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A Method for Group Mobility Model Construction and Model
Representation from Positioning Data Set Using GPGPU

Song Ha Yoon' - Kim Dong Yup™

ABSTRACT

The current advancement of mobile devices enables users to collect a sequence of user positions by use of the positioning technology
and thus the related research regarding positioning or location information are quite arising. An individual mobility model based on
positioning data and time data are already established while group mobility model is not done yet. In this research, group mobility model,
an extension of individual mobility model, and the process of establishment of group mobility model will be studied. Based on the previous
research of group mobility model from two individual mobility model, a group mobility model with more than two individual model has
been established and the transition pattern of the model is represented by Markov chain. In consideration of real application, the computing
time to establish group mobility mode from huge positioning data has been drastically improved by use of GPGPU comparing to the use
of traditional multicore systems.
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Algorithm 1. Modeling Group Mobility

Require: Position Dataset X 2
Individual Mobility Model x 2

1 // filter latitude, longitude, radius in each clusters
2 Extract position datal and position data?

3 for Clusters_of Personl do

4 for Clusters_of _Person2 do

5 if Distance(clusterl, 2) < radiusl + 2 then

6

7

8

9

/* filter position data belonged to two clusters
together */

Union filtered position datal, position data?
micro cluster’s center is Average(clusterl, 2)

10 micro cluster’s radius is Max(union_distance)
11 /* filter position data belonged to clusterl and
12 cluster2 */

13 Union filtered position datal, position data?
14 macro cluster’s center is Average(clusterl, 2)
15 macro cluster’s radius is Max(union_distance)
16 end if

17 end for

18 end for

19 return micro cluster, macro cluster

Algorithm 1. A Algorithm of Mobility Model of Group of Two
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Fig. 1. A Visualization of Mobility Model with a
Group of Two
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Algorithm 2. Modeling Group Mobility

Require: cluster[]: Position Data Set for N individuals and
Individual Mobility Model for N individuals

1 // input how many individual (= count)
for 2 <= i <= count do
if i = 2 then
result is GroupAnalysis(clusters(1], clusters[2])
else

end if
end for
// delete overlapped clusters
10 return result

Algorithm 2. A Algorithm of Mobility Model of Group of
More than Three

2
3
4
5
6 result is GroupAnalysis(clusters[i], result)
7
8
9
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Algorithm 3. Group Analysis using GPU

Input : clusterl, cluster2,
position datal, position data?

1 for clusterl do

2 for cluster? do

3 if Distance(clusterl, 2) < radiusl + 2 then
4 // set memory using GPU specific functions
5 SetGPU(blocks, threads)

6 GPUmemallocation(array’s length)

7 GPUmemcpy (host to device)

3 GPUcompute(clusterl, cluster?, posl, posZ2)
9 GPUmemcpy (device to host)

10 GPUmemfree()

11 micro cluster’s center is Average(clusterl, 2)

12 micro cluster’s radius Is Max(micro distance)
13 macro cluster’s center is Average(clusterl, 2)
14 macro cluster’s radius is Max(macro distance)
15 end if

16 end for

17  end for

18  return micro cluster, macro cluster

Algorithm 3. A Algorithm of Group Model Using GPU
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