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(21) Appl. No.: 14/267,598 
A method for automatic localization of objects in a mask. The 

(22) Filed: May 1, 2014 method includes building a dictionary or atoms, wherein each 
O O atom models the presence of one object at one location and 

Related U.S. Application Data iteratively determining the atom of said dictionary which is 
(63) Continuation of application No. 127779.547, filed on best correlated with said mask, until ending criteria are met. 

May 13, 2010, now Pat. No. 8,749,630. The invention system concerns also automatically detects 
objects in a mask. At least one fixed camera is provided for 

Publication Classification acquiring video frames. A computation device is used for 
calibrating at least one fixed camera for extracting foreground 

(51) Int. Cl. silhouettes in each acquired video frames for discretizing said 
G06T 700 (2006.01) ground plane into a non-regular grid of potential location 
H04N 5/247 (2006.01) points for constructing a dictionary of atoms, and for finding 
H04N 5/33 (2006.01) objects location points with the previous method. And a 
G06K 9/00 (2006.01) propagating device is provided to propagate the result in at 
H04N 7/8 (2006.01) least one fixed camera view. 
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METHOD AND SYSTEM FOR AUTOMATIC 
OBJECTS LOCALIZATION 

RELATED APPLICATIONS 

0001. This application is a continuation of U.S. patent 
application Ser. No. 12/779,547, filed May 13, 2010, the 
disclosure of which is hereby incorporated by reference 
herein. 

FIELD OF THE INVENTION 

0002 The present invention concerns a method and a sys 
tem for automatic localization and/or detection and/or iden 
tification and/or singulation and/or segmentation and/or com 
putation and/or tracking of objects. More precisely, objects 
are automatically detected and localized on the ground and in 
the image planes of a network of cameras or even a single 
camera setup. Objects can be people in a crowded environ 
ment. 

DESCRIPTION OF RELATED ART 

0003. Accurate vision-based people detection has been of 
interest for the past decades in many applications. A number 
of Surveillance applications for example require the detection 
of people to ensure security, safety and site management. 
Examples include the behavior analysis and the monitoring of 
entry points, bus terminal and train stations in order to know 
for example if people stay in a forbidden area. 
0004 Another example is the safety in an urban environ 
ment: the knowledge of the pedestrians’ positions can for 
example prevent collisions with cars. For many applications it 
is also useful to automatically compute pedestrians in a spe 
cific area. 
0005 People detection can be applied also to the sport 
game analysis: the detection of football or basketball players 
can be fed-back to the coach in order to improve the team play. 
Another possible application concerns the recognition of the 
numbers worn by athletes during a race. 
0006. The automatic localization of objects different to 
people can be used for analyzing and classifying biomedical 
cells in a laboratory or for computing industrial objects, cars 
etc. . . . . Each kind of application requiring the localization of 
an object with a specific shape in an environment is imagin 
able. 
0007. The main difficulty in automatic localization of the 
objects comes from the mutual occlusions of these objects in 
a group. For instance, in sport game such as basketball, play 
ers can strongly occlude each other and have abrupt change of 
behavior. 
0008. The most effective techniques in the related art for 
detecting moving people or objects occluding each other are 
highly complex and may thus require the use of costly hard 
ware. Moreover, they may not be fast enough to perform in 
real-time detection and localization of people or objects 
within a crowd. Often they use tracking information to deal 
with occlusions. 
0009 EP2131328 concerns a method for automatic detec 
tion and tracking of multiple objects. The video data obtained 
from one or more cameras are processed in two steps: the first 
fast step comprises an indexing process, which generates 
estimate hypothesis for the location and attributes of objects. 
Hypothesis are then refined to generate statistical models for 
the objects appearance and geometry, and then applied for 
discriminative tracking, during which objects locations and 
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attributes are updated by using online uncertainty estimation. 
Each person is tracked by a combination of two kernels, one 
for the head and one for the torso. When there is an occlusion 
and the system predicts for example that the torso of a person 
will be occluded by another person, the system lowers the 
weight of this torso kernel and reduces its influence in the 
tracking algorithm. The invention is fast only during the first 
step and requires complex computing, based on online uncer 
tainty estimation and tracking information. Moreover esti 
mates can be improved by using multiple cameras. 
(0010 US2003/0107649 concerns a method for detecting 
and tracking groups of socially interrelated people at a check 
out line in a store, in order to permit an additional checkout 
line to be opened when the number of groups in the observed 
checkout line exceeds a predetermined value. Groups are 
determined by analyzing inter-person distance over time. 
After, the people silhouette detection by using background 
Subtraction and person segmentation allows distinguishing 
between individual persons. It is based on two kinds of infor 
mations: temporal constraints (i.e., people belonging to the 
same shopping group enter and exit the scene together) and 
global motion (i.e., people in group show similar movement 
patterns during checkout). 
(0011 US2009/0304265 concerns a method for modeling 
three-dimensional object by using two-dimensional images 
of the object from multiple cameras. The surface of the object 
is computed from estimate slices of the object that lie in 
parallel planes and cutting through the object. The greater the 
number of views, i.e. the number of cameras, the more accu 
rate the reconstruction of the object is. The greater the number 
of parallel plans, the more robust the method is. This method 
does not work by using a single camera with fixed orientation. 
Such an approach is computationally intensive. 
(0012 US2009/0002489 concerns a method for object 
tracking. For each of a plurality of human objects, a person’s 
model comprising at least one feature of the person, e.g. a 
color feature, is created and dynamically updated. An occlu 
sion disambiguation algorithm is performed by using the 
image of a blob, based on the previous tracks and the person’s 
model. More precisely, a person’s model is selected from the 
set of models and each selected person's model is matched to 
the blob and scored. The model with the best score is then 
removed from the list of the models, according to a greedy 
algorithm. This invention enables to track efficiently objects 
through occlusions because it uses informations from previ 
ous tracks, but does not permit localization of the objects 
without temporal informations. 
0013 US2008/O123968 concerns a human detection and 
tracking system including a full body detector and a plurality 
of part detectors, each for a specific part of the human body 
(for example head, torso and legs). A combiner detector com 
bines the detectors’ responses and generates a combined 
detection response. It is further configured to model inter 
occlusions of the humans in the image, and to implement a 
greedy matching algorithm to perform the match between the 
detectors’ responses and the body parts of humans. The 
human detection problem is formulated as a maximum a 
priori estimation problem. This invention requires at least 
four detectors. Moreover, the part detectors have to be 
learned. 

(0014 US2009/0034793 concerns a method for perform 
ing crowd segmentation by using an indexing step, which 
produces a quick approximate result followed, when desired, 
by an estimation step that further refines the approximate 
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result. During the indexing step, the foreground silhouette 
shape is matched with a set of foreground silhouettes shapes, 
for each of which the number and the position of human 
subjects is known. During the estimation step a MCMC 
(Markov Chain Monte Carlo) is used. The method requires 
the construction of a look-up table containing the set of fore 
ground silhouettes shapes and its relative number and posi 
tion of the human Subjects forming each shape. Moreover, the 
higher the accuracy of representation of the foreground sil 
houette shape to be matched, the more complex the calcula 
tions are. 

0015 US2008/0118106 concerns a method and a system 
for crowd counting and monitoring. The invention uses a 
global description of a group of people, and rather than look 
ing for individual, it uses the area of the entire group as the cue 
to estimate the number of people. The effect of occluded 
members is mitigate by treating the crowd as a whole group 
for each frame in an image sequence, and by maintaining a 
history of the estimates for each blob throughout the lifetime 
of the blob so that the most occurred value is chosen at any 
given frame. 
0016 Isolated people, in an un-cluttered scene, can be 
detected with a single static or moving camera, based on 
pattern recognition techniques. A set of features can be 
extracted from a large number of training samples to train a 
classifier. Dalal and B. Triggs, "Histograms of oriented gra 
dients for human detection,' in Proc. IEEE Int'l Conference 
on Computer Vision and Pattern Recognition, 2005, pp. I: 
886-893, used histogram of the oriented gradient as the set of 
features and O. Tuzel, F. Porikli, and P. Meer, “Human detec 
tion via classification on riemannian manifolds," IEEE Trans. 
on Pattern Analysis and Machine Intelligence, Vol. 20, pp. 
1713-1727, 2008, uses covariance matrices as the set of fea 
tures together with a boosting approach. 
0017 Given a fixed camera, a moving object can also be 
detected by modeling the background; tracking then becomes 
simply an object correspondence across the frames. Typi 
cally, the work of Stauffer and Grimson, Adaptive back 
ground mixture models for real-time tracking,' Proc. IEEE 
Int'l Conference on Computer Vision and Pattern Recogni 
tion, vol. 2, pp. 246-252, 1999, can be used to extract the 
foreground pixels. Each pixel is modeled as a mixture of 
Gaussians with an on-line approximation for the update. 
Then, detected people can be tracked using standard 
approaches. Porikli. “Achieving real-time object detection 
and tracking under extreme conditions,” Journal of Real 
Time Image Processing, vol. 7, no. 1, pp. 33-40, 2006, pre 
sents a Survey on object detection and tracking methods given 
a single fixed camera. 
0018 Current approaches fail to robustly isolate different 
persons in the image of a group of people taken by one camera 
due to their mutual occlusions. 
0019. In order to deal with a dense spatial distribution of 
people, and their mutual occlusions, the outputs of several 
cameras could be used to detect the objects of interest. How 
ever, current multi-view approaches do not robustly segment 
a crowd of people. S. M. Khan and M. Shah, “Tracking 
multiple occluding people by localizing on multiple scene 
planes," IEEE Trans. On Pattern Analysis and Machine Intel 
ligence, vol. 31, no. 3, pp. 505-519, 2009, wraps the fore 
ground silhouettes of all the camera views into a common 
reference and segment the feet region of people. 
0020 F. Fleuret, J. Berclaz, R. Lengagne, and P. Fua, 
“Multicamera people tracking with a probabilistic occu 
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pancy map," IEEE Trans. On Pattern Analysis and Machine 
intelligence, vol. 30, no. 2, pp. 267-282, 2008, take advantage 
of a multi-view infrastructure to accurately track people 
across camera given foreground silhouettes. A mathematical 
framework is developed for estimating the probabilities of 
occupancy of a ground plane given the foreground silhou 
ettes. The occupancy probabilities are approximates as the 
marginals of a product law minimizing the Kullback-Leibler 
divergence from the true conditional posterior distribution 
(referred to as Fixed Point Probability Field algorithm). This 
mathematical framework leads to potentially high false posi 
tives rate. In addition, the computation cost of the algorithm 
depends on the number of ground plane points to be evalu 
ated, which limits the area to be monitored. Moreover, this 
algorithm does not work in real-time. 
0021. According to the state of art, a real-time method for 
localizing and/or detecting and/or identifying and/or seg 
menting and/or computing and/or tracking objects, robust to 
noise, to the possible occlusions and to abrupt changes is 
needed. In addition, to avoid buffering delay, a method that 
does not require tracking information to deal with occlusions 
is preferably needed. A method which allows a single frame 
localization is also needed. 
0022. According to the state of art, a simple, fast and low 
cost method for detecting/localizing the objects, which does 
not impose any constraint on the scene Surface to be moni 
tored is needed. 

BRIEF SUMMARY OF THE INVENTION 

0023 The aim of the present invention is to provide a 
method and a system for automatic localization of objects that 
is exempted from the limitations of the prior art. 
0024. One object of the present invention is to provide a 
method and a system for detecting/localizing objects, robust 
to noise, to possible occlusions of objects and to abrupt 
changes of the scene. 
0025. Another object of the present invention is to provide 
a real-time method for detecting objects, which quickly iden 
tifies the objects locations in presence of noise and the 
mutual occlusions. 
0026. Another object of the present invention is to provide 
a method and a system for object detection/localization, Ver 
satile with respect to the shape of the objects to be detected/ 
localized. 
0027. Another object of the present invention is to provide 
a method and a system which does not impose any constraint 
on the scene Surface to be monitored. 
0028. Another object of the present invention is to provide 
a method and a system for detecting/localizing objects, which 
is robust even when objects have similar appearance. 
0029. Another object of the present invention is to provide 
a method and a system which does not require large memory 
Storage. 
0030. Another object of the present invention is to provide 
a method and a system for detecting objects, which is scalable 
to any number of the monitoring cameras including a single 
camera setup. 
0031. Another object of the present invention is to provide 
a method and a system for detecting objects that is generic to 
any scene of objects and sensing modality. 
0032. Another object of the present invention is to provide 
a method and a system for detecting objects versatile with 
respect to heterogeneous camera network, i.e. able to merge 
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specific camera geometries such as planar and omnidirec 
tional cameras, and to handle cameras with and/or without 
overlapping field-of-views. 
0033 According to the invention, these aims are achieved 
by means of method for automatic localization of objects 
according to claims 1 and 38, by a computer-program product 
for signal processing according to claim 41 and by a system 
for automatically detecting objects on the ground plane and in 
the image plane of at least one fixed camera according to 
claim 42. 
0034. According to one aspect, the method is based on a 
priori assumption that in many practical images objects are 
sparse. By introducing this sparsity constraint, a new and fast 
greedy algorithm can be developed for fast localization, 
detection, identification, singulation, segmentation, compu 
tation and tracking of objects. A greedy algorithm is an 
approximation algorithm for optimization problems, which 
works iteratively. At each iteration, it locally optimizes the 
objective function of the problem, with the hope of finding the 
global optimum. 
0035. The advantages of the greedy algorithm, comparing 
with the prior art, include in particular the possibility of 
reducing the time required for localizing objects. In one 
embodiment, objects can be localized on the ground plane 
and in the image plane of at least one camera. Moreover, this 
method allows a robust localization of these objects in pres 
ence of noise and mutual occlusions. 
0036 Advantageously, the method according to the inven 
tion is versatile with respect to the shape of the objects to be 
localized. It does not impose any constraint on the scene 
surface to be monitored. 
0037 Advantageously the method for detecting/localiz 
ing objects according to the invention is simple, fast and 
robust to objects with similar appearance and to abrupt 
changes. 
0038. In one possible embodiment, the method at each 
new frame takes into account localizations of objects detected 
and localized in previous frames (objects tracking). 
0039 Advantageously the system for detecting objects 
according to the invention is scalable to any number of used 
cameras, including a single camera setup, and Versatile with 
respect to heterogeneous camera network. it does not require 
large memory storage. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0040. The invention will be better understood with the aid 
of the description of an embodiment given by way of example 
and illustrated by the figures, in which 
0041 FIG. 1 shows a view of one embodiment of a system 
for detecting people according to the invention, comprising 
three cameras and one image processing system. 
0042 FIG. 2 shows an image plane of a camera and three 
foreground silhouettes. 
0043 FIG. 3 shows the approximate correspondence 
between each point of the ground and a silhouette modeling 
the presence of an object, here a person, in a camera view. 
0044 FIG. 4 shows three atoms modeling the foreground 
silhouettes of FIG. 2. 
0045 FIG. 5 is an overview of the adaptive sampling pro 
CCSS, 

0046 FIG. 6a shows sample points given a regularly 
spaced grid (prior art). 
0047 FIG. 6b shows sample points given a non-regular 
grid according to the invention. 
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0048 FIG. 7a shows an example offive views of cameras 
with overlapping field-of-views. 
0049 FIG. 7b shows the corresponding degraded silhou 
ettes. The grid is only for visual purposes. 
0050 FIG. 7c shows atoms modeling the given foreground 
silhouettes. The grid is only for visual purposes. 

DETAILED DESCRIPTION OF POSSIBLE 
EMBODIMENTS OF THE INVENTION 

0051 FIG. 1 illustrates one embodiment of a system for 
detecting/localizing objects according to the invention. It 
comprises at least one or several cameras 2. The camera may 
be either analog or digital. If an analog device is used, the 
image is digitalized with means known by the man skilled in 
the art. The camera 2 can be planar and/or omnidirectional. In 
one embodiment IR cameras can be used. The cameras 2 can 
have overlapping field-of-views. Moving camera can also be 
used instead or in addition to static camera. 
0052. In the example of FIG. 1, there are three static cam 
eras 2. When at least two cameras are used, they are pseudo 
synchronized, in order to acquire quasi simultaneously 
images. In this application with the expression "cameras 
pseudo-synchronized it is intended cameras that acquire 
images that are not precisely simultaneous but that can be 
considered as simultaneous, i.e. having a few frame delay, a 
few ms of difference. Cameras 2 are connected to an image 
processing system 8 via a link 6. Link 6 may be any image 
transferring capable link known in the art, Such as a video 
cable or a wireless transmission link. One end of the link 6 is 
connected to each camera 2, while the other end is connected 
to the image processing system 8. The image processing 
system 8 may be any type of system or device capable of 
executing an algorithm for interpreting the images taken by 
cameras 2. For example the image processing system 8 can be 
a PC, a laptop or a processing chip integrated into an instru 
ment panel or the like, with Suitable image processing soft 
ware. The image processing system 8 can be connected to 
peripheral equipments such as recording devices, external 
communication links and power sources. 
0053 First the system is calibrated off-line by standard 
techniques. As an example, the camera model proposed by J. 
Kannala and S. S. Brandt, “A generic camera model and 
calibration method for conventional, wide-angle, and fish 
eye lenses," IEEE transactions on pattern analysis and 
machine intelligence, vol. 28, no. 8, pp. 1335, 2006, can be 
used to map 3D points in the scene to the image plane 20 of all 
cameras 2. 
0054. On the ground plane 10 there are one or more objects 
1. In one embodiment these objects are moving people. In 
another embodiment objects constitute a dense set of people, 
for example basketball players. Players can strongly occlude 
each other or have abrupt changes of behavior. 
0055. The number of objects, such as people, present in 
the scene is sparse because for example it is limited by the 
capacity of the room or of the play area. 
0056. The camera or cameras 2 acquire stills or video 
images, and foreground silhouettes 22 are extracted from 
those images, as shown in FIG. 2. The extraction process thus 
produces masks, in which extracted foreground features are 
represented by a non-Zero value while background pixels are 
represented by Zeros, or by any other binary values. In one 
embodiment multi-valued masks can be used, where the 
value correspond for example to a probability of having a 
foreground feature, or to a color or brightness of the feature. 
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In another embodiment the extraction process produces 
binary masks. Up to the selection of an appropriate back 
ground Subtracting method, at a given time, each camera 2, in 
the set of C calibrated cameras—where C is an integer posi 
tive number and it can be equal to one—is the Source of one 
mask, for example a binary masky 60,1} where M is the 
number of pixels, i.e. the resolution, of each camera indexed 
by 1 scsC. The 2-D silhouette image of each camera can be 
represented in a 1-D vectory, by the concatenation of its 
columns. Further all these vectors y are stacked into the 
Multi-Silhouette Vector (MSV) y given by 

where, 

0057 To simplify notations, the invention often refers to 
2-D objects or images as 1-D vectors, i.e. the vectors obtained 
for instance by the concatenation of the columns of these 2-D 
objects respectively images. 
0058. The background/foreground extraction may be per 
formed by applying any appropriate algorithm known by the 
man skilled in the art to the video frames. 
0059. In practice, the extracted foreground silhouettes 22 
suffer from two flaws. First, a single silhouette in the binary 
mask can correspond to several people or objects close to 
each other. Second, silhouettes are usually made of many 
false positives pixels (e.g. shadows, reflections) and false 
negatives ones (i.e. missing foreground pixels). For example 
the shape of the silhouettes 22 shown in FIG. 2 can corre 
spond to one person or two or three people. 
0060. The continuous ground plane is discretized into 2-D 
grid comprising sample points, for example and preferably 
into a non-regular or uneven grid of N Sub-regions (cells). It 
is assumed that each cell can be occupied by only one object 
at each time instance. Therefore, the whole image can be 
represented by a binary vector X of N elements. The grid is 
bi-dimensional but it is represented by a vector, to simplify 
the notations. The elements of vectorxe{0,1}^ are indicating 
the presence of objects in the corresponding cells. For 
example, an object is present in a cell identified by the index 
i if and only if x=1 . This vector is called the “occupancy 
vector'. 

0061. In one embodiment, an adaptive discretization of the 
ground is used in order to reduce the search space. As will be 
described, instead of sampling the ground by a uniform regu 
larly spaced grid, a non-regular sampling process is used. It is 
adaptively built as a function of the cameras’ topology and of 
the scene activity. 
0062 An average object or person 1 with a given volume, 
located in a part of the scene refers to an occupancy vector X, 
with only one non-Zero element depending on its location. If 
X contains one non-zero component, each of the cameras 2 
will capture only one silhouette 22, i.e. a connected area of 
non-Zero pixels in the image plane, with size and location 
related to the particular projective geometry, combining the 
scene and the cameras. The occupancy vector X can also 
contain more than one non-Zero element, 
0063. The following “forward model” describes the 
underlying correspondence between each occupancy vector 
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and its resulting multi-silhouette vector MSV. It maps the 
occupancy vector xe{0,1}^ to a certain configuration of 
occluding silhouettes in the camera images, by using a matrix 
De{0,1}'', called the “dictionary”. The dictionary is com 
posed of N columns (atoms) 30, each of them represents an 
approximation for the silhouette of an average-size object or 
person, at a possible location on the image or ground Surface. 
By Such a construction, the dictionary relates the non-empty 
locations of the occupancy vector X (positions occupied by 
objects) to an approximation of the multiple silhouettes y 
viewed by the cameras 2, through a nonlinear mapping. 
0064. In other words, each atom 30 approximates the sil 
houette 22 generated by a single object or person 1, at a given 
location 12, in all the camera views 20. For example, if a 
camera's view comprises wxh pixels, a single object or a 
person 1 corresponds to a vector with wxh binary elements, 
i.e. each element takes Zero or a nonzero value, depending on 
the shape of the object/person and its position on the scene. In 
one embodiment this vector comprises Zeros and ones. This 
vector represents a column of the dictionary D. For each 
ground position, i.e. for each sample point, given a camera 2. 
a column of the dictionary D is formed. In the case of more 
than one camera 2, the columns corresponding to the other 
cameras’ view are concatenated vertically under the previous 
columns. The columns of D, i.e. the atoms, live thus in the 
same space as the observed Multi-Silhouette Vector (MSV), 
i.e. in a space of M dimensions. 
0065. Each column (atom) of D, say d, indicates the cor 
responding approximated ideal MSV of an average object or 
person, at position in the scene. Practically, each of the atoms 
dare generated by a computing process, thanks to the homog 
raphies mapping points in the 3-D scene to their 2-D coordi 
nates in the camera views during the calibration step. The 
generation of each atom depends on the position, the Zoom, 
the focus and the resolution of at least one camera 2. 

0066. As discussed, the dictionary De{0,1}*Y is a 
matrix, wherein the number of rows M corresponds to the 
resolution of the cameras 2. In one embodiment each atom 
represents only one possible shape per object; in this case the 
number of columns N of the dictionary D corresponds to the 
number of sampling points of the scene. In another embodi 
ment, more than one atom represents an object/person at each 
location, depending on its possible different shapes: for 
example, one atom for a standing person and another for a 
sitting person, at a certain location. In this case, the number of 
columns N of the dictionary D corresponds to the number of 
the ground sampling points multiplied by the number of pos 
sible objects/persons' shapes. 
0067. The foreground silhouette 22 of an object or a per 
son 1 is approximated by an atom with simple shapes. For 
example, in the case of a standing person, a rectangular or an 
elliptical shape can be used. To cope with the various poses 
and shapes that a person can generate in a camera view, a 
half-cylinder-half-spherical shape can be used to approxi 
mate the silhouette 22 of a standing person 1 in the views 20. 
0068. Mathematically, the “forward model” relates the 
Multi-Silhouette Vectory to the occupancy vectorx and to the 
dictionary D (made of atoms representing single objects 
approximated ideal multi-view silhouettes), by the formula 

y=Dixie Dz (1) 

where Ze{0,1} is the noise vector that corrupts MSV by 
both missing and extra foreground pixels. This may occur due 
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to several reasons, e.g. non ideal silhouette extraction, non 
ideal modeling of the dictionary atoms, shadows, reflections, 
etc. 

0069. The operations in equation (1) are Boolean, i.e. the 
matrix multiplication in DX differs from the conventions in 
linear algebra by substituting the sum and the product of the 
matrices elements by nonlinear Boolean operators OR and 
AND, respectively. The symbol (D denotes bitwise XOR 
operation between two Boolean vectors. The formula (1) 
demonstrates a nonlinear mapping between X and y. 
0070 Instead of using Boolean operators, an alternative 
way of formulating the forward model can be achieved by 
applying a quantization operator Q:RY-->{0,1}^ on the con 
ventional linear algebra’s matrix multiplication DXX, where 
(QIV), –1 if v z0 and 0 else. 
(0071. The dictionary D can also be considered as the con 
catenation of all the sub-dictionaries De{0,1}'', where D. 
is the index restriction of the atoms of D to the pixel range of 
each camera c, for 1 scsC. Therefore 

D=(D, ... D') 

meaning implicitly that there is no theoretical constraint on 
the number or on the type of camera used, e.g. planar or 
omnidirectional. 

(0072 Practically, the atoms of each D are generated 
thanks to 

(0073 (i) the homographies mapping points in the 3-D 
scene to their 2-D coordinates in the planar view during the 
calibration step 
0074 (ii) the approximation of the silhouettes by simple 
shapes (e.g. rectangular or elliptical shapes). 
0075 Advantageously a dictionary D can be modified 
depending on the shape of the objects or people to be detected. 
In one embodiment it is contained in a file, like a XML file, a 
txt file, a binary file or other appropriated format file, stored in 
the image processing system 8, and for example it can be 
changed/modified in order to fit better with silhouettes of 
Japanese or American people. Atoms of a dictionary that 
models the shape of a cellule or an industrial object or a car 
can be advantageously used for automatically localizing cel 
lules or industrial objects or cars, respectively. 
0076) Given the constructed dictionary D and the fore 
ground silhouettes y, the problem of detecting/localizing 
people in a scene can be formulated by one of the three 
following minimizations, depending on their respective prior 
side information: 

(0077 (i) When the number of objects is a priori known or 
bounded, i.e. W(x)sk where k is an integer and positive 
number: 

3 = argmin(WH (yel). x)) (2) 

S.t. 

W(x) <k 

(0078 (ii) When the maximum power of noise is bounded, 
i.e. W(x)se which means noise has flipped at most e bits 
of the original MSV, where e is an integer and positive 
number: 
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3 = argmin(WH (x)) (3) 

S.t. 

WH (y (DI), v) < & 

0079 (iii) When there is neither a prior knowledge about 
the noise level nor on the number of the objects 

& = argmina Wh(x) + Wh (yee D. x)) (4) 

In optimization (4) C. is a regularization factor. In the formulas 
(2), (3) and (4) W(a) denotes the Hamming weight of a 
Boolean vectora, i.e. the number of the nonzero elements of 
a. All the three minimizations above indicate recovering a 
sparse occupancy vector X that results in a close approxima 
tion for a given MSVy. 
0080 Minimizations (2), (3) and (4) are formulations for 
non-linear inverse problems with sparsity constraint, i.e. the 
constraint of minimizing W(x), which is the number of 
non-zero elements of the occupancy vector X. In fact, the 
number of the objects 1 present in the scene is sparse, since, 
for example, it is limited to the capacity of the room or of the 
play area. 
0081. To solve minimizations (2), (3) and (4) a greedy 
approach is preferably used that is called "Regularized 
Matching Pursuit (R-MP). As discussed, a greedy algorithm 
is an approximation algorithm for optimization problems. 
which works iteratively. At each iteration, it locally optimizes 
the objective function of the problem, with the hope offinding 
the global optimum. Regularized Matching Pursuit (R-MP) 
has three versions that are slightly different, in order to 
approximate respectively the solutions of the so described 
three optimizations (2), (3) and (4). All three versions of 
R-MP performin polynomial-time and in a localization appli 
cation they approximate the solution in real-time. 
0082 In all the following R-MP versions 
I0083) the symbol A denotes bitwise AND operator 
I0084) symbol v denotes bitwise OR operator 
0085 the symbol denotes bitwise NOT operator 
I0086) the symbol (D denotes bitwise XOR operator 
0087. The following version of R-MP approximates the 
optimization (2), i.e. the case wherein there is a priori knowl 
edge oran upperbound on the number of the objects/people in 
the scene. 

Inputs: 

0088. The MSV vectory 
I0089. An upperbound on the number of the objects/ 
people, i.e. W(x)sk 
(0090. The regularization factor. 
0091. The dictionary D 

Outputs: 

0092. The support set A, hence the occupancy vector x 
Program: 

Initiation: 
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Preprocess: 

0094 for (i-1:N) do 
0.095 if (W,(d. A y)>0) 
(0096] UK=UU{d} 
0097 end if 

0.098 end for 

Main Greedy Process: 

(0099 while (tsk) do 

{ Wh (d. A R) is a 3X is argm Wh (dy) Wh (d. A ty 
jet + (1 - ) W(R) 

01.00 
0101 

Updates: M. M. 

Recovered support: Ak= AU{j} 
0102 Recovered MSV: y<= y V d 
(0103 Remainder: R<= RA (y) 
0104 Error: e4 = W(yety) 
01.05 Counter: t<= t+1 
end while 
0106 The following version of R-MP approximates the 
optimization (3), i.e. the case wherein there is a priori knowl 
edge on the noise level, i.e. W(x)se. In case of a probabilistic 
noise, e is set to be the maximum noise level with very high 
probability. 

Inputs: 

01.07 
0108 

The MSV vectory 
An upperbound on the noise level, i.e. W(x)se 

Program: 

Initiation: 

Preprocess: 

0110 for (i-1:N) do 
0111 if (W,(day)>0) AND (W(d, a 1 (y))se) 
0112 UK=U{d} 

0113 end if 
0114 end for 

Main Greedy Process: 

0115 while (ede) do 

i (= argma 
je U. 

Wu (d. A R x H (d. A It (I-A) Wh (d. } 
Wh (dy) Wii (R) 

0116 
0117 
0118 
0119) 
0120 

0121 

Updates: 
Recovered support: Ag= AU{i} 
Recovered MSV: y<= y V d 
Remainder: R<= RA (y) 
Error: ex= W(yety) 

Counter: t{Et-1 

0.122 end while 
0123. The following version of R-MP approximates the 
optimization (4) with a regularization parameter C. in the case 
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wherein there is neither a prior information on the noise level, 
nor on the number of the objects/people on the scene. 

Inputs: 

(0.124. The MSV vectory 
0.125. The regularization parameter C. 
0.126 The regularization factor w 
I0127. The dictionary D 

Outputs: 

(0128. The support set A, hence the occupancy vector x 
Program: 

Initiation: 

Preprocess: 

0.130 for (i-1:N) do 
0131 if (W,(day)>0) 
(0132 UK = U{d} 

0.133 end if 
0.134 end for 

Main Greedy Process: 

(0135) while (e-edo) do 

Wu (d. A R) Wh (d. A R) | { agak Way" ( - WR } 

(0.136 Updates: 
I0137 Recovered support: Ak= AU{j} 
0138 Recovered MSV: y<= y yd 
0139 Remainder: R<= RA (y) 
(0140) Errors: e.<=e 

0141 ex= W(yety) 
0.142 Counter: t<= t+1 

0.143 end while 
0144 All the three versions of R-MP take MSV y, the 
Dictionary D and a regularization parameter was the inputs. 
The shape used to generate the atoms then does not affect the 
computation complexity since the dictionary D is computed 
“off-line', i.e. once before the detection process. Moreover, 
each version of R-MP, depending on the corresponding opti 
mization problem that it tends to solve, takes especial a priori 
side information. For example, the version related to the 
formula (2) takes a priori known upper-bound k on the num 
ber of the objects/people in the scene. Whereas the version 
related to the formula (3) asks for e an upperbound on the 
noise level, and finally the version related to the formula (4) 
takes an extra regularization parameter C. to weight appropri 
ately two terms of the optimization (4). 
(0145 All the three versions of R-MP (based on their 
respective inputs) estimate the support set Ac{1,2,..., N}, 
which determines the positions of the nonzero elements (po 
sitions of ones in Boolean case) of the recovered occupancy 
vector x. Since occupancy vector is Boolean, it can be per 
fectly characterized by its support set. 
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0146 All the three versions of R-MP contain a “Prepro 
cessing step that reduces the search space of the “Main 
Greedy Process” to a set UC {1,2,..., N}. Hence, the major 
complexity of the algorithm that belongs to the iterative part 
(Main Greedy Process) scales with the cardinality of U, rather 
than N. The Preprocessing step for the first (formula (2)) and 
the third (formula (4)) version of the R-MP is the same, and it 
means reducing the search space U to the atoms of the dic 
tionary whose Support set (positions of the nonzero bits) have 
at least one element in common with the support of MSV y. 
For the second version (formula (3)) of the R-MP since R-MP 
knows the upperbound on the noise corruptions, the search 
space U contains atoms of D whose Support set have at least 
one element in common with the support of MSV y, but no 
more thane elements out of the support of MSV. 
0147 All three versions of R-MP contain an iterative step 
“Main Greedy Process’. At each iteration, R-MP selects an 
atom d of the dictionary based on a selection criterion and 
adds its corresponding index i to the recovered support set A. 
The algorithm repeats the iterations until meet stopping or 
ending criteria. At each iteration, the algorithm updates many 
parameter including the recovered support set A. 
0148. The selection criteria in all three cases are set to be: 
the atom d, which is the maximizer of the following statistics: 

Wh (d. A R) Wh (d. A R) (5) f 

f = - wit - + (1 - )- - 

014.9 The complexity of the maximization at each itera 
tion reduces from N to the cardinality of U, thanks to the 
Preprocessing step. 
0150 Regarding people detection on the ground, the 
selection criteria in all three cases is set to select an atom 
maximizing the formula (5) and that has a minimum distance 
with previous selected atoms, typically 60-70 cm. 
I0151. Each statistic f, of formula (5) contains two normal 
ized terms: 

Wu (d. A R) 
WR) 
Wh (d. A R) 
Wh (d) 

a. Cover: 

b. Fitness: 

The cover measures how much an atom intersects with the 
remainder and the fitness measures how much an atom fits to 
the remainder. The remainder is a Boolean vector initially 
equivalent to the MSV y. The regularization parameter w is 
used to weight appropriately between these two terms. 
0152. In one embodiment of R-MP, the selection criteria in 
all three realizations change to be the maximizer of a statistic 
wherein the cover is: 

"I'll y Feu (6) 
Wh (d) 

The use of the MSV y instead of the remainder R on the 
numerator of the cover relaxes the formulation such that it 
allows detecting highly overlapping objects. 
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0153. In another embodiment of R-MP, the selection cri 
teria in all three realizations change to be the maximizer of a 
statistic wherein the cover is 

Wh (d a (RVS)) (7) - - - - W i e U Wh (d) fe 

The use of the R v Sinstead of the remainder R on the numera 
tor of the cover allows to also detect highly overlapping 
objects as in the previous case (formula (6)) with a further 
relaxation. 
0154. In all three version of R-MP, at each iteration, after 
selecting the atoms index, the following parameters update: 

(0.155 a. The recovered support set A which initially set 
to be empty. 

0156 b. The recovered MSV y, which is a Boolean 
vector constructed by bitwise OR among the so far 
recovered atoms of D, at a certain iteration. This vector 
initially set to be zero. 

0157 c. The remainder R, which is a Boolean vector 
initially equivalent to the MSVy. At each iteration, this 
vector updates by taking out the contribution of the so far 
recovered MSV y, from the original one y. After each 
iteration the energy of the remainder, i.e. the Hamming 
weight of the vector R, reduces. 

0158 d. The error level e. that is a scalar set to be the 
Hamming weight (energy) of the MSV y. This value 
updates at each step by counting the number of bits in the 
recovered MSVS that are mismatching with the original 
MSV y. At the beginning of the iterations, the error 
decreases, however by recovering too many atoms, at a 
certain point, this value starts to increase. 

0159 e. A scalar value t counts the number of the 
objects/people so far has been recovered. 

0160 The stopping or ending criteria for the iterative pro 
cess are closely related to the extra side-information and 
hence it is different for each of the three versions of R-MP. It 
appears in the criterion in the while loop of the Main Greedy 
Process and for each version is as follows: 

0.161 a. For the first R-MP version that optimizes (2), 
the Main Greedy Process runs only for k iterations 
which is equivalent to selecting k atoms of D, i.e. esti 
mating only k object/persons. 

0162 b. For the second R-MP version that optimizes 
(3), the iterations continue to add more atom indices to 
A, as long as the error level e is higher than the noise 
level e. As soon as e falls below the noise level, the 
iterations stop. This avoids recovering too many more 
atoms that actually would start representing the noisy 
parts rather than the true objects silhouettes. 

(0163 c. For the third R-MP version that optimizes (4), 
the iterations continue to add more atom indices to A, as 
long as the error level e is decreasing fast enough. More 
precisely, the error between two consecutive steps must 
decrease with a difference of more than C. The rational 
behind, as mentioned before, is that the error value at the 
beginning of the iterations starts to decrease very fast. 
However, after recovering the true objects, at a certain 
point, the algorithm starts to recover the noisy part of the 
MSV that results in increasing the error level. It is 
assumed the noise is not adversarial, and it cannot be 
modeled (fitted) by atoms that are designed to estimate 
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the true objects/peoples silhouettes. That explains why 
an attempt to model/recover the noisy parts leads to an 
increase in the error level which force the iterations 
stopping. The parameter C. that weights two terms of (4) 
appears to be the required limit for the error's decreasing 
speed, in order to continuing the iterations. 

0164. The algorithm allows to retrieve the occupancy vec 
tor in real-time. Moreover, R-MP is robust to the occlusions, 
since is able to detect/localize objects or people even if they 
occlude each other, as FIGS. 1 and 2 demonstrates. 
0.165. In one embodiment the algorithm can be used for 
tracking objects. In this case, the occupancy vector X retrieved 
for a frame can be used in the next frame as another observa 
tion vector in conjunction with the current frame's MSVy. In 
this case, the inter-frames correlations are advantageously 
exploited to improve tracking. 
0166 In another embodiment the algorithm can take into 
account radio signals emitted from the objects or people in 
order to retrieve efficiently their positions. 
0167. In another embodiment the output of the algorithm 
according to the invention is not a vector comprising points on 
the 2-D ground, but 3-D volumes. The algorithm then can 
determine 3-dimensional positions. In Such a case, the system 
is able to determine for example the position of a basket 
player just as he is jumping. In this embodiment many cam 
eras 2 are needed. Moreover, the calibration step has to be 
3-dimensional. 
0168 If objects to be detected are people, the shape of 
atoms that gives a high precision for retrieving the positions is 
half rectangular and half ellipsoid. Other shapes, i.e. a rect 
angular shape or an ellipsoid shape, can be used, whereas the 
optimal shape also depends on the inclination of cameras. 
Between two occupied ground points, the minimal spatial 
distance is representative of the average width of a standing 
person. A typical value is between 60 cm and 70 cm. The 
sensitivity of R-MP to the model that generates the human 
silhouettes, in the case of a half rectangular and half ellipsoid 
shape, is 30%. In other word R-MP can use the same dictio 
nary design in order to robustly detect/localize people in the 
range of 1.20 m till 2.20 m if atoms of the dictionary D are 
designed so that they approximate silhouettes of people with 
height 1.70 m. Hence, the proposed approximate shape for 
atoms can handle 30% mismatch, i.e. the tolerance is equal to 
30%. 
0169. If many cameras 2 are used, the dimensions of y and 
X, and consequently of D, increase. In this case Some possi 
bilities exist in order to further reduce the complexity cost, i.e. 
the total computational time and the memory storage. 
0170 In one embodiment the dimensionality of the obser 
vations can be reduced. The dimension of the observation 
vectory is by default equal to the sum of each camera reso 
lution. To reduce the computation cost, all images are down 
scaled. 
0171 The complexity cost depends on N the number of 
ground plane points to locate as occupied or not. In another 
embodiment the resolution of the cameras and the sparsity of 
the people present in the scene are considered for discretizing 
the ground. According to one aspect of the invention a non 
regularly spaced sampling process is used for discretizing the 
ground. 
0172 Known solutions are known for discretizing the vis 
ible part of the ground into a fixed number of points regularly 
spaced as shown in FIG. 6a. FIG. 6b shows the non-regularly 
spaced sampling process. Points regularly spaced in the 
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image plane of all cameras are mapped to the ground to form 
points called the “sample points'. The mapped location 
points are quantized to avoid points spaced with less than few 
centimeters. Although the grid proposed in FIG. 6b has less 
number of points, regions of interest have higher density of 
points, i.e. higher spatial resolution compared to the known 
solution of FIG. 6a. 
(0173. In another embodiment a further reduction in the 
search space can be achieved by measuring the activity of a 
sample point according to three possible assumptions: 
0.174 1. Assumption 1 (Foreground pixels only): Sample 
points are ground plane points belonging to the foreground 
pixels of at least one camera. 

0.175 2. Assumption 2 (Intersecting foreground pixels): 
Sample points are ground plane points belonging to the 
foreground pixels of all the cameras observing the corre 
sponding points. 

0176 3. Assumption 3 (Least significant silhouette): 
Sample points are ground plane points corresponding to a 
significant foreground silhouette in all the cameras observ 
ing the corresponding points. 

0177. The assumption 3 is contained in the assumption 2 
that is contained in the assumption 1. In other words, the 
assumption 3 is more restrictive than assumption 2 and the 
assumption 2 is more restrictive than assumption 1. When an 
assumption reduces the search space, it may have the counter 
part of potentially removing correct locations. 
0.178 FIG. 7a shows an example offive views of cameras 
with overlapping field-of-views. FIG. 7b illustrates an 
example of foreground silhouettes (made of shadows, peo 
ple's reflection, missed regions) and FIG. 7c shows the sil 
houettes used to model their presence in the set of planar and 
omnidirectional cameras. 

1. A method for automatic localization of objects in a mask, 
comprising the steps of 

building a dictionary of atoms, wherein each atom models 
the presence or one object at one location; 

iteratively determining the atom of said dictionary which is 
most correlated with said mask, until ending criteria are 
met. 

2. The method of claim 1, wherein said mask is computed 
by a foreground-background extraction process from an 
image acquired by at least one camera, 

and wherein each step comprises the determination of the 
atom which is most correlated with said mask, and the 
adaptation or a remainder by taking out said atom. 

3. The method of claim 2 wherein said mask is a binary 
mask. 

4. The method of claim 1, wherein said dictionary com 
prises a list of atoms at each of a plurality of uneven spaced 
positions. 

5. The method of claim 1, wherein each atom models the 
different images taken by a plurality of different cameras of 
one object at one location. 

6. The method of claim 1, wherein said method recovers an 
occupancy vector according to the formula 

3 = argmin(WH (ye D. x)) 

with the constraint of minimizing the number of elements 
of said occupancy vector different to Zero and the con 
straint W(x)sk, where X is said occupancy vector, y is 
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a multi-silhouette vector. D is the dictionary of atoms, (D 
is a bitwise XOR operator, W() is the Hamming weight 
of Boolean vector and k is an integer and positive num 
ber. 

7. The method or claim 1, wherein said method recovers an 
occupancy vector according to the formula 

3 = argmin(WH (x)) 

with the constraint or minimizing the number of elements 
of said occupancy vector different to Zero and the con 
straint W(yeBDX)se, where X is said occupancy vector, 
y is a multi-silhouette vector. D is the dictionary of 
atoms, CD is a bitwise XOR Operator, W() is the Ham 
ming weight of a Boolean vector and e is an integer and 
positive number. 

8. The method of claim 1, wherein said method recovers an 
occupancy vector according to the formula 

with the constraint or minimizing the number or elements 
or said occupancy vector different to Zero, where X is 
said occupancy vector, y is a multi-silhouette vector, Dis 
the dictionary or atoms, €D is a bitwise XOR operator, 
W() is the Hamming weight of a Boolean vector and C. 
is a regularization parameter. 

9. The method of claim 1 comprising 
a) selecting the most correlated atom or said dictionary or 

atoms with said multi-silhouette vector for each possible 
location 

c) updating a remainder of said multi-silhouette vector 
taking out the contribution of said most correlated atom 

e) repeating steps a) to c) until meeting ending criteria. 
10. The method or claim 9 wherein said ending criteria 

depend on an a priori knowledge of the number or objects to 
be detected. 

11. The method or claim 9 wherein said ending criteria 
depend on an upper bound error level or the energy level or 
said remainder. 

12. The method of claim 9 wherein said ending criteria 
depend on the decreasing of an error level e. 

13. The method of claim 9 wherein said most correlated 
atom corresponds to a maximal statistic. 

14. The method of claim 13 wherein said maximal statistic 
is the sum of two parameters depending on said atoms, said 
remainder, said multi-silhouette vector and a second regular 
ization factor. 

15. The method of claim 14 wherein the first parameter of 
said two parameters is the cover defined by the formula 

Wh (d. A R) 
W(R) 

wherein d are said atoms, R is said remainder, A is the 
bitwise AND operator and W() is the Hamming weight 
of a Boolean vector. 

16. The method of claim 14 wherein the first parameter of 
said two parameters is the cover defined b the formula 
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Wh (d. A y) 
Wh (dy) 

whereind, are said atoms, y is said multi-silhouette vector, 
^ is the bitwise AND operator and W() is the Ham 
ming weight of a Boolean vector. 

17. The method of claim 14 wherein the first parameter of 
said two parameters is the cover defined by the formula 

Wh (d. A (R v 5)) 
Wh (d) 

wherein d, are said atoms, R is said remainder, y is a 
recovered multi-silhouette vector, A is the bitwise AND 
operator and W() is the Hamming weight of a Boolean 
Vector. 

18. The method of claim 14 wherein the second parameter 
of said two parameters is the fitness defined by the formula 

Wh (d. A R) 
Wh (dy) 

wherein d, are said atoms, R is said remainder, A is the 
bitwise AND operator and W() is the Hamming weight 
of a Boolean vector. 

19. The method of claim 1, comprising a preprocessing 
step and a main greedy process step. 

20. The method of claim 19, wherein said preprocessing 
step reduces the search space of said main greedy process 
step. 

21. The method of claim 1 wherein said atoms in said 
dictionary depend on the shape of said objects. 

22. The method of claim 1 wherein said dictionary depends 
on the position, the Zoom, the focus and the resolution of said 
at least one camera. 

23. The method of claim 1 wherein said location is defined 
by an adaptive discretization or a ground. 

24. The method of claim 23 wherein said adaptive discreti 
Zation comprises the mapping of points regularly spaced in an 
image plane of said at least one camera to samples points of 
said ground and a quantization of said samples points on said 
ground. 

25. The method of claim 1 wherein said objects are people 
in a crowded environment. 

26. The method of claim 25, wherein the method select an 
atom that has a minimum distance with previous selected 
atOmS. 

27. The method of claim 26, wherein said minimum dis 
tance is comprised between 60 cm and 70 cm. 

28. The method of claim 25 wherein a half-cylinder-half 
spherical shape is used to approximate the silhouette of a 
person in a view of said at least one camera. 

29. The method of claim 1 wherein there is at least two 
CaCaS. 

30. The method of claim 24 wherein said dictionary is a 
matrix wherein the number of rows corresponds to the reso 
lution of said at least one camera and the number of columns 
corresponds to the number of said samples points multiplied 
by the number of possible shapes of said atoms. 
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31. The method of claim 24 wherein said adaptive discreti 
Zation is a function of the topology of said cameras and of the 
activity of the scene. 

32. The method of claim 24 comprising the measuring the 
activity of said samples points according to said assumption: 

Sample points are ground plane points belonging to the 
foreground pixels of at least one camera. 

33. The method of claim 24 comprising the measuring the 
activity of said samples points according to said assumption 

Sample points are ground plane points belonging to the 
foreground pixels of all the cameras observing the cor 
responding points. 

34. The method of claim 24 comprising the measuring the 
activity of said samples points according to said assumption 

Sample points are ground plane points corresponding to a 
significant foreground silhouette in all the cameras 
observing the corresponding points. 

35. The method of claim 1 comprising 
a. acquiring a multi-silhouette vectory 
b. defining an upper-hound on the number of the objects 
W(x)sk 

c. defining a regularization factor w 
d. defining a dictionary D 
e. creating an output Support set A 
f. Initializing 
A={}, U={}, R<= y, y<= 0, ex= W(y), t{= 1 
g. performing a preprocessing step for reducing the search 

space to a set UC {1, 2, ... , N} 
h. computing the sequence of statistics according to the 

formula 

Wh (d a R) Wh (d. a R) - - + (1 - )-- ie U way (1-)- We je 

whereind, are said atoms, R is said remainder, A is bitwise 
AND operator, W() is the Hamming weight of a Bool 
ean vector and w is a regularization factor, 

i. repeating the steph, for each point between the number of 
points on the search space 

1. finding the argmax of said sequence of statistics 
m. updating said output support set according to the for 
mula A<= AU{j} 

n. updating said recovered multi-silhouette vector accord 
ing to the formula y <= y w d, where d is the atom corre 
sponding to said argmax of said sequence of statistics 

o. updating said remainder according to the formula R&R 
a (, y) Wherein - is the bitwise NOT operator 

p. updating an error according to the formula e 
<= W(yety), wherein (D is the bitwise XOR operation 
between vectors 

q. updating a counter according to the formulat{F t+1 
r. repeating steps h. to q until tsk. 
36. The method of claim 1 comprising 
a. acquiring a multi-silhouette vectory 
b. defining an upper-bound on the noise level W(x)se 
c. defining a regularization factor w 
d. defining a dictionary D 
e. creating an output Support set A 
finitializing 
A={}, U={ }, R<= y, y<= 0, ex= W(y), t{= 1 
g. performing a preprocessing step for reducing the search 

space to a set UC {1, 2, ... , N} 
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h. computing the sequence of statistics according to the 
formula 

Wh (d. A R) + (1 - ) Wh (d. A R) - - ie U Wh (d) W(R) 

wherein d are said atoms, R is said remainder, A is the 
bitwise AND operator, W() is the Hamming weight of 
a Boolean vector and W is a regularization factor, 

i. repeating the step.h.. for each point between the number of 
points on the search space 

1. finding the argmax of said sequence of statistics 
m. updating said output Support set according to the for 

mula Ak= AU{i} 
n. updating said recovered multi-silhouette vector accord 

ing to the formula y <= y V d, where d is the atom corre 
sponding to said argmax of said sequence of statistics 

o. updating said remainder according to the formula R<= R 
^ (, y) wherein is the bitwise NOT operator 

p. updating an error according to the formula e 
<= W(yety), wherein (D is the bitwise XOR operator 
between Boolean vectors 

q. updating a counter according to the formulat{F t+1 
r. repeating steps h. to q. until ele. 
37. The method of claim 1 comprising 
a. acquiring a multi-silhouette vectory 
b. defining a regularization parameter C. 
c. defining ti regularization factor w 
d. defining a dictionary D 
e. creating an output Support set A 
f initializing 
A={ }, U={ }, R<= y, y<= 0, ex= W.,(y), e.<= W.,(y)+C, t 

< 1 
g. performing a preprocessing step for reducing the search 

space to a set UC {1, 2, ... , N} 
h. computing the sequence of statistics according to the 

formula 

Wh (dy a R). (1 - ) Wh (d. A R) 6 U Wh (dy) w(R) 

whereind, are said atoms, R is said remainder, A is the 
bitwise AND operator, W() is the Hamming weight of 
a Boolean vector and W is the regularization factor, 

i. repeating the step.h.. for each point between the number of 
points on the search space 

1. Finding the argmax of said sequence of statistics 
m. updating said output support set according to the for 

mula Ak= AU{j} 
n. updating said recovered multi-silhouette vector accord 

ing to the formula y <= yy v d, where d is the atom corre 
sponding to said argmax of said sequence of statistics 

o. updating said remainder according to the formula R{FR 
^ (, y) wherein is the bitwise NOT operator 

p. updating an error according to the formula e 
<= W(yety), wherein €D is the bitwise XOR operator 
between Boolean vectors 

q. updating a counter according to the tgt+1 
r. repeating steps h. to q. until el-e-C. 
38. A method for automatic localization of objects in an 

image taken by at least one fixed camera acquiring a multi 
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silhouette vector wherein said method recovers an occupancy 
vector by using said multi-silhouette vector and a dictionary 
of atoms, each atom modeling the presence of a single object 
at a given location of said image. 

39. The method of claim 38, comprising a plurality of 
iterative steps, wherein at each of said iterative step the atom 
of said dictionary that best matches said image is determined. 

40. The method of claim 38, which takes into account a 
sparsity constraint, i.e. the constraint or minimizing the num 
ber of non-zero elements of said occupancy vector X. 

41. A non-transitory computer readable medium storing a 
program causing a computer to execute instructions execut 
able to compute the method of claim 1. 

42. A system for automatically detecting objects in a mask, 
comprising 

at least one fixed camera for acquiring video frames; 
computation means for calibrating said at least one fixed 

Camera, 
computation means for extracting foreground silhouettes 

in each acquired video frames; 
computation means for discretizing said ground plane into 

a non-regular grid of potential location points; 
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computation means for constructing a dictionary of atoms, 
each atom modeling the presence or a single object at a 
given location of said ground plane; 

computation means for finding, objects location points 
with the method of claim 1: 

means for propagating the result in said at least one fixed 
camera view. 

43. The system of claim 42, wherein said mask is computed 
by a foreground-background extraction process from an 
image acquired by at least one camera. 

44. The system of claim 42 comprising at least two cam 
CaS. 

45. The system of claim 42 wherein said at least one camera 
is a planar and/or omnidirectional camera. 

46. The system of claim 42 wherein said at least one camera 
is an IR camera. 

47. The system of claim 44 wherein said cameras have 
overlapping field-of-views. 

48. The system of claim 42 wherein said objects are people 
in a crowded environment. 

49. The system or claim 42 wherein all said computation 
means belong to an image processing System. 

k k k k k 


