.
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Appendix D
The preprocessing step

The objective of this step is to extract the region of the pointer, analyze its orientation, and locate its two endpoints in
an image. The pixels belonging to the region can be found by measuring similarities of the specified color
distributions® which are obtained in advance. The measurement is achieved by thresholding in HSI color space to
find out the pointer while avoiding the interference of the light changes. The pointer detection result of Fig. D.1(a) is
shown in Fig. D.1(b). One can see that the pixels of the pointer do connect to each other and occupy a sufficient and
elongated area. According to such observations, the connected component labeling is used to identify connected
regions, and the region which has largest elongated area is selected as the region of the pointer. After that, principal
components analysis is used to find its two axes. Assume a connected region which has n points is represented as X =
[X1, X2, ..., X]". The mean value of the connected region is represented as m:(Z{':lxi)/n . The covariance matrix S can
be calculated by X1 (X —m)(X -m)" . Next, the eigenvalues and eigenvectors can be found by eigen decomposition.
The eigenvector corresponding to the largest eigenvalue can then be used to calculate a best fit line passing through
the pointer. Finally, the two intersection points of (i) this line and (ii) the bounding box of the connected region will

be defined as the two endpoints of the pointer.

(b)

Fig. D.1. (a) An input image. (b) The detected pointer and its bounding box.

% The color distributions of a pointer are measured under several light sources. In our experiments, the measured color distributions are H: 340°
~ 209 S:0.5~0.9and I: 0.35 ~ 0.7. In addition, in order to obtain a complete pointer region without many holes, we release the threshold as H:
300°~ 409 S: 0.2 ~ 1.0 and I: 0.3 ~ 1.0. In general, if the color is not changed suddenly and can be correctly detected by the assigned color
distributions at an initial stage, the color distributions can be updated and utilized continuously.
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Appendix E
Reconstruction of pointing points by homographic
transformations

In order to find the pointing positions, 3D coordinates of R.s, R g, Rrs, and Rge are needed. These coordinates can be
calculated from the above endpoints in the stereo images by using 3 x 3 homographic matrices, namely H,_ and Hg,
which can provide transformations of homogeneous coordinates between the image planes and the ground plane
shown in Fig. 5.1. For example, given I.s = [u, v]" and I, = [, v]" , we can obtain the 2D coordinates of R s = [x, y]"
and R g = [x’, »1" on the ground plane as

[y, 11" =Hi[uv, 17 (E.1)
and

[,y 11T =H[u, v, 107, (E2)
respectively. Similarly, Rgs and Rge can be found by Hg.

Next, we need to find the 3D plane equations of 7, and zz, with the former being determined by C,, R.s, and R,
and the latter being determined by Cg, Rgs, and Rge. Let 7, zg and zp, be represented by equations

o X+pY+nZ=n, (E.3)

o X+ Y + 7Rl =1g s (E.4)
and

apX + BpY +ypl =1pp (E.5)

respectively, the pointing point P can then be calculated as

-1
a. o] |m

P=lar Br 7r| || (E.6)
ap Be el |k
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