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< Road Networks & Free Space

< Model Constraint Trajectories

< Problems & Algorithms
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Example of four trajectories in the 2D Euclidean space
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<> Objects move freely Iin
any direction

<> No underlying structure

<> Euclidean distance
based




A road network
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Some constraints are:
<~ Directions

< Connectivity

< Speed

<~ Traffic flow
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An Natural Transformation = Directed Graph

For every edge,attributes include distance,time interval
and other constraints.
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Similarity Measure

We can’t calculatelq (T ,T.) according to
Euclidean distance.
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0, if v; = v,
d(v,-, Uj) = C(Ui, Z)j) -+ c(vj, Zli)
2D :

otherwise,

D¢ = max{c(vfa vj)avvfa vj € V(G)}

In a general way, r%(VI.,V].) Is defined by Euclidean distance.

Dnet(TaaTb) - % Zm:(d(vaia vbi)) — % Zm:(d(vbis vai)) — Dnet(Tba Ta)
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Incorporating Time Information

Dtime(Taa Tb)

Z a[1+1]t— Toft].t) — (Tp[t + 1].t — Tp[t].t)|
—1 max{ a[i + 1].t — Tg[i].t), (Ty[i + 1].t — Tp[i].t)}

Finally

Dtotal(Taa Tb) — Wnet ’ Dner(Taa Tb) + Wtime ) Dtime(Taa Tb)
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Popular Routes Mining

F 7 — traj 1
‘:'\.\ — . — traj 2
~ @B ----- traj 3

--------- traj 4

Objective: A->B  If A->C->D is adrive pattern,destination B would be ignored.

number of trajectories on (n;, nj)

Pr(n; = n;) =

number of trajectories on all outgoing edges
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Ztraje(ni,nj) func(t'ra,j, d)
func(trayj,d)

P‘T‘d(ni — ?’Lj) — Z
traj€all outgoing edges

func(traj,d) = exp (—dists(tray, d))

we can consider a travel on such a transfer network based on the turning
probability as a Random Walk on a directed graph with the transition
probability.
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t
P’."‘t(?’bi — d) = Zpilz;,d
j=1

This formula indicates how popular a transfer node
ni is, w.r.t. the given destination d.
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In the mathematical theory of probability, an absorbing Markov chain is

a Markov chain in which every state can reach an absorbing state. An
absorbing state is a state that, once entered, cannot be left.

In a road network,destination can be regarded as an absorbing state and
each intermediate node is a transient state.
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Absorbing Markov Chain

TRZIN) P(TE ) P(Tiinm)
p_ ms | P(2,1) P(2,2) P(2.m)
nm | P(m,1)  P(m,2) P(m, m)

Prg(n; — nj;)  if n; is a transient state & ¢ # j
0 otherwise

1 if n; 1s an absorbing state & 1 = J
P(i, ) =
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Phoa= Y (P7'(i,k)- Pk, d))

n €TR
. bblf ............ b ...........
t ‘ o j : Probability from ar |trary§
Pr (nz — d) — E :pni,d .,,-;.-.---‘ node to destination.

Prt(n; — d) = E;lef%d

> Yo etk (PP, K) - Pk, d))
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n;.popularity(d) = Pr*(n; — d)

p(R) = H n;.popularity(d)

1=1

—————————————————————

! Maximizing this formula ,we can get
I one popular route.
1
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Road Network Aware Trajectory Clustering

In the context of a road network, those objects have similar movement
behavior with respect to the road segment.

Atomic object: Road segment

Network proximity + Traffic flow + Speed limit
+...
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TR = {t?"id, loll...ln}

tf — {t?‘id, Sid,lklk_|_m}

A trajectory has three t-fragments.
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Base clusters: S = {tf;|TR(tf;) € T,tf;.sid = e.sid}

Dense-core: © =argmax|S; |
S;eB

Netflow: f(SiaSj) — ‘PTT(Sz') ﬂPTT(Sj)‘

F-neighbor: N, (S;,1,) ={S, [e” €L, (6")&f(S,,S,) >0}
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maxFlow-neighbor:

Flow cluster:

F =
{SUJSla'“;SN}a where S’é—l—l € Nf(Sz)(O <1 < N)
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£(S,,S,) =2, f(S,,S,) =1...

N3 o

S8
[ s r—:
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An example of base clusters and flow cluster
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Three phases of this algorithm

0

N1p

(1)

Base Cluster Formation

12 base clusters

N5

N1

(2)
7 Flow Cluster

n n :
N ! ! Formation

@)

Flow Cluster Refinement

Ns
n
nq !
Fs

3 flow clusters:
Fi, Fo, Fa

2 clusters:
Ci={F3}
N13 C, ={F, F3} Nq3

Nz
nz
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1. Base Cluster Formation
-- Skip

2. Flow Cluster Formation:

Density-based Flow Cluster Initialization: Dense-
core of the set of base clusters.

Merging criteria: Flow + Density + Speed Limit
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Flow factor: _ [ (5,5))

Density factor: . —

Speed limit factor: v =
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SF = wg X g+ wi X k+ wy X v
How to set ?

Which flow cluster should a base cluster belong to?

1:n2n/ chn >ﬂ ?
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3. Flow Cluster Refinement

Hausdorff distance + DBScan
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