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Abstract

We study the problem of detecting people using time-of-flight camera images, i.e. depth
images. These detections are used to measure the accurate flow of people through a security
gate. This is a major problem in the case of access control, such as in a metro station or an
airport. The detection of people from depth images is challenging because of the variety of
possible scenarios and implied shapes. The scenarios can involve people in a wheelchair, pushing
bikes, or carrying suitcases, bags, etc. We show that the detection can be processed by filtering
and classifying regions of interest around the local maxima of the depth images. We then propose
to consolidate the detections across a scenario with multi-object tracking. The missing and
extra people are measured for the performance analysis. Our algorithm is developed within
Matlab, and trained on a dataset of top-view depth images of people crossing a metro access
gate. Extensive validation demonstrates its effectiveness. Detection rates on stand-alone images
larger than 80% are typically achieved with fewer than 10% false positives. Measurement of the
people flow is correct in 90.91% of the scenarios.
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Chapter i

List of abbreviations

CSM Concentric Square Mean

CSpP Cutting Stock Problem

(A% Cross-Validation

DR Detection Rate

FDI Foreground Depth Image
FHCR  False Head Candidate Rate
FN False Negative

FP False Positive

FPR False Positive Rate

HOG Histogram of Oriented Gradients
12 Integral Image

MOT Multi Object Tracking

MOTA Multi Object Tracking Analysis
N Negative

P Positive

PRM Person with Reduced Mobility
ROC Receiver Operating Characteristic
SMSP  Steel Mill Slab Problem

SVM Support Vector Machine

ToF Time of Flight

TN True Negative

TP True Positive



Chapter 1

Introduction

The aim of the algorithm developed for this thesis is to count the number of people crossing
a gate, using the depth images captured by a top-view time-of-flight camera (see Figures
and . Typical measures of these installations can be found in Appendices, Section This
system can be particularly useful in controlling flows of people in a restricted area. These peo-
ple can be adults, children, disabled or not. They can hold suitcases, bags, a bike, or other objects.

Figure 1.1: Photo of typical gate and camera

The system has been developed in collaboration with Automatic Systems, a world leader in
the automation of secure entrance control. The company has provided the datasets used to train
our systems.

This work targets real-life situations, such as metro stations or airports, possible customers
of Automatic Systems. A typical passage through the gate consists of six consecutive actions
: the opening of the entrance door, the admission of people into the gate, the closing of the
entrance doors, the opening of the exit doors, the release of the people and the closing of the
exit doors. The aim is to know how many people there are in the gate when all the doors are
closed, in order to open the exit doors only if the payment matches the number of people. This



Figure 1.2: 3D picture of typical gate and camera

is where the system, developed within Matlab, comes into play.

The available data to develop and validate our algorithm corresponds to three datasets
provided by Automatic Systems. Each dataset has been captured in a different site, and includes
a variety of scenarios, each corresponding to a group of people (potentially carrying objects or
adopting unusual poses) entering and leaving the gate. Our algorithm first counts the number of
people in each image. It then estimates their trajectories by connecting detections across time,
using a graph-based tracking algorithm. Finally, the number of consistent trajectories determines
the number of people.

This thesis first presents, in Chapter [2] the datasets along with the preprocessing methods
used to get a cleaner version of this material. The second part, in Chapter [3] describes two
consecutive techniques to detect people on stand-alone depth images. Head candidates are
selected among the local maxima and classified into two classes, person or non-person. Chapter [
presents graph-based tracking to connect these detections across time to establish the trajectories
of the people. The validation of these methods is then considered in Chapter [5] followed by their
concrete results in Chapter [6] The thesis concludes, in Chapter [7] with recommendations for
further work to better suit the objective.

The main contributions brought along with this thesis are some processing techniques to
achieve detection over depth maps. First, we propose some heuristics to select points of interest
among local maxima in Gaussian filtered depth images. Then, we propose the combination of
some specific features to characterise a region of interest on a depth image and to feed a linear
classifier: the Concentric Squares Mean to characterise the progressive height difference and the
Histogram of Oriented Gradients to characterise the orientation of the slopes.



Chapter 2

Dataset and image preprocessing

2.1 Introduction

This chapter first presents the datasets made available by Automatic Systems, along with their
composition, characteristics and differences. They are used to train and test the approaches
presented in the following chapters. The second part addresses some preprocessing techniques
used to obtain the foreground depth image and remove as much noise as possible from each
original depth image.

2.2 Dataset

Three datasets were made available by Automatic Systems, each composed of multiple folders
including the images corresponding to a specific passage of people into the gate, i.e. to a specific
scenario. Each scenario is composed of a succession of images taken by the time-of-flight (ToF)
camera. A ToF image is accompanied by a confidence image, in which each pixel defines the
level of reliability associated to the corresponding ToF pixel. This confidence image is useful to
detect noise and irrelevant measurements in the ToF image.

In practice, each image has the following characteristics:

e The file radial.pgm is the depth map, i.e. the main image taken by the camera. The value
of each image pixel indicates its distance to the camera : the smaller the pixel value, the
closer the corresponding point (visually, the darker the pixel). The dimension of this image
is 132x176 pixels. Each pixel value is expressed as an unsigned integer in the range [0,
65535]. An example of such a file is presented in Figure

Figure 2.1: Example of a radial image, illustrating the distance to the camera

e The file confidence.pgm is an additional file containing the confidence image indicating the
confidence of the camera, for each pixel. It then has the same dimensions as the radial
image, but within an additional one, expressing the colours of the pixel : 132x176x3. The



value of each pixel is then expressed by a colour, formed by the combination of the three
values, being into the interval [0, 255]. Visually, if the pixel is red, there is probably some
noise and probably none if the pixel is green. An example of such a confidence image is
illustrated in Figure [2.2

Figure 2.2: Example of a confidence image

The three sets considered in our study differ in some ways, summarised in Table 2.1}

e The first set was received in August 2017. It consists in 3103 depth maps derived from 72
scenarios, each one corresponding to a distinct flow of people through the gate, as observed
experimentally in the buildings of Automatic Systems. Fach scenario folder also contains a
csv file that indicates the numbers of adults, children, PRMs and objects that are present
in each image.

e The second set was received in October 2017. It consists in 32 020 depth maps, for 121
scenarios, each one corresponding to a distinct flow of people through the gate, as observed
experimentally at a metro station of Lille. This place has a marble floor, that has the
particularity to cause some reflections on the images of this set. A csv file is also joined to
characterise the scenarios (person with bag or not, turnover or normal passages, number of

people.).

e The third set was received in February 2018. It consists in more than 90 000 depth maps,
for 408 scenarios, each one describing a distinct flow of people through the gate, as observed
in real-life at the same metro station of Lille than the second set. The same type of csv file
is also joined.

‘ Sets H 1 ‘ 2 ‘ 3
Scenarios 72 121 408
Depth maps 3103 32 020 490 000
Situation Experimental in labs | Experimental in metro station | Real life in metro station
Reception date August 2017 October 2017 February 2018

Table 2.1: Summary of the datasets

2.3 Image preprocessing

Before counting the number of people, we need to apply some preprocessing steps on the images,
in order to get a version more suitable for the application of the techniques presented in the
following chapters. It implies removing the background and as much noise as possible from
these images. A technique to transform the distance from the camera to an actual height is also
presented. It is particularly useful to get more precise information and will be used later in the
document.



2.3.1 Background removal

The first operation to apply on the radial images is the subtraction of the background, either
by recording an image of the empty gate in the same condition than the scenario concerned, or
by computing the background from the scenario itself with the deepest value observed for each
pixel. We define the operation of subtracting the background from a given image as follows: the
pixels having a value close to the value of these pixels in the background are fixed to the deepest
value, i.e. 65535 (white on the image). This closeness is estimated at 5% of the deepest value.

image[X|[Y] = image[ X][Y] if |image| X][Y] — background[X|[Y]| > 0.05 x 65535
image| X][Y] = 65535 otherwise
This solution was preferred to a real mathematical subtraction to keep the foreground pixels
untouched. As a definition of the ’close’ notion, we selected the 5% maximum depth threshold.
Furthermore, since we are only interested by the highest point of a person, the area cut by this

operation is not significant and it succeeds to eliminate slight variations, due to some condition
changes (light, vibration, etc.).

2.3.2 Noise removal

Then, to eliminate as much noise as possible, the confidence file is used to determine the low-
confidence pixels and replace them by higher confidence neighbours thanks to the following
operation :

image[X|[Y] = image[ X][Y] if confidence[1][X][Y] <= 150
image[X][Y] = image|close X][closeY] if con fidence[l][X][Y] > 150
(closeX, closeY') is the closest point respecting con fidence[l][closeX][closeY]| < 100.

Indeed, the first element of the first dimension of the image represents the colour red. It
implies that the higher the value, the less reliable the pixel is, with a maximum of 255. The new
version of the images are called foreground depth images. An example is illustrated in Figure [2.3
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Figure 2.3: Example of a foreground depth image

2.3.3 Transforming the distance between the camera and a point to an actual
height

Finally, there is a last preprocessing technique that can be used. Indeed, each pixel of the radial
file represents the distance to the camera. It implies that the points that have the same height
(from the ground) can have different values on the radial image, depending of their positions. This
particularity ’bends’ the image and can create problems. Indeed, when the camera is relatively
low, the depth profile surrounding a head might significantly depends on the position of the head
in the image due to self-occlusions.



A way to reduce the variability of head profiles appearance with the location of the head
in the scene consists in rectifying the radial image, by replacing the distance to the camera by
the distance to the horizontal place passing through the camera. Due to self-occlusions, this
process however results in an irregular sampling of the rectified image, requiring interpolation or
padding to reconstruct a rectified image on a regular grid. Therefore, we have decided to ignore
this opportunity to rectify the image and focus on cases for which the camera is reasonably high
compared to the head (typically above 3 metres) to limit the head profile appearance variability.

However, rectifying the actual height of a particular point can be useful. Indeed, knowing the
precise height of a head is a requirement in multiple situations, to differentiate a child (according
to Automatic Systems specifications, a person smaller than 1m30) from an adult for example.
To compute this height, we use the Pythagorean theorem thanks to the depth expressed on
the image and the horizontal distance between the head of a person and the camera (L), as
illustrated in Figure This computation is made trickier by the units of the image, that we
have to transform to millimetres, as in the following equations.

o

L/
Depth

Hcamera

H person

Figure 2.4: Schema of a typical camera-to-point situation

Hperson = Hcamera — \/Depthgnm - L?nm
Depthmm = Depthpi:pel * CdepthToMm

c Max,m
depthToMm —
PITOHT 65 535
W: ) 12 L. ) 12
o 2 2 image__pixe image__pixe
MCL.’IJmm - \/Hcame’ra + CpizelToMm * ( 9 + 2 )
C . Limageimm
pizelToMm —

Limage_pixel

Linm = \/d12,,, + d22,

d17 2mm = dl, 2pixel * Cpi:pelToMm



For that, we need two coefficients : Cyepinrorntm and Cpizerrorim - CdepthTomm does the
transition from the number of pixels to millimetres, by being the ratio between the maximal
depth on the image (65 535) and the maximal (and furthest) depth in millimetres (Mazy,m).
This last value can be computed by another Pythagorean theorem, by taking into account the
height of the camera (the maximum depth) and the distance to the furthest possible point (one
of the four squares of the image). The horizontal distance between the camera and this point
can be computed with again another Pythagorean theorem, from the width and the length of
the image (respectively Wimage and Limage ), translated from a number of pixels to millimetres.
Exactly the same technique is used to compute the horizontal distance between the head of
the person and the camera (with the horizontal and vertical distances being d1 and d2). The
conversion is done thanks to the second coefficient, Cpizeironrrm Which is the ratio between the
width of the image in millimetres and the width of the image in pixel. The used values that stay
unchangeable for all people are expressed in Table [2.2]

‘ Variable H Hcamera ‘ CdepthToMm ‘ Cpi:pelToMm ‘ Mammm ‘ Limageimm ‘ Wimagejixel ‘ Limagejixel ‘
| Value || 3000 | 0.049 | 10227 | 3204 | 1350 | 176 132 |

Table 2.2: Values of the variable used to get the actual height of a fixed point

2.4 Conclusion

The datasets are very different, whether in terms of the number of scenarios, the average number
of images by scenarios or their production situation. Two preprocessing techniques remove the
background and the noise from the depth images, using the radial and confidence files. They
generate the foreground depth images, which are the primal inputs of the techniques presented
in the following chapters.

The third presented technique allows to transform the distance to the camera of a particular
point to an actual height in millimetres. This is an important measure, independent of the
position on the image and, above all, understandable by humans.

10



Chapter 3

Formulating detection as a
classification problem

3.1 Introduction

The purpose of this chapter is to describe ways of properly detecting and locating the people
on every image. To achieve this goal, we aim at distinguishing the pixels that describe a head
from those that do not. Specifically, we reduce this problem to the classification of a number of
head candidates, defined as the local maxima of the foreground depth images. By limiting head
candidates to local maxima, we are proceeding on the assumption that the head is the highest
point of the body of a person (disabled or not) or at least one of the local maxima of the body
(if the person raises a hand for example).

The algorithm presented in this Chapter works in two steps. The first one, presented in
Section 3.2, consists of extracting the local maxima from the Gaussian filtered depth images.
Then the head candidates are selected from among these maxima, based on a set of heuristics.

The second step, presented in Section 3.3, consists of classifying the selected head candidates
with a Support Vector Machine, based on features characterising the candidate neighbourhood
in the depth image.

3.2 Head candidates selection

3.2.1 Convolution with a Gaussian filter

The first step to select head candidates is to apply a preprocessing filter to smooth the foreground
depth images. To do so, we convolve each image with an isotropic Gaussian filter [I] [2] having
an impulse response given by g(z,y) and a truncated support, as presented at Figure We
chose an isotropic filter because we do not want to exploit the head profile anisotropy since the
orientation of the head is unknown (because the people can turn in the gate, by example to scan
their card on the side). The filter function is evaluated on a grid of size N x N and depends of
the standard deviation o. To conserve a scope relatively similar through different sizes, we make
the standard deviation proportional to the size of the filter, following the formula The sigma
value given by this formula is a good indication of typical standard deviation of a Gaussian filter.

The filter size impacts the level of smoothing applied on the image. The larger the filter,
the smoother the resulting convolution. Typical values of the size N depend of the purpose of
the filtering. To study the characteristics relative to the head of a person, a size of 15 can be
appropriate since it matches the size of such a head on the depth image. On the other hand, if

11



Figure 3.1: Gaussian filter of size 7 x 7

the purpose is to filter the noise on the depth image while keeping all the singularities, then a
size of 3 or 5 is more appropriate. This is highlighted on the following illustrations: Figure [3.2
shows the top-view foreground depth image of one person, Figure [3.3] shows the same image on a
3D view, Figure shows the image filtered by a Gaussian of size 3 and finally Figure [3.5] shows
the image filtered by a Gaussian of size 7.

3.2.2 Maxima selection

We propose four heuristics to select head candidates among the local maxima of the Gaussian
filtered image. Each heuristic is a function that considers either one or two maxima and returns
zero if neither of the two should be rejected, one (resp. two) if the first (resp. second) maxima
should be rejected. Furthermore, the heuristics depend on some parameters, for which a summary
is available in Table [6.2]

Highland heuristic

We propose as first heuristic the elimination of the peak-shaped local maxima. Indeed, a typical
maximum derived from a person head is surrounded by a lower large surface, resulting from the
rest of the head and the shoulders. Furthermore, the maxima arising from objects or from the
noise are usually more peak-shaped.

The principle of this heuristic is to measure the fraction of the Gaussian filtered image lying

above a threshold in a square window centered at the local maximum. If this fraction is not suffi-
cient, the maximum is rejected. The behaviour of this heuristic is illustrated in Figures[3.6/and [3.7]

(image(z’,y') > C.image(z1,y1))

Rejectmighiana(®1,y1) = § 1 iff |l € window(%yl)wgz < RS
0 Otherwise
) ws -1 ws -1 WS —1 wSs -1
window(z1,y1) = {2',y | 2’ € [r1——— mt——5—1, y € [yi— 5yt

12



Figure 3.3: Primitive image - equivalent to
Figure 3.2: Foreground depth image the foreground depth image in 3D

Figure 3.4: Convolved foreground depth im- Figure 3.5: Convolved foreground depth im-
age with a Gaussian filter of size 3 age with a Gaussian filter of size 7

13
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Figure 3.7: Example of a fixed percentage

Figure 3.6: Example of the Highland heuris- cut of the Highland heuristic

tic window

This method then depends of three parameters :

e The side of the square window, in pixels. Typical values are between 10 and 20 pixels, that
roughly matches the average size of a head to the average size of the shoulders. We call it
the Window Size (WS in the equation above).

e The cut height, in percentage. This value is multiplied by the height of the maximum, to
produce the threshold of the method. Typically, values are between 60% and 80%, so that
the remaining surface matches the upper part of the body. We call it the Cut (C in the
equation above).

e The required surface, in percentage. Typical values are between 40% and 60%, according
to the values of the two other parameters. We call it the Required Surface (RS in the
equation above).

It is worth mentioning that another way exists to put into practice the principle of this
heuristic. We could compute the surface (at the level of the cut), not on a pre-defined window,
but on the connected component around the maximum. It is the size of this component, in
squared millimetres, that would then need to be higher than a fixed required surface. This
practice presents the advantage of having less parameters and being more precise. Indeed, we
do not need the Window Size parameter. Furthermore, some maxima, that pass the present
heuristic because there are several peaks non-connected in the window, would be eliminated. The
main drawback, and the reason why we do not have applied this version of the heuristic, is the
additional processing time. Indeed, computing a connected component is a more time-consuming
method than simply summing the points on a window. It is however an interesting technique, if
the computational resources are sufficient.

Height heuristic

This heuristic rejects the local maxima that are not sufficiently high to be a person. It then
needs a threshold parameter named Height (He in the equation below). The heuristic simply
eliminates all the maxima that have a height lower than this parameter, in millimetres, calculable
from their value on the image by to the method described in the section [2.3.3]

1 iff heightpmm(z1,y1) < He

Rejectpeignt(T1,y1) = { 0 Otherwise

14



It is worth mentioning that the height parameter should be chosen, in this particular situation,
to keep the maxima matching children and/or people in wheelchairs. Typical values for this
parameter are between 900 and 1100. This interval can however vary according to the system
utilisation and the kind of people that must be recognised.

Distance heuristic

This heuristic aims to prevent having two or more local maxima on the same head. To do so, it
eliminates all the maxima that are too close to each others. In practice, this is done by rejecting
local maxima that are close (i.e. distance smaller than a threshold) to another local maximum
with a higher intensity. The impact of the heuristic is illustrated in Figure 3.8

2 iff /(g — 21)% + (y2 — y1)2 < D and image(x1,y1) > image(xs, y2)
Reject pistance (1, Y1, T2, y2) = & 1 iff /(@2 — 21)2 + (y2 — y1)? < D and image(z1,y1) < image(xa, y2)
0 Otherwise

\

Figure 3.8: Example of the Distance heuristic

This heuristic depends of the Distance parameter (D in the equation above). Typical values
are between 10 and 20 pixels, which respectively correspond to the typical largest distance
between two points on the same head and to the largest distance between two points on the
same body.

Hollow heuristic

This last heuristic ensures that any pair of distinct maxima is separated by a deep enough hollow.
Given two maxima, if the minimum on the vertical cut going over both of them is not lower than
threshold, than the lower maximum is eliminated. The impact of the heuristic is illustrated in

Figures [3.9 and [3.10]

2 iff hollow(z1,y1,x2,y2) > Ho . image(xa,y2)
and image(x1,y1) > image(xa,y2)
Rejectgoiiow (1, Y1, 2,y2) = 8 1 iff hollow(z1,y1, x2,y2) > Ho . image(x1,y1)
and image(x1,y1) < image(xa,ys2)
0 Otherwise

15
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hollow(x1,y1, x2,y2) = min (tmage(z', y")
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Figure 3.9: Example of a situation where

the hollow heuristic acts Figure 3.10: Example of the vertical cut

between two maxima

The hollow heuristic depends of the Hollow parameter, the threshold under which there must
be a minimum (Ho in the equation above). In practice, this threshold is defined as a fraction of
the lower of the two maxima concerned. Typical values of this fraction are defined between 90%
and 100%. For the last of these values, the heuristic is deactivated, because it is impossible to
have the minimum of a line (here, the vertical cut) strictly higher than one of its point (here, the
smallest of the considered maxima).

3.3 Head candidates classification

Given a list of head candidates, we define here the process of classifying those points into two
classes, person or non-person, by the use of a linear classifier.

To discriminate these two classes, we select for each head candidate some features on a surrounding
square window. For each feature, a vector of characteristics is extracted and appended to the
others to form the whole feature vector, used as input space for the classification. As linear
classifier, we propose the use of a Support Vector Machine with a Gaussian kernel.

3.3.1 Feature extraction

Given a square window surrounding a head candidate point on a depth image, we aim at defining
a feature vector to discriminate people from other objects or noise.

Firstly a person is taller than an object or than a bike, so we chose to record the height of the
point. Secondly the shape of a person is highly discriminant, even with additional accessories,
and is typically composed of a circular head surrounded by two shoulders and then a deep space.
To characterise such a shape, we chose to compute the normalised norms of the gradients on the
window for a discrete set of directions [3]. Thirdly, to capture the progressive height as well as
the progressive slope around a point, we chose to record the concentric squares mean.

16



Height

The height feature consists of measuring the height of the head candidate. Since the values of the
pixels correspond to a depth in a scale from 0 to 65535, they need to be rectified to be converted
in millimetres, as defined in Section [2.3.3]

Angle

The angle feature represents the angle (in radian) between the radial segment [observed point -
cameral, and the vertical axis passing through the camera. This is illustrated in Figure as
the angle between the segments H.qmera and Depth.

Histogram of Oriented Gradients

This feature is designed to capture the relative orientation of the slope on a square window. We
use a larger Gaussian filter before computing the gradients, more precisely 7 x 7 pixels, such that
the resulting surface is smoother and no disturbance deforms the gradients. This is illustrated
in Figure for the whole convolved image and in Figure [3.3.1] for the map of gradients on a
51 x 51 window centered at the maximum on the head of the person. (Contours have also been
added to help visualisation of the progressive slope).

x10%

200

5 10 15 20 25 30 35 40 45

Figure 3.11: An image filtered by a 7x7

Gaussian filter Figure 3.12: A plot of gradients as arrows

on a 51 x 51 window centered on a maximum

For one histogram of oriented gradients (HOG) [3] of size N, the spectrum of every orientation
is divided into N bins of QW” radians in which the norms of the corresponding oriented gradients
are added. We designed a threshold named limiiﬂ to bound very high gradients value, to avoid
that the large gradients induced by a sharp edge dominate the gradients caused by a human
depth profile.

Formally, let f(x,y) denote the surface on the filtered depth image, i (x,y) the gradients of
the surface and dir(¥) the orientation of vector ¢ (in radian), then we define the HOG as follow:

HOGi] = 3 min(|V f(z,y)]|, limit)
Vayy | dir(Vf(zy) € 122 ; (i+1) 28

!This parameter could be subject to a cross-validation procedure to be optimised with respect to the available
training data. We have however set it to 100, for simplicity, and because tests have revealed that it has no
significant impact on the classification outcome.
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The length of a HOG vector being usually a power of two, we propose as length N = 8. Eight
bins allow a sufficiently rich histogram in term of directional diversity, while keeping the size
small enough for computational issue.

Even if one single HOG per window is already able to capture the orientation of the slopes on
the window, it does not make any usage of the gradients location. Thereby, to take into account
the spatial location of these oriented gradients, we advise to divide the window into a grid of
sub-windows and to compute a HOG for each sub-window. The choice of the dimensions of this
grid depends of several constraints:

e Since the result must be isotropic, the grid must contain as many columns as rows.
e To have comparable HOGs, the sub-windows must be of the same size.
e Too many sub-windows is not computationally efficient.

e The number of rows and columns must be odd such that the central sub-window is centered
on the given head candidate, to optimise the shape study.

Among the choices left by these constraints, we advise a 3 x 3 grid, resulting so in nine
histograms of eight bins, i.e. a vector of 72 numbers. This is the smallest grid fulfilling the
constraints, while keeping the resulting vector small enough. Indeed a 5 x 5 grid would have
produced a vector of 200 numbers.

Concentric Squares Mean

The previous feature proved to be quite good at catching the typical orientation of edges on a
window depicting a true or false head among the candidates. However, HOGs are not able to
measure the absolute height around a point.

To capture the shape as a progression of height, we propose as feature to compute the concentric
squares mean (CSM) on a window surrounding a maximum. We define the CSM as a vector of
size N where the iy, element is the sum of the height of every pixel on the square ring of side
2i + 1, divided by the number of pixels on this square ring (8i).

To compute the sum over these rings efficiently, we suggest to make use of integral imaging [4} [5].
A new representation of the filtered depth image is computed, in which each pixel corresponds to
the integral of the image from the origin (0,0) to this pixel. Let f(x,y) denote the surface on
the filtered depth image. The integral image (12) is define as

I2(z,y) = Z f(x,ay/)

Vo' | ' <z A y'<y

As example, integrating the image over the square ABCD displayed in Figure [3.13]is simply
IQ(QUvaC) - I2(.’ED - L?/D) - IQ(xB7yB - 1) + 12(‘TA - 1,?/A - 1)

Figure 3.13: Example of a square image integration
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Now to compute the CSM vector, let Square(xys,yar,n) denote the integral of the filtered
depth image over the square of side n centered in a maximum M, and C'SM|i] the iy, element
of the vector:

CSMi] = Square(zpr,ym,2i+1) — CSM[i—1]
CSMI0] = Square(xy,yn, 1)

Note that the first element of the CSM vector, C'SM [0], actually corresponds to the unrectified
height of the head candidate, so we can ignore it since the rectified height is already in the
feature vector.

Combination of different features

Since the height, the angle with the camera, the histograms of oriented gradients and the
concentric squares mean are designed to represent different features, they can be used all together.
Moreover, the CSM and the HOGs represent complementary information for the surface (average
height and derivative), so they have better to be used on the same square window of size n x n.
The CSM implies that n is odd since the window is centered on the head candidate and the
squares are concentric. The HOGs imply that n is divisible by 3 since we divide the window into
a 3 x 3 grid of sub-windows. Therefore, among the different possible window sizes, we choose
51 x 51 because it is the most suited one to the dimensions of a person body on the depth images.

The whole feature vector is produced by appending the vector of each feature. This is
illustrated in Table for a 51 x 51 window.

Height | Angle 9 HOGsS of 8 bins 1 CSM of 25 rings

1 1 9x8 25

Table 3.1: Feature vector, totaling a length of 99

3.3.2 Support Vector Machine Classifier
Support Vector Machine as a hyperplane

This subsection aims to present the linear classifier we chose to predict if a head candidate
belongs to the class of person or non-person, based on the feature vector.

Let = denote a vector of real values (x € ]Rd) in a space of dimension d, called input space. A
linear discriminant function g : R — IR is a linear function of z defining a decision rule for a
binary classification problem:

f(z) = sign(g(z))
g(z) = Wha + Wy = (W, X) + Wy

where (W, z) denotes the dot product between W and x. This linear discriminant function can
be seen as a separating hyperplane on the input space. The Support Vector Machine algorithm
[6] aims to maximise the margin between such plane and the closest examples, called support
vectors. Figure illustrates a 2-dimensional input space with a plane separating the circles
and the crosses. The red examples support the plane because they are on its parallels at a
maximal margin distance. The learning phase consists then of finding the most appropriate
weights W regarding the Soft Margin Optimisation [7]. In practice we use the Sequential Minimal
Optimisation solver which is quite simple but still efficient.
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Figure 3.14: Hyperplane separating a 2D input space

Kernel trick

It might very probably occur that the examples are not linearly separable in the input space.
To settle this problem down, the SVM algorithm enables to project the examples in a higher-
dimensional space where they could be linearly separable, thanks to a (possibly) non-linear
mapping ¢. This is illustrated in Figure where the non-linear mapping is ¢(z) = [21 22 23" =
(22 23 /2z119)"

In practice, this mapping does not need to be computed thanks to the kernel trick. A kernel [§]
denoted here k is a symmetric function:

k(z,2') = (¢(z), ¢(a')) = k(a', )

Thenceforth, any learning algorithm that uses the vectors only via dot products can rely on this
mapping to a new feature space by replacing (z,z') by k(z,2’). Different types of kernel are
possible, each one enabling some hyper-parameters tuning. We chose to use only the Gaussian
kernel (also called the Radial Basis Function) because it works relatively well for two-class
learning and is widely used in the literature of visual recognition. Its expression is presented
here at Equation [3.2] .

o) —e o - (3.2)
Another reason that kept us from comparing the Gaussian kernel to some other kernels was the
consequent learning time. A single learning phase is already quite slow regarding the number of
examples to process. Studying other kernel functions would have required a validation set and so
an extra cross-validation. However we recommend to try some linear kernels and the Sigmoid
kernel to boost the general performance.

3.4 Conclusion

To perform detection of persons on depth images, we have assumed that the part of the body that
is most recognisable on these images is the head, and that a pixel resulting from a point on a head is
always among the local maxima. From these assumptions, we propose a two-step detection model.

The first step consists of selecting head candidates from the local maxima on Gaussian filtered

depth images. These candidates are then filtered by four heuristics: Highland, which ensures
that the maxima are surrounded with enough high surface; Height, which checks if the height is
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Figure 3.15: Mapping from a 2D feature space to a higher-dimensional space

sufficient; Distance, which ensures for every pair of maxima that they are not too close to each
other; and Hollow, which checks for every pair of maxima if a sufficiently deep hollow separates
both maxima.

The second step consists of classifying the remaining head candidates in two classes: person
and non-person. A feature vector is evaluated for each candidate on a surrounding square
window to characterise the point. We propose three different features: the height of the point in
millimetres, a grid of histograms of oriented gradients and a vector of concentric squares mean.
As classifier, we use a Support Vector Machine model with a Gaussian kernel.
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Chapter 4

Detection tracking over time

4.1 Introduction

This chapter is concerned with post-processing the detections of people on stand-alone images,
using Multi-Object Tracking (MOT) [9, 10} [11] to link together the detections of a person, thereby
drawing its trajectory through a given scenario. Tracking approaches are commonly used in
traffic monitoring [12] or in video supervision [13]. In the scope of this thesis, tracking detections
is a way to isolate the consistent trajectories and so to count the number of people involved
through a given sequence of images.

4.2 Graph-based formulation

The MOT problem is defined as building disjoint sets of detections, each set being associated to
a physical person evolving through the gate during the scenario. Like Delannay et al. [9], we use
graph formalism to specify this data association. Each detection is represented by a node u in a
graph and is characterised by a time t,, a spatial location [,, and an appearance, defined here as
the height of the detection in the depth image h,. Each pair of nodes is connected by a weighted
edge representing the dissimilarity between the two nodes. The dissimilarity is defined as the
difference in time, space and appearance. The MOT problem is then formulated as follow::

minimise Y5 | cost(T)
subject to  T; NTj; = 0,Vi # 7,
Ufil =V,
Vi>0and Vu,v € T;, t, # ty,

where cost(T;) denotes the dissimilarity cost within the i-th set and V' the set of all nodes in
the graph. The cost evaluation within a set is based on the weight of its edges. Let w,, denote
the weight of the edge between nodes u and v.

cost(T;) = Z Wy

As pointed by Delannay et al., taking into account every edge in each complete sub-graph T; leads
to a computationally over-elaborated problem. Therefore, we impose directed edges between
nodes of strictly increasing time-stamp, as illustrated in Figure In practice, this is done by
assigning an infinite weight to edges that are directed to a head candidate detected in the past
or in the same image. More formally, we define the cost function evaluating the weight of the
edge between nodes u and v as follow:

T { A2+ B.APAp +~7.Ag +0.f(V) iff t, <t

00 Otherwise (4.1)
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Where

Ar = t, — t, is the difference of time between nodes u and v.

Ap = \/(xv — 24)? + (Yo — yu)? is the spatial distance between both detections.
Ay = |H, — Hy| is the difference of height between both detections.

A
V==L is the average speed between nodes u and v.

Arp
f(V)y=a e is an exponential of the speed designed to highly increase when the speed is unlikely
for a human, with regard to the image scale and the shooting cadence of the camera.
Here, a and b are respectively fixed to 0.4 and 0.3, to achieve this goal.
a, B, v and § are parameters that will be discussed later on, in Chapter

Thanks to this simplification, the partitioning problem can be solved by finding the shortest
paths, either with the k-shortest paths algorithm [I4] or with a greedy iterative using the shortest
path algorithm of Dijkstra. The latter one is a simple greedy approach, sufficient in the scope of
this thesis, since we are primarily interested in analysing the short-term temporal consistency
of detections (to support reliable counting of people at a given time instant), without caring
about long-term tracking performance. Using a different method that computes the paths
simultaneously (as the k-shortest path method) could be interesting in cases for which we want
to limit the assignment of distinct people to a same track (identity switches along the track).

Since the first and last node of a trajectory are not necessarily known, we define two virtual
nodes, Vsource and vgink, the first one being fixed in time at the beginning of the scenario and
the second one fixed in time at the end of the scenario. The weight of the edges connected to
these two nodes is then defined in term of A7 only, i.e. wy, = a.A%.
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Figure 4.1: Example of a tracking graph, from [I15]

The iterative Dijkstra algorithm may return too many paths compared to the real number of
people, i.e. creates some partitions of the graph containing false positives. To avoid numbering
these wrong paths as people, we define the function Reject : path — {true, false} rejecting a
path if it is probably not characterising the trajectory of a person. The symbols thresl, thres2
and thres3 denote additional parameters that will be discussed later on.

Pathinodes < thresl V

th noaes
Reject(path) = Mﬁ < thres2 v (4.2)

patheost —Wosourcenstart ~Wrepndvsink > thres3
path#nodes
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This function rejects a path if one of these three conditions is verified. Firstly if the path is too
short in term of nodes, to reject the paths that are too short to represent a person crossing the
gate. Secondly if the number of nodes divided by the number of images is too low, to reject
low density paths, with multiple time jumps. Thirdly if the cost of the path, minus the cost of
the first edge and the cost of the last edge, divided by the number of nodes is too high, i.e. if
the average cost by edge is too high, simply because these paths are less likely. In the latest
condition, we deduct the cost of the first and last edge from the total cost of the path because it
corresponds to the time penalty if the trajectory begins late or ends early in the scenario.

4.3 Conclusion

To track detections through a scenario we use graph formalism to reduce the Multi-Object
Tracking problem to the k-Shortest Path problem. A graph is built by associating a node to each
detection, using as attributes the time, the spatial location and the appearance of the detection.
The beginning and the end of the scenario are respectively associated to a source and a sink.
Nodes are then connected by weighted edges representing their dissimilarity, defined as their
difference in time, space and appearance.

The final objective of the tracking approach is to count as accurately as possible the number
of people in the gate at a given time. We are therefore more interested in the number of paths
than their accuracy. As a result, we propose a greedy iterative shortest path algorithm to select
the k shortest paths between the source and the sink.

It may occur that a path returned by the shortest paths algorithm is inconsistent, because it
is built on some false detections. To avoid counting these as persons, we rule out the trajectories
that are inconsistent, according to their number of nodes, their density of nodes and their average
cost by image.
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Chapter 5

Validation methodology

5.1 Introduction

The purpose of this chapter is to present the validation of the proposed detector. This is essential
since it proves the validity of our results, the consistency of our methods and the re-usability of
our work.

First, we specify how we use the datasets received from Automatic Systems to train and test our
system.

Then, we discuss the parameters used for the selection of the head candidates. We introduce
some appropriate metrics to evaluate the sensitivity of the parameters and the impact of the
chosen configurations on the method usage.

Next, we introduce a way to process the outputs of the selection of the head candidates as inputs
for the classification. A cross-validation is essential whenever a model is to be built and evaluated
on the same dataset; hence, we propose a ten-fold cross-validation to fulfil this requirement and
we detail how we solve the problem of grouping data into ten sets as an optimisation problem.
We then introduce other metrics to evaluate the classification performance, and how to compare
models with different class weights.

Finally, we discuss the parameters of the detections tracking algorithm and propose appropriate
metrics to measure the performance of the tracking