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Application of OPTICS and Offline Batch Processing in Trajectory Clustering
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[ Abstract] Trajectory clustering is an important step in spatio-temporal trajectory processing. Common trajectory
clustering algorithms, such 'as TRACLUS algorithm, usually have thigh time complexity and are sensitive to input
parameters, thus consuming a lot of time to find optimal parameters. In order to solve this problem, this paper improves
the TRACLUS algorithm by using offline batch processing technology and OPTICS algorithm. This optimization reduces
the sensitivity of input parameters and the time for trajectory clustering of multiple sets of parameters,so the workload of
the manual parameter debugging is reduced. Experimental results show that the time efficiency of the algorithm has been
greatly improved when the optimal parameters are unknown and multiple sets of parameters need to be tested.

[ Key words] spatio-temporal trajectory clustering ; density clustering; OPTICS algorithm; offline batch processing;
TRACLUS algorithm
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Visited[ ] = [ false ]
temp =1
while temp < = objects. size do
m = null
i=1
while i < = objects. size do
if visited[\i] = = false then
m =i
end if
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visited[ m | = true
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CoreDist[ m | = FindMinLnsthDistance( )
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if visited[ i] = = false then
ReachDist[ x ]/= ReachDist_
end if

end if

end for
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i=1
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else

mark|[ x | = NOISE

end if

else
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end if

end while
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Fig.2 Reachable distance distribution of clustering objects
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Initialize .
DistList = sort( ReachDist)

i=1
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cur =1

for each eps in EpsList do
cur = RenewClustering ( cur, eps, DistList)
cluster| eps] = mark

end for
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MIN cur,eps,DistList

Wl cur

while cur < DistList. size do

if DistList[ cur] > eps then
break ;

end if

x = DistList[ cur]. from

mark. merge(x,x — 1)

cur =cur + 1

end while
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Table 1 . Comparison of clustering time with multiple
parameters ms
N(ZH e HED Ji. TRACLUS 5% AR SR AL B
1 23 441 29 316
2 44 966 28 803
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9 197 894 31 383
17 372 399 33 322
25 547 752 35 604
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