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Collective Crowd Behaviors

1 Complex crowd behaviours may result from repeated simple interactions
among neighboring individuals without centralized coordination

1 Generate complex patterns, quickly process information, engage in
collective decision making
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Scientific Studies on Collective Behaviours

} Empirical studies on various crowd systems: bacterial
colonies, locust swarm, fish shoals and bird flocks
Criticality of crowd density [Zhang et al. 2010]
Phase transitionVicseket al. 1995]
Selforganization Couzinand Krause 2003]
1 Different models are proposed for simulation and
understanding the mechanism of collective behaviours
Sefdr it ven propelled particle
Maximum entropy modelBialeket al. 2011]
Differential equations of continuum [Toner afhid, 1998]

} Complex networks: detecting community with shared
coll ective bO6RBRavPaulraopD®Gii



Collective Motion Analysis in Vision

} Learn global motion patterns of crowd behaviours
Ali CVPR&07, Wang HospRRIBSOTGCVEO R C
MehranE CCV &rhahetCVP RO 1 1

1 Detect coherentor incoherent motions from crowds

RaboundCVPROO0O6, ChkaazCRNRRIOD®®, Rodr i gue
Mahadeva®@ VP RO 1 0, WwbaligrahfR/APIR®M,1 2 , Zhou

1 Analyzeinteractions among individuals in crowds
MehranC V P R &ddvaanner C C V Belegrini CCV 0 09
YamaguchiKrazEER¥ D 1 2

} Detect social groups
LanT PAMIGRTIRAMI 811, Chang | CCV611

The models and descriptors are scene -specific and cannot be
used to compare behaviours of different crowd systems



Challenges to Understand Crowds

Crowds have different shapes, dynamics, and scales

} How to compare the dynamics of different crowd systems?

+ Can different crowd systems be characterized by a set of

universalproperties and how toguantifythem?
} YesThere are general principles underlying different types of crowd
behavioury Toner 6005, Parri sho99]
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Contributions

+ A new descriptorcollectiveness to measure crowd dynamics
and its efficient computation

1 Definition of collectiveness: the degree of individuals acting as
a union in collective motion

+ A new algorithm Collective Merging to detect collective motion:

—
Low Collectiveness Medium Collectiveness High Collectiveness




Contributions

+ Applications on various datasets:

Comparing collectiveness of different crowd systems
Monitoring crowd dynamics
Transition fromdisordered to ordered states
Correlation between collectiveness and crowd density
Dynamic evolution of collective motion

Detecting collective motions in timseeries data
Generating collective map of scenes

+ Video database of evaluating crowd collectiveness with human
perception as benchmark

ollective motion detection Collective map
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Emergence of Collective Manifold

Observation in different crowds:
} spatially coherent structures emerge in collective motions




Emergence of Collective Manifold

Structural Properties of Collective Manifolds:
+ Behavior consistency in neighborhood
+ Information transmission between nareighbors

Origins of Collective Manifolds: oo
+ Local alignment *@%-:;%'@\;E . @z,i‘_jf;@f
 Limited sensing ability of individual "~ % & o2 - 77




Emergence of Collective Manifold

1 Fallure of existing measurement for crowd dynamics due
to structural properties of the collective manifold.
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Formulation of Collectiveness Descriptor

} Our new collectiveness descriptor is based on the
structural properties of collective manifold

} Collectiveness: the degree of individuals acting as a unic
In collective motion

Individual collectiveness: the behavior consistency between
one individual and all the other individuals

Crowd collectiveness: the behavior consistency among the
whole crowd of individuals



Formulation of Collectiveness Descriptor

1 Steps of measuring collectiveness
|. Behavior consistency in neighborhood
Il. Behavior consistency via paths on collective manifolds
Ill. Measuring individual collectiveness

V. Measuring crowd collectiveness




Behavior consistency of individuals in
neighborhood

’(,Ut(’b,j) = maX(Ct(i,j), O), j S N(Z)
C't(i, j) is the velocity correlation at ¢

N is defined as K -nearest-neighbor

+ A graph is built from the crowd set and its weighted
adjacency matrix 18V

1 K determines the topological range of neighborhood.

Estimation of behavior consistency becomes inaccurate
when out of this range. )
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Behavior consistency via paths Tova %, | -
on collective manifolds

..
1 Path: an important topological structure of graphs

} Behaviour consistenay, over a path of length between
iIndividuals andj

vi = {po = p1 = ... = p}

) | e [=3

Z/’Yl — chzo wt(pkapk—l—l)

} Behaviour consistency betweemand] over all the paths
with lengthl

I/g(’é',j) — Z V’n(ivj)

Y €EPy

Theorem 1. v;(i, j) is the (i, j) entry of matrix W'.
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} Individual 0 sollectiveness atpath scale:

— Z Vg(i,j) — [Wle]z-. {(11 m%}
jeC
} Integrate individual collectiveness at all the scales with
generating function
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Theorem 2. Z = (I- ZW)*- 1. It converges when 0 < z <L TW).
} (W) denotes the spectral radius\Vif



Crowd Collectiveness

ICIZCb |C| T(I=2W)"' = 1)e

} Properties of Collectiveness

Property 1 . (Strong Convergence Condition )
Z convergesvhenz < +

Property 2 . (Bounds of A) 0 < & < 22— jf 2 < %

Property 3. (Upper bound of entries of Z )
wij < 1=, for every entry (ij) of L.



Collective Merging

+ The algorithm to detect collective motions from moving
keypoints

Algorithm 1 Collective Merging
INPUT: {x;,v;|i € C};.

1:Compute W from /'-NN using Eq. 1.
222 =(T—:W)~! -1

3:Set the entry Z (i, j) to 1 if Z(i, j) > Kk, otherwise to 0.
4:Extract the connected components of the thresholded Z.




