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Markov Chain vs Extented Markov Models (EMM)

Motivation

* Markov Chains are suitable to model complex systems

« Spatio-temporal event prediction: time may be difficult to Z; ZZ Z:i
modelize an update with MC structures
aK1 QK2 ... QKK

* Clustering alone neglects the temporal proximity of spatial
data

 The EMM adds the temporal component by superimposing
a dynamically adapting Markov Chain.

* The Extended Markov Models (EMM) are particularly well
suited to model spatiotemporal data such as: Network traffic,
environmental data, weather data etc ....



Extended Markov Models

EMM structure

* |s an evolving MC => EMM(t) = MC

Manipulations

« A data point can be added to an existing cluster,
» delete/create a new cluster,

* merge/split clusters,

« fading and pruning the cluster structure: Fading is achieved by reducing
the weight of old observations
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Example EMM

= EMMTraffic
Loc_1 Loc_2 Loc_3 Loc_4 Loc_5 Loc_6 Loc_7

1 20 50 100 30 25 4 10

2 20 &0 50 20 10 10 10

3 40 30 73 20 30 20 25

4 15 a0 30 30 10 10 15

5 40 15 25 10 35 40 9

[ 5 5 40 35 10 5 4

7 0 35 55 2 1 3 5

& 20 a0 30 11 20 15 10

9 45 40 15 18 20 20 15

10 15 20 40 40 10 10 14

11 5 45 55 10 10 15 0

12 10 30 10 4 15 15 10

X*Yy

A —» = emm <- EMM{threshold=0.2, measure="elaccard") e]accard = >
B — > build(emm, EMMTraffic) X4ty —xx*xy

= size{emm)

[1] 7

= Tind_clusters{emm, tabPlus)

[1] "1™ 27 ™17 "2" 3" vgn mgm mgw mgn mgm mgm npw
= cluster_centers(emm)

Loc_1 Loc_2 Loc_3 Loc_4 Loc_5 Loc_6 Loc_7

1 20 50 100 30 25 4 10
2 20 80 30 20 10 10 10
3 40 15 25 10 35 40 9
4 5 5 40 35 10 5 4
5 0 35 55 2 1 3 5
6 45 40 15 18 20 20 15
7 10 30 10 4 15 15 10
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EMM sitructure

> EMMTraffic
Loc_1 Loc_2 Loc_3 Loc_4 Loc_5 Loc_6 Loc_7

1 20 50 100 30 25 4 10
2 20 80 30 20 10 10 10
3 40 30 75 20 30 20 25
4 15 60 30 30 10 10 15
5 40 15 25 10 35 40 9
6 5 5 40 35 10 5 4
7 0 35 55 2 1 3 5
8 20 60 30 11 20 15 10
9 45 40 15 18 20 20 15
10 15 20 40 40 10 10 14
11 5 45 55 10 10 15 0
12 10 30 10 4 15 15 10

cluster_centers{emm)

W

Loc_1 Loc_2 Loc_3 Loc_4 Loc_5 Loc_6 Loc_7

1 20 50 100 30 25 4
2 20 EO 50 20 10 10
3 40 15 25 10 35 40
4 5 5 40 35 10 5
5 0 35 55 2 1 3
6 45 40 15 18 20 20
7 10 30 10 4 15 15
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EMM manipulations
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Analyze of a stream of tracking data

Data :
* (xy.1)




Analyze of a stream of fracking data . L

Data
* (XY,
"/ Filter
“ id X ¥ date_time roW_name h
1 0 1.87548% 08730250 2017-03-23 14:23:41 1458 1.051
2 0 1.875360 08843182 2017-03-23 14:23:42 1464 1.050
3 0 1.875360 08843182 2017-03-23 14:23:42 1470 1.050
85651 81 130824340 07371868 2017-03-23 14:5%:20 grsd 1774
85652 81 131512880 -0.7487430 2017-03-23 14:5%:20 87084 1.7e4

85653 81 131768570 07473654 2017-03-23 14:5%:20 87088 1,789



Analyze of a stream of tracking data

Summary of (X, y) data stream

Min. -1.9630 -5.4294
1stQu. -0.3604 -0.9316
Median 1.1794 0.3171
Mean 0.8857 -0.1562
39Qu. 1.7244 1.0583
Max. 3.8231 1.7534




Analyze of a stream of fracking data : Clustering -

o EMM Clustering gives :

* 8clusters

o Resulting states :

* State 6 and state 5 have integrate a few observations (transit states)
* State 8 can be considered as a waiting sate.

* Clusters 1to 4 and 7 represent most observations (engagement state)

Distribution of state counts of the EMM for the LABO-VISI data
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Analyze of a stream of tracking data : State °Qrdph°

» State graph:

O each state radius is proportional to the sate counts




Analyze of a stream of tracking data : Transition graph

* Transition graph :

O each transition is proportional to the transition probability




Analyze of a stream of tracking data : Reclustering

* Reclustering

o We can also re-cluster the states

Cluster Dendrogram
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Analyze of a stream of tracking data : Graph pruning

* Graph pruning :

O Removing states 1 and 7




Gauged flows

EMM applications

Application
* 6.1. Analyzing river flow data

* 6.2. Genetic sequence analysis
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Reference

* https://cran.r-project.org/web/packages/rEMM/vignettes/rEMM.pdf

* https://cran.r-project.org/web/packages/rEMM/fEMM.pdf
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