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What	  is	  related	  to	  tracking	  people?	  
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From	  foreground	  extracFon	  To	  tracking	  millions	  of	  pedestrians	  	  
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I.	  DetecFon:	  Foreground	  extracFon	  

•  Strong	  
occlusions	  	  

	  
	  

•  Severely	  degraded	  
foreground	  silhoueZes	  

•  SpaFally	  dense	  
distribuFon	  
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	   	   	   	  	  	  	   	   	   	  	  	  	  	  1	  if	  	  |	  I(x,y,	  t)	  -‐	  B(x,y)	  |	  >	  T	  
	   	   	   	  F(x,y,	  t+1)	  =	  	  

	  	  0	   	  otherwise	  
	  

•  Frame	  differencing	  
B(x,y)	  =	  I(x,y,t-‐1)	  

•  Mean	  filter	  
B(x,y)	  =	  1/N	  	  Σi=1…N	  I(x,y,t-‐i)	  

•  Gaussian	  averaging	  
•  GMM	  
•  …	  

=>	  Library	  of	  32	  algorithms	  (BGS	  library)	  

I.	  DetecFon:	  Foreground	  extracFon	  
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I.	  DetecFon:	  Pedestrian	  localizaFon	  



A.	  Alahi	   8	  

•  Create	  a	  dicFonary	  D	  of	  atoms	  approximaFng	  the	  ideal	  foreground	  
silhoueZe	  for	  every	  posiFon	  in	  x	  

	  

	  

I.	  DetecFon:	  Calibrated	  Camera	  

	  	  	  	  	  	  	  DicFonary	  D 	  	  x	  
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•  Inverse	  problem:	  

I.	  DetecFon:	  Sparsity	  driven	  framework	  

y = Dx + n
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I.	  DetecFon:	  Greedy	  approach	  

	   	   	  	  	  	  	  	  
	   	   	   	   	   	  	  	  	  D	  	  	  	  	  x	  	  	  =	  	  	  	  y	  

[1]	  S.	  Mallat	  and	  Z.	  Zhang,	  “Matching	  pursuits	  with	  Fme-‐frequency	  
dicFonaries,”	  IEEE	  TransacFons	  on	  signal	  processing,1993.	  

=
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•  Inverse	  problem:	  

•  Sparsity	  prior: 	   	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  s.	  t.	  	  

I.	  DetecFon:	  Sparsity	  driven	  framework	  

y = Dx + n

min x
0 y = Dx + n
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I.	  DetecFon:	  In	  praise	  of	  sparsity	  

	  
“CreaFon	  is	  based	  on	  small	  number	  of	  primary,	  indivisible	  
elements	  that	  combine	  with	  one	  another	  according	  to	  a	  few	  
simple	  paZerns.”	  [1]	  

[1]	  B.	  Elahi,	  “Spirituality	  is	  a	  science:	  FoundaFon	  of	  Natural	  Spirituality”	  
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•  Inverse	  problem:	  

•  Sparsity	  prior: 	   	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  s.	  t.	  	  

•  Basis	  Pursuit	  [1]: 	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  s.	  t.	  

•  BPDN: 	   	   	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  s.	  t	  

•  Lasso:	   	   	  	  	  	  	  	  	   	   	   	   	   	  	  	  	  	  	  	  	  s.	  t	  

I.	  DetecFon:	  Sparsity	  driven	  framework	  

y = Dx + n

min x
0 y = Dx + n

min x
1 y = Dx

min x
1 y−Dx ≤ n

x
1
≤ εmin y−Dx

2

[1]	  S.	  S.	  Chen,	  D.	  Donoho,	  and	  M.	  Saunders,	  “Atomic	  decomposiFon	  by	  basis	  
pursuit,”	  SIAM	  Journal	  on	  ScienFfic	  CompuFng	  
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(700,404)	  

§ 	  Foreground	  
extracFon	  

§ 	  LocalizaFon	  

§ 	  Used	  
	  	  DicFonary	  

αH

Cuboid 

yS

xS

zS

wX

wZ

wY

kα

2α

1α

1H lH

… … 

… 

… 

… 

),0,( www zxP
Ground position 

C

I.	  DetecFon:	  Pedestrian	  localizaFon	  

Input	  Sequence	  
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Outline:	  

From	  foreground	  extracFon	  To	  tracking	  millions	  of	  pedestrians	  	  
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II.	  Tracklet	  generaFon:	  Data	  AssociaFon	  Problem	  

•  Create	  a	  Directed	  Acyclic	  Graph	  G=	  (N,E)	  where	  
–  N=	  The	  detected	  ground	  plane	  points	  across	  Fme	  
–  E=	  The	  connecFvity	  cost	  between	  the	  detecFons	  (based	  on	  moFon/

appearance	  model)	  
Time	  
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II.	  Tracklet	  generaFon:	  Data	  AssociaFon	  Problem	  

x	  

y	  

Tim
e	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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II.	  Tracklet	  generaFon:	  Create	  a	  DAG	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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II.	  Tracklet	  generaFon:	  Select	  longuest	  shortest	  path	  
with	  smallest	  cost	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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II.	  Tracklet	  generaFon:	  Iterate	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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II.	  Tracklet	  generaFon:	  Iterate	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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II.	  Tracklet	  generaFon:	  Till	  no	  more	  paths	  

[1]	  A.Alahi,	  L.Jacques,	  Y.Boursier,	  and	  P.Vandergheynst,“Sparsity-‐Driven	  People	  LocalizaFon	  with	  a	  Heterogeneous	  Network	  of	  
Cameras,”	  Journal	  of	  MathemaFcal	  Imaging	  and	  Vision,	  2011	  
[2]	  F.	  Fleuret,	  J.	  Berclaz,	  R.	  Lengagne,	  and	  P.	  Fua,	  “MulF-‐Camera	  People	  Tracking	  With	  a	  ProbabilisFc	  Occupancy	  Map”,	  PAMI	  2008	  	  
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•  MoFon	  model	  with	  social	  interacFons	  

•  Appearance	  model	  

II. Tracklet Generation: Edge cost 
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2 Laura Leal-Taixé et al.

(a) (b) (c)

Fig. 1: Terms of the social force model. (a) Constant velocity assumption. (b) Avoid-
ance forces. (c) Group attraction forces.

mization techniques [18, 23] and even specific algorithms have been developed for
tracking in crowded scenes [2, 32]. Though each object can be tracked separately,
recent works have proven that tracking objects jointly and taking into consideration
their interaction can give much better results in complex scenes. Current research
is mainly focused on two aspects to exploit the interaction between pedestrians: the
use of a global optimization strategy [7, 21, 40] and a social motion model [30, 38].
The focus of this chapter is to give a detailed overview of multiple people trackers
which include either a global optimization method or social behavior information
to improve tracking results in crowded scenarios. Finally, the chapter discusses an
approach to marry both concepts and include the social behaviors in a global opti-
mization tracking system.

1.1 Related work

Current research is mainly focused on two aspects to exploit the interaction between
pedestrians: the use of a global optimization strategy and a social motion model. In
this section, we discuss both research trends.

Global optimization. The optimization strategy deals with the data association
problem, which is usually solved on a frame-by-frame basis or one track at a time.
Several methods can be used such as Markov Chain Monte Carlo (MCMC) [19],
multi-level Hungarian [20], inference in Bayesian networks [27] or the Nash Equi-
librium of game theory [39]. In [6] an efficient approximative Dynamic Program-
ming (DP) scheme is presented, in which trajectories are estimated one after the
other. This means that if a trajectory is formed using a certain detection, the other
trajectories which are computed later will not be able to use that detection anymore.
This obviously does not guarantee a global optimum for all trajectories. Recent

	  
[1]	  Laura	  Leal-‐Taixé,	  Bodo	  Rosenhahn,	  “Pedestrian	  interacFon	  in	  tracking:	  the	  
social	  force	  model	  and	  global	  opFmizaFon	  methods”,	  Springer	  2012	  
	  

Images	  courtesy	  of	  [1]	  

II.	  Tracklet	  generaFon:	  
Modeling	  social	  interacFons	  
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The influences of both the environment and other people
change the local direction of motion. The human dynamic
is described by the superposition of the following forces:

F
i

= FGoal

i

+ FAvoidance

i

+ FAttraction

i

+ FScene

i

(5)

where,

• FGoal

i

points to the intended goal. It links to the final
destination of people. A first estimate of the destina-
tions is provided by the macroscopic model. In prac-
tice, it corresponds to the origins of the tracklets form-
ing the long-term trajectories obtained in the global
data association step.

• FAttraction

i

is the sum of the attractive forces inferred
by other people such as friends, and family. The latter
form a group and are driven by the same traction (such
forces is not modeled in [18, 19].

• FAvoidance

i

is the sum of the repulsive forces generated
by other people expected to cross your path.

• FScene

i

is the sum of the static obstacles.

From Equation 5 we can compute the motion of a pedes-
trian:

d

dt
v =

F
i

m
, (6)

where m is the mass of a pedestrian.
The forces are modeled as a function of their distance to

the source. Typically, the repulsive forces are computed as:

FAvoidance

i

=

X

j2P\i

fAvoidance

j!i

, (7)

with :
fAvoidance

j!i

= ↵e
dp�dij

� n
j!i

(8)

where P denotes all people, ↵ and � specifies respectively
the magnitude and range of the force, d

p

is the diameter of a
pedestrian, and d

ij

is the distance between pedestrian i and
j. The vector n

j!i

is the normalised vector pointing from
position j to position i.

Note also that given the motion of people and the
anisotropic influence of people, the force is scaled by the
following factor:

 = ⇢+ (1� ⇢)
1� n

j!i

· e
i

2

, (9)

where e
i

is the intended direction of pedestrian i. Note that
the microscopic model needs an intended direction of mo-
tion which is provided by the macroscopic step.

We implement the presented social forces as a model of
particle systems. Indeed, every people can be modeled as a

Macroscopic)
op*miza*on)

Social)Force)
Modeling)

Update)Macro)
with)new)tracklets)
from)Social)Forces)

Final)tracks)

Social)Force)
Modeling)

t)

Figure 6: Illustration of our prediction framework.

particle subject to a set of (social) forces, and then simulate
the behavior by applying standard approaches from particle
systems simulation techniques. This simulation gives us the
prediction at the microscopic scale of people trajectories un-
der social forces constraints. The main benefits of such im-
plementation are stability and efficiency at rush hours with
hundreds of tracklets to simulate.

5.4. Alternating between macro and microscopic
models

The motivation behind the microscopic model is to bet-
ter simulate the pedestrians trajectories at finer scale and
update accordingly the macroscopic initial estimation us-
ing the local social patterns (see Figure 5). As a result, the
modeled social interaction can modify the tracklets affinity
to better match their spatio-temporal similarity. We there-
fore start by running the macroscopic optimization process.
The resulting outputs (”rough” paths) are used by our mi-
croscopic model to forecast the dynamic of people over un-
observed areas. The estimated positions (outputs of the mi-
croscopic model) are used to recompute the tracklet affinity
over the graph G to find the best matches. The process al-
ternates every fix period of time (e.g. every 2 seconds) until
pedestrian are no longer in unobserved regions. In other
words, the stopping criteria is once the distance between
the estimated position given the social force model is in the
neighborhood of an observed tracklet. Figure 6 illustrates
the macro and microscopic steps to better predict associate
tracklets across scattered cameras.

6. Experiment
The installed network and collected data enable arm-

races of experiments. In this paper, we propose to lim-
ited our experiments to evaluating the performance of our

6
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change the local direction of motion. The human dynamic
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points to the intended goal. It links to the final
destination of people. A first estimate of the destina-
tions is provided by the macroscopic model. In prac-
tice, it corresponds to the origins of the tracklets form-
ing the long-term trajectories obtained in the global
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where m is the mass of a pedestrian.
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is the distance between pedestrian i and
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following factor:
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particle subject to a set of (social) forces, and then simulate
the behavior by applying standard approaches from particle
systems simulation techniques. This simulation gives us the
prediction at the microscopic scale of people trajectories un-
der social forces constraints. The main benefits of such im-
plementation are stability and efficiency at rush hours with
hundreds of tracklets to simulate.

5.4. Alternating between macro and microscopic
models

The motivation behind the microscopic model is to bet-
ter simulate the pedestrians trajectories at finer scale and
update accordingly the macroscopic initial estimation us-
ing the local social patterns (see Figure 5). As a result, the
modeled social interaction can modify the tracklets affinity
to better match their spatio-temporal similarity. We there-
fore start by running the macroscopic optimization process.
The resulting outputs (”rough” paths) are used by our mi-
croscopic model to forecast the dynamic of people over un-
observed areas. The estimated positions (outputs of the mi-
croscopic model) are used to recompute the tracklet affinity
over the graph G to find the best matches. The process al-
ternates every fix period of time (e.g. every 2 seconds) until
pedestrian are no longer in unobserved regions. In other
words, the stopping criteria is once the distance between
the estimated position given the social force model is in the
neighborhood of an observed tracklet. Figure 6 illustrates
the macro and microscopic steps to better predict associate
tracklets across scattered cameras.
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The installed network and collected data enable arm-
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The influences of both the environment and other people
change the local direction of motion. The human dynamic
is described by the superposition of the following forces:

F
i

= FGoal

i

+ FAvoidance

i

+ FAttraction

i

+ FScene

i

(5)

where,

• FGoal

i

points to the intended goal. It links to the final
destination of people. A first estimate of the destina-
tions is provided by the macroscopic model. In prac-
tice, it corresponds to the origins of the tracklets form-
ing the long-term trajectories obtained in the global
data association step.

• FAttraction

i

is the sum of the attractive forces inferred
by other people such as friends, and family. The latter
form a group and are driven by the same traction (such
forces is not modeled in [18, 19].

• FAvoidance

i

is the sum of the repulsive forces generated
by other people expected to cross your path.

• FScene

i

is the sum of the static obstacles.

From Equation 5 we can compute the motion of a pedes-
trian:

d

dt
v =

F
i

m
, (6)

where m is the mass of a pedestrian.
The forces are modeled as a function of their distance to

the source. Typically, the repulsive forces are computed as:

FAvoidance

i

=

X

j2P\i

fAvoidance

j!i

, (7)

with :
fAvoidance

j!i

= ↵e
dp�dij

� n
j!i

(8)

where P denotes all people, ↵ and � specifies respectively
the magnitude and range of the force, d

p

is the diameter of a
pedestrian, and d

ij

is the distance between pedestrian i and
j. The vector n

j!i

is the normalised vector pointing from
position j to position i.

Note also that given the motion of people and the
anisotropic influence of people, the force is scaled by the
following factor:

 = ⇢+ (1� ⇢)
1� n

j!i

· e
i

2

, (9)

where e
i

is the intended direction of pedestrian i. Note that
the microscopic model needs an intended direction of mo-
tion which is provided by the macroscopic step.

We implement the presented social forces as a model of
particle systems. Indeed, every people can be modeled as a
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Figure 6: Illustration of our prediction framework.

particle subject to a set of (social) forces, and then simulate
the behavior by applying standard approaches from particle
systems simulation techniques. This simulation gives us the
prediction at the microscopic scale of people trajectories un-
der social forces constraints. The main benefits of such im-
plementation are stability and efficiency at rush hours with
hundreds of tracklets to simulate.
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II. Tracklet Generation: Modeling appearance cues 
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SpaFal-‐Frequency-‐Based	  Descriptor	  
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[1]	  Gabriel,	  P.,	  Hayet,	  J.,	  Piater,	  J.,	  Verly,	  J.:	  Object	  tracking	  using	  color	  interest	  points	  
[2]	  N.	  Dalal	  and	  B.	  Triggs,	  “Histograms	  of	  oriented	  gradients	  for	  human	  detecFon,”,	  
[3]	  O.	  Tuzel,	  F.	  Porikli,	  and	  P.	  Meer,	  “Region	  covariance:	  A	  fast	  descriptor	  for	  detecFon	  and	  classificaFon,”.	  
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II. Tracklet Generation: HOG	  
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II. Tracklet Generation: Binary	  descriptors	  
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II. Tracklet Generation: BRIEF[1]	  /	  ORB[2]	  /	  BRISK[3]	  

[1]	  Calonder,	  Michael,	  et	  al.	  "Brief:	  Binary	  robust	  independent	  elementary	  features.”	  ECCV	  2010.	  
[2]	  Rublee,	  Ethan,	  et	  al.	  "ORB:	  an	  efficient	  alternaFve	  to	  SIFT	  or	  SURF.	  ”	  ICCV	  2011	  
[3]	  Leutenegger,.	  ,	  et	  al.	  	  "BRISK:	  Binary	  robust	  invariant	  scalable	  keypoints.”	  ICCV	  2011	  
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A	  sequence	  of	  1-‐bit	  DoG 	   	   	   	   	   	   	   	   	   	   	   	  	  
	  	  

II. Tracklet Generation: BRIEF[1]	  /	  ORB[2]	  /	  BRISK[3]	  
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II. Tracklet Generation: BRIEF[1]	  /	  ORB[2]	  /	  
BRISK[3]	  

•  Select	  	  
1)	  Most	  discriminant	  	  
AND	  
2)	  Less	  correlated	  

[1]	  Calonder,	  Michael,	  et	  al.	  "Brief:	  Binary	  robust	  independent	  elementary	  features.”	  ECCV	  2010.	  
[2]	  Rublee,	  Ethan,	  et	  al.	  "ORB:	  an	  efficient	  alternaFve	  to	  SIFT	  or	  SURF.	  ”	  ICCV	  2011	  
[3]	  Leutenegger,.	  ,	  et	  al.	  	  "BRISK:	  Binary	  robust	  invariant	  scalable	  keypoints.”	  ICCV	  2011	  
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II. Tracklet Generation: BRIEF[1]	  /	  ORB[2]	  /	  
BRISK[3]	  

[1]	  Calonder,	  Michael,	  et	  al.	  "Brief:	  Binary	  robust	  independent	  elementary	  features.”	  ECCV	  2010.	  
[2]	  Rublee,	  Ethan,	  et	  al.	  "ORB:	  an	  efficient	  alternaFve	  to	  SIFT	  or	  SURF.	  ”	  ICCV	  2011	  
[3]	  Leutenegger,.	  ,	  et	  al.	  	  "BRISK:	  Binary	  robust	  invariant	  scalable	  keypoints.”	  ICCV	  2011	  
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II. Tracklet Generation: ReFna-‐inspired	  [1]	  
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II. Tracklet Generation: Saccadic	  search	  

CHAPTER 4. INTEREST POINT DESCRIPTOR

Figure 4.5: Illustration of the coarse-to-fine analysis. The first cluster involves mainly
perifoveal receptive fields and the last ones fovea.

4. We keep the best column (mean of 0.5) and iteratively add remaining columns
having low correlation with the selected columns. If not enough pairs are se-
lected with the given threshold on the variance, the process is repeated with a
lowest threshold.

Strikingly, there is a structure in the selected pairs. Figure 4.5 illustrates the pairs
selected by grouping them into four clusters (128 pairs per group). We experimentally
observed that the first 512 pairs are the most relevant and adding more pairs is not
increasing the performance. Groups of 128 pairs are considered here because in the c++
implementation, the Hamming distance use in the matching process is computed by
segments of 128 bits thanks to the SSE instruction set. A symmetric scheme is captured
due to the orientation of the pattern along the global gradient, which is discussed below.
The first cluster involves more of the peripheral points and the last one the central
points. Even more surprising is that the remaining clusters highlight activities in the
remaining area of the retina. It appears to match the behavior of the human eye. We
first use the perifoveal receptive fields to estimate the location of an object of interest.
Then, the validation is performed with the more densely distributed receptive fields in
the fovea area. Although the used feature selection algorithm is a heuristic, it seems to
match our understanding of the model of the human retina. Our matching step takes
advantage of the coarse-to-fine structured of FREAK descriptor.

The pair selection does not need to be repeated for every single application as it
is more related to the type of regions detected (corners, blobs, etc.) than the specific
content of images. Nevertheless, for better performances, different sets of pairs could
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[1]	  Alahi,	  et	  al.	  "Freak:	  Fast	  reFna	  keypoint.”	  CVPR	  2012	  
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Tracklet	  associaFon	  in	  scaZered	  network	  
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Let:	  
•  T:	  all	  long	  term	  trajectories	  
•  t:	  tracklets	  (tracklets	  capture	  within	  each	  camera)	  
•  Problem:	  Maximizing	  the	  a	  posterior	  probability	  (MAP)	  of	  T	  :	  	  

	  
T*	   	  =	  arg	  maxT	  P(T	  |	  t) 	   	   	   	  (1)	  
	   	  =	  arg	  max	  Πi	  P(ti|T)P(T) 	   	   	  (2),	  
	  
where	  P(T)	  =	  Πk	  P(Tk)	   	   	   	   	  	  (since	  trajectories	  do	  not	  overlap)	  
	  
P(Tk)	  =	  	  P(tsk)…P(ttk|tt-‐1k)	  P(tek)	   	   	  (markov	  chain)	  

III-‐	  Tracklet	  associaFon:	  
Problem	  formulaFon	  
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A	  new	  dimension	  to	  “Google	  AnalyFcs”:	  	  
Analyzing	  people	  outside	  of	  website	  

Conclusion	  


