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ABSTRACT
Many researchers have been attracted towards searching of similar
moving objects’ trajectories due to their myriad applications. Sim-
ilarity of trajectories is determined mainly by closeness or shape
parameters. Closeness is measured by distance measures like Dy-
namic TimeWarping (DTW), Edit Distance with Real Penalty (ERP),
Edit Distance with Real Sequence (EDR) and Longest Common Sub-
sequence (LCSS). These edit distance measures support scaling and
translation property, but do not support rotation invariant property.
Rotation Invariant (RI) distance measure supports all three proper-
ties and hence it is considered to be superior compared to other edit
distance measures. However, it has two main drawbacks. The first
one is, RI does not compares trajectories based on the shape. The
second drawback is, RI is not robust to noise and hence produces
poor results. In order to eliminate drawbacks faced by existing
measures, in this paper, we have proposed Polygon Based Distance
(PBD) measure to compare trajectories for similarity. Our proposed
PBD distance measure supports scaling and translation properties
like other measures. The main advantages of PBD distance measure
are, it is invariant of rotation, it compares the trajectories based on
the shape and it is robust to noise. We have performed experimental
study on real time and synthetic datasets. The average accuracy
of DTW is 21.67, RI is 35 and PBD is 58.33. Since PBD measure
compares the trajectories based on shape and is robust to noise, its
accuracy is higher compared to DTW and RI distance measures.
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1 INTRODUCTION
The path traversed by a moving object is called as a trajectory.
Trajectory is represented in two dimensional space using latitude
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and longitude. The general form of two dimensional trajectory
representation is (oid,t,x,y) where oid is object identification, t is
the time at which coordinates were recorded, x is the latitude and
y is the longitude. There are a wide range of real time applica-
tions involving searching of similar trajectories. Some of them are
Route Planning, Popular Route Identification, Car Pooling, Stock
Exchange Retrieval, ECG Retrieval, Personal Security etc.

Similarity of trajectories is determined mainly by closeness or
shape parameters. Closeness is measured by using a variety of
distance measures. Dynamic Time Warping (DTW), Edit Distance
with Real Penalty (ERP), Edit Distance with Real Sequence (EDR)
and Longest Common Subsequence (LCSS) are popular distance
measures based on edit distance. These existing edit distance mea-
sures are invariant of scaling and translation but not invariant of
rotation. Rotation Invariant (RI) distance measure is invariant of all
three properties and as such is considered to be the best. However,
Rotation invariant distance measure does not support shape based
comparison of trajectories and it is very sensitive towards noise.
We have provided a motivational example to discuss the drawbacks
faced by RI distance measure.

Example :- Consider the trajectories as shown in Figure 1. Query
trajectory Q is compared with three trajectories for similarity using
RI and DTWmeasures. The result of comparison is shown in Table 1.
Query trajectory Q is similar to T1, T2 and T3 trajectories based on
shape. However, similarity distance of RI and DTW are quite high
and do not show any kind of similarity between the trajectories.
This is because RI and DTW distance measures do not compare
trajectories based on shape.

So, there is a need to compare trajectories based on shape. In this
paper we have proposed Polygon Based Distance measure in order
to tackle the problems faced by DTW and RI distance measures.
Polygon Based Distance measure compares trajectories based on
shape of the trajectories and it is robust to noise. Our experimental
results show that, PBD measure performs better since it compares
two trajectories based on shape and it is robust to noise.

2 RELATEDWORK
Searching of similar time series trajectories is quite an interesting
problem and quite a few researchers have contributed towards this
field. The pioneering work by [1], [2] compares trajectories for sim-
ilarity using Euclidean distance measure. The time series are scaled
and transformed efficiently and compared for similarity in [10]. [4]
introduced DTW to allow time series trajectories to be stretched to
provide better match. The performance of DTW was highlighted
in [18] and subsequently enhanced using lower bounding distance
measure with segmentation. [9] introduced bounded similarity
query with the help of Euclidean distance to identify similar time
series trajectories. The time series trajectories are shifted, scaled
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Figure 1: Stock Exchange Trajectories - Dataset 1

(Q,T1) (Q,T2) (Q,T3)
DTW 35.58 58.28 46.07
RI 257 222 247

Table 1: Similarity Distance - Dataset 1

and then similarity distance is computed. This is then compared
with a threshold value, to identify similar time series.

In [8] and [17], LCSS measure is used to compare trajectories for
similarity. LCSS measure allows a variable length gap to be inserted
during matching of the trajectories and hence is robust to noise. In
[5] modified LCSS measure is defined to compare trajectories of the
objects from video. First 3D trajectories are extracted from a video
and then LCSS distance measure is used to compare trajectories.
Searching of similar multi dimensional trajectories was explored in
[17]. Authors have used LCSS distance measure to compare multi
dimensional trajectories. LCSS distance measure is used in conjunc-
tion with sigmoidal function in [15] to compare trajectories for
similarity. In [16], indexed multi dimensional trajectories support-
ing multiple distance measures such as LCSS, DTW are proposed
and index structure was designed in a such a way that there was no
need to rebuild index again and again. In [11] various dimensional-
ity reduction methods were investigated. It also contributed novel
Piecewise Aggregate Approximation (PAA) technique to reduce
the dimensionality. [13] highlights the extra computation done by
LCSS and same is enhanced by fine tuning a threshold value.

In [6], ERP distance measure is proposed to compare trajecto-
ries for similarity. In ERP measure gap penalty is introduced to
improve the performance of distance measure. ERP distance mea-
sure supports metric property which helps in pruning the distance
computations. In [7], EDR distance measure is proposed to compare
trajectories for similarity. EDR distance measure is discretized to 0
and 1 based on matching of the points. In [14], Rotation Invariant
distance measure is proposed to compare time series trajectories.
RI distance measure is invariant of scaling, translation and rotation.
In [3], polygon distance function is proposed to compare polygonal
shapes. The polygon distance function compares polygons based
on the turning functions of two polygons. It compares polygons
based on their shape and is robust to noise.

Figure 2: Trajectory Partition

3 POLYGON BASED DISTANCE(PBD)
MEASURE FOR TIME SERIES
TRAJECTORIES

The time series trajectories are preprocessed to identify valid poly-
gons and then converted into polygonal representation. The pro-
cessed trajectories are then compared for similarity using PBD
distance measure. PBD distance measure is defined using polygonal
turning function defined in [3].

3.1 Pre-processing of Trajectories to Extract
Valid polygons

Let polygon list L = {p1,p2,p3, . . . ,pN } consist of N number of
points of a trajectory. The polygon of a trajectory is said to be a
Valid polygon if and only if segment joining p1 and pN points of
the polygon list is not intersecting or overlapping with any other
segments of the polygon and should have maximum number of
segments.

Steps to Extract Valid polygons from Trajectory

(1) Let R be a trajectory with N number of points such as
{r1, r2, r3, . . . , rN }.

(2) Consider the first three points of trajectory R and add them to
polygon list L and make it as first polygon i.e L = {r1, r2, r3}.
Check if L satisfies Valid polygon condition.

(3) If L satisfies Valid polygon condition, then add next point r4
to the list L. Check if L is Valid polygon. If yes, then add next
point to the list L and again check the condition. Repeat this
process till L fails to satisfy condition. If L fails to satisfy Valid
polygon condition after exploring all points from trajectories,
then declare list L as Valid polygon and there is only one
valid polygon for given trajectory. If L is not Valid polygon,
then goto step 4.

(4) If L is not a Valid polygon, remove the last point appended
to the list L. Now check the size of list L and if number of
segments are equal or more than two, then declare L as the
valid polygon. Reset the content of list L and add next three
points to the list L which are yet to be explored. Goto step 3.
If size of the list L is less than three, then remove first point
of list L and add next two points to the list L. Goto step 3.



Similarity Search of Time Series Trajectories Based on Shape CoDS-COMAD ’18, January 11–13, 2018, Goa, India

(5) Repeat the process till all the points of trajectory are ex-
plored.

The pre-processing algorithm is applied to the trajectory in Fig-
ure 2 and one Valid polygon Pol1= {r1, r2, r3, r4, r5, r6, r7, r8} is ex-
tracted.

3.2 Polygon Based Distance measure : PBD
Given two trajectories R and S withm and n number of polygons in
it. Polygon Based Distance measure compares the two trajectories
R and S for similarity by comparing polygons from both trajecto-
ries. Two trajectories are compared exhaustively with all possible
combination of the polygons from the trajectories. Polygon Based
Distance measure is defined as follows:

PBD (R, S ) =




min{(PBD (RestPoly (R),RestPoly (S ))+

MatchPoly, PBD (RestPoly (R), S ) + 1,
PBD (R,RestPoly (S ) + 1))} ifm ≥ 1

and n ≥ 1

n, ifm = 0

m, if n = 0

MatchPoly function compares two polygons using turning func-
tion. Two polygons are said to be similar if similarity distance of
two polygons is less than or equal to δ1, where δ1 is a user thresh-
old value. In paper [3], authors have proposed that best threshold
value to match two polygons is 0.5. In the case of noisy datasets, the
best threshold value is 0.8. Every time two polygons are compared,
similarity distance is updated either by 1 or 0 based on whether the
polygons are similar or not.

3.3 Problem Statement
Given Query trajectory Q = {(t1,q1), (t2,q2), . . . , (tM ,qM )}, Data-
base trajectories D = {(d1,d2, . . . ,dNT )} where {d1,d2, . . . ,dNT }
are database trajectories and a user specified thresholds δ1 and
δ2. The δ1 threshold value is used to compare polygons for simi-
larity, where as δ2 threshold value is used for similarity distance
of the trajectories and NT is number of database trajectories. The
query trajectory is compared with database trajectories for similar-
ity based on shape of the trajectories. The two trajectories Q and
S are said to be similar if and only if similarity distance returned
by PBD(Q,S) measure is less than or equal to δ2 where Q is query
trajectory and S belongs to D.

4 EXPERIMENTAL STUDY
PBD distance measure is applied to Dataset 1 and results are as
shown in Table 2. PBD distancemeasure is showing similaritymatch
of Query trajectory Q with T1, T2 and T3 trajectories. This is be-
cause PBD distance measure compares trajectories based on shape.
Accuracy of DTW, RI and PBD distance measures was recorded
for different datasets as shown in Table 3. The average accuracy of
DTW is 21.67, RI is 35 and PBD is 58.33 as shown in Table 3. PBD
measure compares the trajectories based on shape and is robust to
noise, thus its accuracy is at a higher side compared to DTW and

(Q,T1) (Q,T2) (Q,T3)
DTW 35.58 58.28 46.07
RI 257 222 247
PBD 1 0 1

Table 2: DTW, RI and PBD Distances on Dataset1

Datasets DTW RI PBD
(Out of 30 correct samples)
Stock Exchange Dataset1 7 10 18
Stock Exchange Dataset2 6 11 17
Table 3: Accuracy of Distance Measures

RI distance measures. Stock Exchange Dataset1 is taken from [12]
and Stock Exchange Dataset2 is from www.quandl.com.

5 CONCLUSION
We have proposed Polygon Based Distance measure to compare
time series trajectories for similarity. PBD distance measure com-
pares trajectories based on shape of trajectories and is invariant
of scaling, translation and rotation. PBD distance measure is com-
pared with RI and DTW algorithms experimentally. Experimental
study is carried out on real time and synthetic datasets of time
series trajectories. Our experimental results show that the average
accuracy of DTW is 21.67, RI is 35 and PBD is 58.33. Since PBD mea-
sure compares trajectories based on shape and is robust to noise,
its accuracy is at a higher side compared to DTW and RI distance
measures.
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