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Density expectations

Standard definition

ρ =
N
A

global version A covers whole area
local version: A is fixed in space, i.e. detector approach
individual version: A is defined as pedestrian surroundings

works when particle size is neglectable comparing to size of area
→ fulfilled when number of pedestrians is large
→ generalization and/or redefinition

close to fundamental definition (when comparable) ++
mathematical requirements - roughness, featureless
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Density definition

Pedestrian distribution

ρB =
N
|B|

=

∫
B p(x⃗) dx⃗

|B|
=

∫
B
∑N

α=1 pα(x⃗) dx⃗
|B|

=
N∑

α=1

∫
B pα(x⃗) dx⃗

|B|
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Density definition

Kernels
Point approximation

pα(x) = δx ,xα

Stepwise function .. cylindrical, Voronoi, Manhattan, ...

pα(x ,R) = 1Aα(R)(x)
1

|Aα(R)|

Conic kernel

pα(x ,R) =
3

πR3 1Aα(R)(x) (R − ∥x − xα∥)

Gaussian kernel in a symmetric version, i.e. with diagonal
covariance matrix

pα(x ,R) =
1

2πR2 exp

{
−∥x − xα∥2

2 R2

}
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Density definition

Kernels 2
Borsalino kernel from [Krbálek, Krbálková]

p(x ,R) =
1
Z

1
R

1Aα(R)(x) exp

{
R2

∥x − xα∥2 − R2

}

Min dist
scaled inverse value of appropriate distance

p(x⃗) =
cmd

dist(x⃗)different ranges

dist(x⃗) := D(x⃗) := min
{α∈N:∡(x⃗α ,⃗sx⃗)≤π

3 }
∥x⃗ − x⃗α∥

different distances
dist(x⃗) := D(x⃗)2

M. Bukáček (FNSPE CTU) Density Estimates CA PED marek.bukacek@fjfi.cvut.cz 5 / 21



Density definition

Kernels 2
Borsalino kernel from [Krbálek, Krbálková]
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Density definition

Existing methods
Voronoi method
weighted pedestrians based on distance to detector/pedestian
weighted pedestrians based on time presence in detector
minimum distance based estimates
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Density definition

Illustration of distributions
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Density definition

Illustration of distributions
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Kernel types - point approximation

Point approximation vs cone
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Kernel types - Voronoi

Voronoi vs cone
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Kernel types - Gauss

Mass recalculation

Gauss vs cone
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Kernel types - Borsalino

Borsalino vs cone
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Kernel types - minimal distance

Minimal distance calibration
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Kernel types - minimal distance

Minimal distance vs cone
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Comparison

Roughness, featureless
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Comparison

Mean occupancy
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Discrete systems

Case study

assuming inflow 1.5 ped/T
→ by standard def. alternating 2 and 3 peds in detector
→ using appropriate kernel, 2.5 ped ind detector
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Conclusions
generally used methods covered

rage based kernels converge to standard definition
parameter based convergence of one method to the other
important features identified
useful even for discrete systems

Thank you for your
attention!
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Local

M. Bukáček (FNSPE CTU) Density Estimates CA PED marek.bukacek@fjfi.cvut.cz 19 / 21



Local

Area of an ellipse vs area of circular sector
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Local

Width of an ellipse vs width of circular sector
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