


E. EXTENSION

E.1 Search based on timeset
As ObjectGrowth is based on objectset search space, sim-

ilarly, the search could be conducted on timeset space. Apri-
ori Pruning and Backward Pruning in ObjectGrowth can
be easily adapted to prune the unnecessary timeset search
space and Forward Closure Checking can also used to dis-
cover closed swarms during the search space.

The major difference between two search directions is that
if we fix one timeset, there could be more than one maximal
corresponding objectset. For example, in the running exam-
ple, if we fix the timeset as {t1}, there are two maximal cor-
responding objectsets: {o3} and {o1, o2, o4}. However, when
the objectset is fixed, there is only one maximal correspond-
ing timeset. So on the node of DFS tree based on timeset,
we need to maintain a timeset T and set of corresponding
objectsets. Accordingly, the rules need to be modified. For
Apriori Pruning rule, once there is one corresponding ob-
jectset has less than mino objects, it can be deleted. And
for a node with timeset T , there is no more remaining corre-
sponding objectset, it can be pruned. For Backward Pruning
rule, we add one more timestamp ti′ (i′ < im and ti′ /∈ T )
in T = {ti1 , ti2 , . . . , tim}. If every maximal corresponding
objectset remains unchanged, this node can be pruned. Sim-
ilarly, for Forward Closure Checking, if we add ti′ (i′ > im)
into T , and every maximal corresponding objectset remains
unchanged, this node is not closed. Finally, for any node
passed all the rules and |T | ≥ mint, it is a closed swarm.

Comparing two different search methods, ObjectGrowth
is suitable for mining the group of moving objects that travel
together for considerably long time, whereas search based on
timeset is more efficient at finding the large group of objects
moving together. In most real applications, we usually tack
a certain set of moving objects over long time, for example,
tracking 100 moving objects over a year. Therefore, it is
usually the case that we have |TDB| ≫ |ODB |. So search
based on timeset often is less efficient than the one based on
timeset because its search space is much larger. Thus, we
introduce ObjectGrowth as our major algorithm.

E.2 Enforcing gap constraint
In the case that min t is much smaller than |TDB|, there

could be two kinds of swarm discovered with rather different
meanings. For example, if the whole time span is 365 days,
min t is set to be 30 (days), a swarm could be a group of
objects that move together for only one month but keep far
away for the rest 11 months or a set of objects gather in
each month during the whole year.

For the first case, we can specify a range of time period
and then discover swarms. For the latter, it requires more
strategies. One solution could be, for a swarm (O, T ), we
enforce gap constraint on the time dimension T . For ex-
ample, if we set min gap = 7(days) and suppose there are
two objects being together for 14 consecutive days, these 10
days can contribute at most 2 to mint because we require
there should be at least a gap with length 7 between any
two timestamps in T .

To further embed such min gap in our ObjectGrowth
method, we can compute an upper bound for Tmax(O) at
each node of the search tree with objectset O. The upper
bound can be computed using greedy algorithm as shown
Algorithm 2. Accordingly, the size of Tmax(O) is no longer

simply measure by |Tmax(O)|. Instead, it should be mea-
sured by its upper bound. And the pruning rules are all
affected accordingly.

Algorithm 2 Calculate upper bound of Tmax(O)

Input: Tmax(O) = {t1, t2, . . . , tm}(t1 < t2 < · · · < tm) and
min gap.
Output: upper bound of Tmax(O).

1: upper bound← 1;
2: lastt ← tm;
3: for i← m− 1 to 1 do
4: if lastt − ti > min gap then
5: upper bound← upper bound+ 1;
6: lastt ← ti;
7: Return upper bound;

E.3 Sampling
The size of the trajectory dataset has two factors |ODB |

and |TDB |. In animal movements, |ODB | is usually relatively
small because it is expensive to track animals so the number
of animals being tracked seldom goes up to hundreds. When
tracking vehicles, the number could be as large as thousands.
For both cases, |TDB | is usually large. When |TDB | is very
large, we may use sampling as a pre-processing step to re-
duce the data size. For example, if the location sampling
rate is every second, |TDB| will be 86400 for one day. We
can first sample one location in every minute to reduce the
size to 1500. This is based on the assumption that one mov-
ing object will not travel too far away within a considerable
short time.
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