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Abstract. In search by pattern in GPS trajectories, user draws a tra-
jectory, the pattern query, and then receives a set of trajectories ranked
by their similarity to the pattern query. We argue that when user draws
a pattern query, an initial part of this query (prefix of chosen length)
should have more weight than the rest of query. We assume that after
receiving a set of similar trajectories, user can refine the pattern query
in order to receive more relevant results. We give explanation of our app-
roach by means of web search, where a user searches, for example, for
“bratislava castle” and then adds a refinement to this query “opening
hours”, where removing the initial part of query does not make sense, as
search for “opening hour” alone would return irrelevant results. This idea
has led us to considering pattern search that is weighted toward query
prefix. We experimentally evaluate this approach, in our experimentation
we apply the Geolife data set (Microsoft Research Asia).
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1 Introduction

In search by pattern, user draws a trajectory, the pattern query, and receives a
set of trajectories ranked by their similarity to this query. Preferably, the result
is obtained in real time, or with negligible delay (less than 500 ms) [7]. Trajec-
tories represent recorded positions of people or mobile platforms (cars, trucks,
drones, pets etc.) equipped with GPS (Global Positioning System), or a similar
system. Positions measured by GPS are estimates of real positions subject to var-
ious errors. Precision of GPS devices may be influenced by various signal propa-
gation phenomena such as signal reflection, diffraction, scattering or multi-path
propagation. In urban environments, GPS satellite occlusion may happen [13].
When comparing a query to one or several trajectories, we can view the
problem as an edit distance problem, where the query and all trajectories are
transformed to a letter string representation. Edit distance is the number of
single letter edits that is necessary until the two representations become identi-
cal. Such a problem transformation leads to algorithms that can compute global
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or local alignment of sequences of letters, with the Needleman-Wunsch algo-
rithm [10] and the Smith-Waterman algorithm [16], respectively, being the prime
representatives. Both these algorithms are often applied to align DNA or protein
sequences. Their advantage is that they can directly align two sequences, whereby
their edit distance [15], and thus their similarity can be both computed [4]. Their
disadvantage is their time complexity O(mn), where m is the length of the first
sequence and n is the length of the other sequence. Dense urban environments
give rise to an enormous number of similar trajectories, therefore applying these
algorithms may be prohibitively inefficient.
When searching by pattern we can distinguish between two basic cases:

— The search returns top-k similar trajectories, where these trajectories may
not have any identical sub-trajectories, or

— the search returns top-k similar trajectories, where it is required that
these trajectories share a sub-trajectory, where the least length of this sub-
trajectory is parameterized as ~.

In both cases it is necessary to define a similarity relation, in the latter case it
is also necessary to choose the least sub-trajectory length. We will define both
formally later on.

The former case leads to complex tree pruning approaches based, for exam-
ple, on the Hausdorff distance [14]. An example of such an approach is the
Repose approach introduced by Zheng et al. [20]. This approach relies on a trie
to be computed. In order to facilitate search efficiency, this approach applies a
signature based representation of trajectories based on the Z-order [5], where
a 2d-trajectory, a sequence of (x,y) positions, is transformed to a 1d (binary
string) representation.

The latter approach, the focus of our research, assumes that there is a limited
motivation for finding similar trajectories that do not share a common sub-
trajectory. Similar to the previous approach, we take advantage of a 1d trajectory
representation. Unlike in the previous case, it is not necessary to compute a trie,
instead a Geohash [11] is applied to reduce the number of candidate trajectories,
which are later ranked with respect to their Hausdorff distance to the query
pattern.

Our results can be succinctly summarized as follow. We compare the per-
formance of our approach to approaches applying the Needleman-Wunsch algo-
rithm and the Smith-Waterman algorithm. For experimental evaluation we use
the Microsoft Asia Geolife data set [22] that contains recorded trajectories in
Beijing, China. We show that in such a dense urban environment as Beijing,
the Needleman-Wunsch algorithm and the Smith-Waterman algorithm do not
offer the possibility of a real time query pattern search. Therefore we propose an
approach based on Geohashing that aims at real time GPS trajectory querying.

This document is organized as follow. In Sect. 2, we review the related work. In
Sect. 3, we explain why we consider pattern by search that is weighted toward pat-
tern query prefix. In Sect. 4, we introduce sequence alignment algorithms such as
the Needleman-Wunsch algorithm and the Smith-Waterman algorithm. In Sect. 5,
we explain our methodology for efficient search by pattern. In this section we also
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overview our setup for experimental evaluation. In Sect. 6, we present our exper-
imental results, and finally, in the next section we present our conclusions.

2 Related Work

Whether the Needleman-Wunsch algorithm is suitable for pairwise trajectory
comparison is in detail investigated in [3,4]. The authors point out that GPS tra-
jectories often form clusters, also referred to as nests, that emerge due to signal
reflection and multi-path signal propagation. Therefore they focus on clarifying
whether this algorithm is also applicable in such detrimental conditions.

The existence of nests has attracted the attention of Yang et al. [17], where
they introduce the notion of noise points. The authors suggest that one possibil-
ity for computing noise points is to compute move points and stay points, where
noise points are computed as their complement.

Move Ability, proposed by Luo et al. [8], is also often applied to compute
nests, or noise points. Move Ability computes the distance of end points of a
GPS trajectory and compares it with the sum of distances of each successive GPS
position in this GPS trajectory. Cavojsky et al. [4] apply Move Ability to filter
out nests, so that GPS trajectory similarity is not affected by this phenomenon.

Zheng et al. [20] propose an approach, that they call Repose, for efficient com-
parison of GPS trajectories. To achieve a high degree of efficiency, they compute
a trie that allows for comparing a pattern query with a set of pivot trajecto-
ries. After a necessary amount of pruning is done, a sub-set of candidate GPS
trajectories is computed, the Hausdorff distance between pattern query and can-
didate GPS trajectories is computed, then the candidate GPS trajectory having
the least distance is selected. This approach can be extended to top-k search. A
deficiency of Repose is its focus on search efficiency without considering various
signal propagation phenomena and their impact on measured trajectories.

Yin et al. [18] address yet another great challenge of pattern search in GPS
trajectories. They propose an approach for error-bounded GPS trajectory com-
pression, while keeping support for range queries.

The last challenge that we mention in this short literature review is GPS
trajectory clustering with enhanced privacy protection of users. Zhao et. al. [19]
propose to add Laplacian noise in order to achieve increased user privacy. The
authors apply the Edinburgh Informatics Forum Pedestrian Database [6] that
captures pedestrian traffic at the main building of the School of Informatics at
the University of Edinburgh. This data set likely has no or negligible amount of
noise caused by signal propagation phenomena.

3 Psychology of Search by Pattern

Let us consider the example shown in Fig. 1. It shows 5 different GPS trajectories
that we want to align, and then to reason about their similarity.

While these GPS trajectories share the same direction and some of them
overlap, their degree of similarity is unclear. If b becomes the pattern query, the
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similar trajectories should only be a and d. If @ becomes the pattern query, the
user would expect b as well as d as the results, since trajectories that are similar
at their beginning might be intuitively perceived as more similar than trajectories
that are similar at later trajectory stages.

d e

Fig. 1. GPS trajectories a,b,c,d and e to be aligned.

The rational behind giving more weight to similarity at the start rather
than at the end of a trajectory is an assumption that user first starts drawing
the most important portion of the search query. This then may get followed
by a refinement that aims to decrease the number of possible results. This is
similar to web searching, where a keyword root query is entered (for example
“bratislava castle”), and then in order to obtain more relevant results, one or
several keywords are added (for example “opening hours”), influenced by the
results obtained in the previous search iteration. This may be considered an
instance of confirmation bias [12], where user seeks to find a suitable result,
however, then he refines the pattern query by adding to it in order to obtain
a result that supports his prior believes. Notice that removing the root query
(“bratislava castle”) does not make sense, as searching only for (“opening hours”)
would return irrelevant results.

The simplest model for this kind of behavior is to discount future search
keywords exponentially [1], i.e. giving less importance to refinement than to
root query. This can be thus modeled as:

Nexp M,

where A > 0 is a parameter of the exponential distribution, called rate. We may
also require that the first v search keywords have the same weight. This extends
to a search by pattern, where user has to draw a pattern that spans at least ~
different hashcodes, then a refinement can be drawn. Results are later ranked
by computing their Hausdorff distance to search query.

Given two point sets A and B, the Hausdorff distance [14] between A and B
is defined as:

H(A, B) = max{h(A, B),h(B, A)}.

Assuming that A and B are compact sets, we can formulate h as follows:

h(4, B) = maxmin |la - b, (1)
where || - || is a norm defined on the plane. Herein we apply the Euclidean Lo

norm. The sets A and B are points in a pattern query and trajectories to which
we compare.
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4 Algorithms Overview

Sequence alignment is the process of aligning the letters of a pair of sequences,
such that the number of matched letters is maximized. We can describe the
alignment between two sequences with the following notation:

TACGGGCCCGCTA-C

bl I
TA---G-GC-CTATC

[43

The vertical lines “—” (pipes), represent matching letters. Mismatches are
marked by “x”. Gaps are indicated by the dash “-”, they are inserted between let-
ters to keep space of missing letters in order to optimize the number of matches.
In the above example, the letters A (adenine), T (thymine), G (guanine) and C
(cytosine) correspond to the four known types of DNA nucleotides.

Two sequences can be aligned by computing the minimum number of sin-
gle letter edits that yield these two sequences identical. The number of these
edits is referred to as “edit distance” or Levenshtein distance [9]. Sellers showed
that approaches formulated in terms of minimizing edit distance and maximiz-
ing similarity (e.g. Needleman-Wunch algorithm) are equivalent [15]. Wagner-
Fischer algorithm [9] is often applied to compute edit distance. Wagner-Fischer
algorithm, Needleman-Wunsch Algorithm and Smith-Waterman Algorithm are
examples of dynamic programming algorithms.

4.1 Needleman-Wunsch Algorithm (NWA)

NWA is a global alignment algorithm, meaning the result always aligns the
entire input sequences. The algorithm is using scoring matrix for its sequence
alignment, in simpler case defined as:

S, = 1, ?fa:b7
’ -1, ifa#b.

In addition to a scoring matrix, algorithm also applies penalties for gaps.
The most common gap penalty is the linear gap penalty, defined as follows:

WL (d) = Gd?

where the gap penalty Wy is proportional to the length d of the gap by a
parameter G. There are cases where more complicated approach is necessary,
for example, an “affine gap penalty” penalizes opening a gap by one parameter,
and extending the gap by another parameter. Such a gap penalty can by defined
as follows:

Wi(d) =G+ (d—1)E,

where we include a gap open penalty G and a gap extension parameter FE pro-
portional to the length d of the gap.
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The algorithm computes the score matrix F using a recurrence relation,
such that the values of a given cell of the matrix F' are defined in terms of the
neighboring cells. NWA applies for computing an alignment of two sequences x
and y the following recurrence relation:

Fi1;+G, skip a position in x,
F;; =max F; ;-1 + G, skip a position in y,
Fi_1j-1+ S84y}, match / mismatch.

4.2 Smith-Waterman Algorithm (SWA)

In many cases we are only interested in aligning a portion of the sequence to
find a local alignment. Furthermore, we do not necessarily want to force the
first and last letter to be aligned. SWA is an alignment algorithm that has these
properties. We can define a set of boundary conditions for the scoring matrix
F; ;, namely that the score is 0 at the boundaries:

F;0=0, for 1 <i <length(x),

Fy; =0, for 1 <4 <length(y).

For the rest of score matrix we apply the following recurrence relation:

Fi1;,+G, skip a position in x,
Fii1+G, skip a position in y,
F; ; = max )
Fi 11+ Sufiyl), match / mismatch,

0, zero-out negative scores.

The key difference between NWA (global alignment) and SWA (local align-
ment) is that when computing the global alignment we start backtracking from
the lower right cell of the matrix. To compute the local alignment we instead
start at multiple cells which all share the maximum score in matrix and we keep
backtracking until we reach zero score.

5 Methodology

In our experimental evaluation we investigate the suitability of three approaches
for comparing trajectories:

— our approach based on geohashing,
— Needleman-Wunsch Algorithm (NWA), and
— Smith-Waterman Algorithm (SWA).

All three approaches apply the same set of search patterns and all experiments
are based on the Geolife data set.

The Geolife data set (Microsoft Research Asia) was collected by 182 users
in a period of over three years (from April 2007 to August 2012). This data set



Search by Pattern in GPS Trajectories 123

contains 17,621 trajectories with a total distance of about 1.2 million kilometers
and a total duration of 48,000+ h. These trajectories were recorded by different
GPS loggers and GPS capable phones, and have a variety of sampling rates. This
data set recorded a broad range of users’ outdoor movements, including not only
life routines such as “go home” and “go to work” but also entertainment and
sports activities, such as shopping, sightseeing, dining, hiking, and cycling, for
details see [21-23].

Several relevant statistics for the Geolife data set are shown in Figs.2(a)
and 2(b); see [2] for additional useful statistics.

W <5kn m<1h
O (5, 20] km O(l, 6] h
O > 100 km O>12h
(a) Trajectories by distance (km). (b) Trajectories by duration (hours).

Fig. 2. Distribution of trajectories in Geolife data set.

5.1 Pre-processing Geolife Data Set

One of the options how to pre-process trajectories is using Geohash [11], a hier-
archical spatial data structure, that encodes a GPS location into a string of
digits and letters. Encoding is done with subdividing space into buckets of grid
shape, called Z-order curve. Latitude and longitude is encoded by base32, that
uses digits 0-9 and almost all lower case letters except “a”’, “i”, “I” and “o”. If
geohashes share the same prefix, the points within these geohashes are spatially
close. The opposite may not hold, since points can be close to each other but
may not share a prefix. An example of Geohash grid is shown in Fig. 3.

By using Geohash we are able to assign to every trajectory a set of geohashes
that contain the points that belong to these trajectories. Before searching by
pattern, we calculate the set of geohashes that represent the search pattern.
We then select trajectories which have a non-empty intersection with this set of
geohashes.

Let us consider the example depicted in Fig. 4, where solid circles are recorded
locations and dotted circles are calculated locations by linear interpolation to
fill geohashes between locations with gaps.

Pre-processing then consists of these steps:
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Fig. 3. Geohash.

OO ®

Ho Ha Ho

Fig. 4. Trajectories p and r encoded with geohashes.

— All positions are transformed to geohashes. We use geohashes with the length
of 7, however, any granularity can be achieved by using shorter or longer
geohashes.

— Repeatedly occurring geohashes are deleted, i.e. the next geohash in the series
is always different from the previous one.

— If necessary, missing geohashes between positions are calculated by linear
interpolation. If we do not include geohashes for gaps, our approach is unable
to compare trajectories; see [4] for more information on gaps and on how they
emerge.

— We do not consider trajectories that are both short and require interpolation.
Interpolated geohash trajectories with length less then 6 geohashes are not
considered in our evaluation.

As already described above, when applying NWA, SWA or our approach for
similarity, we run these approaches on tracks, not on original GPS trajectories
that we use to compute tracks.

Definition 1. Let H; be the i-th geohash, id the track identifier, and ¢ the track
length. Track t is then defined as a sequence of pairs t = [(Ho,id), (H1,id),- -,
(He—1,1d)], where H; and H;y1 are neighboring geohashes.
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5.2 Owur Approach Based on Geohashing

To search similar tracks with geohashing we first assign tracks to a hash map.
We create hash keys by concatenating every - geohash codes in track. Each hash
key in hash map points to a set of tracks ids, that share that tuple of geohash
sequence. The considered approach is shown in Fig.5, where the tracks ¢, ¢5
and t3 are assigned to four hash map keys.

#(Ho, H1, Ha, H3)

t1 = [(H07id1)7 (H17id1)7 (H27id1)7 e 7(H67id1)]

H#(Ha, Hay Hs, Ha)

to = [(Ha,id2), (Hz,id2), (Hs,id2), (Ha,id2), (Hs, id2)]
#(Ha, Hs, Ha, Hs) 4

_ -tz = [(Hs,id3), (Ha, ids), (Hs, ids), (Hs, id3)]
(M3, Ha, Hs, Ho) G~

Fig. 5. Hashing tracks based on geohash codes for v = 4.

In order to find tracks that are similar to search query ¢ =
[(Ho,idp), - - , (Ha,1ido)], the following steps get applied:

— Split ¢ to tuples by applying a moving window of the size v that at each
iteration moves to the right by one geohash.

For example for a track of length 5, and v = 4 we compute two tuples (hash
map keys):
[(H07 Hla H25 H-?))) (H17 H27 H37 H4)]

— Retrieve tracks from keys of hash map based on tuples from pattern, and
compute the union of retrieved tracks.

For example:
r = {idl, ng} U {idl, 1ida, Zd3} = {idl, ids, ng}

— Rank r by similarity to q, applying the Hausdorfl distance between ¢ and
each result in r.

5.3 Comparison of Methods

The approaches considered herein can be succinctly characterized as follow:

Needleman-Wunsch Algorithm (NWA)

— time complexity to compute optimal global alignment(s) is O(mn)
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— backtracking starts only in lower right cell
— backtracking ends in upper left cell
— allows for negative scores

Smith-Waterman Algorithm (SWA)

— time complexity to compute all local alignments is O(mn)
— backtracking starts at cells with maximum score

— backtracking ends at cell with 0 score

— negative scores are zeroed out

Our approach based on geohashing

— time complexity to find a set of similar tracks is O(1), however, a hash map
has to be first computed, which can be done when iterating through GPS
trajectories during pre-processing

— union of track ids can be computed in linear time by merging assuming that
ids are ordered, otherwise they need to be ordered in O(|r|log |r|)

As a side note, we would like to mention that NWA is suitable for search if
we expect trajectories to be nearly identical, on the other hand, SWA is suitable
when we expect trajectories to be similar at least in some segment. How our
approach based on geohashing compares to NWA and SWA is one of the goals
of our experimental evaluation.

6 Experimental Results

For searching in the Geolife data set, we apply two pattern queries shown in
Figs. 6 and 7. They both run through the city center of Beijing. The former one
is a short query with the length of 11 km and the latter is a trip from the airport
to the city center, its length is 39 km. The long pattern query contains the short
pattern query in order to simplify reasoning about obtained results.

6.1 Searching with Needleman-Wunsch Algorithm

For searching using NWA we apply the parameters specified in Table1, these
parameters are also applied in a previous study on trajectory similarity by Cavo-
jsky and Drozda [3]. The similarity between two tracks is therein defined as
follows:

Definition 2. Let C, and Cy be two tracks. Tracks C, and Cy are similar if
these tracks have at least o matches and no more than 3 subsequent mismatches.

We run NWA incrementally by increasing the length of pattern query by 5
Geohash codes (approx. 600m) up to the full length of search pattern for both
the short and long pattern. In other words, we start with a prefix of the pattern
query having the length of 5 Geohashes, subsequently we increase its length by 5



Search by Pattern in GPS Trajectories 127

3 DL
# i | g‘
£ ! i
# 1 T -
e bz a

i mEky # ®
|7 L 7 YT = T I
i ! | #x) | ‘\

7t

;uguf —ACERER, o

esi ||

l‘usﬂar; i)

|
)

“’A Layq | \‘,,_r" ‘\?EIJ\I;I%S = N ?‘; -
A | T o b . LI
> h |‘ “\
0 b= 7 s,
\ \ gt AR
o \ A, S =
4\ e ESEE T 3 {
R T RS  dmp | FTEE N |
EE Y pgs sl 436339,«._‘ g 5o 5 it [ 4 '
\ R IS ~ea g ,:a
(BN g . WY LY ! Y'B— 28728 24 \
R e e H ‘ T i
| e TN sac o o I e '\ ems | _f
~ N : i ﬂéﬁlﬁ X A K AR
18- * H /
,ﬁ,lﬁ i = 35 | wame
AL TR s l
\ = 4 L
‘ B EHEE L Bl e e : =R e 1
I o APPSR % ER !
eI T s B sl S \/ew BN

Fig. 7. Long pattern with the length of 39km (starts on the right).

Table 1. Needleman-Wunsch Algorithm parameters

match score 1

mismatch penalty | -1

gap penalty
«@

B

w(R |o
Il
[

Geohashes, until full pattern query length is achieved. This is necessary in order
to evaluate the scalability of NWA for different query lengths.

Figures 8(a) and 8(c) show the results for these two search patterns. We can
see that as the length of either search pattern increases, so does increase the time
to compute similar tracks in the Geolife data set. We consider these results to be
unsuitable for real time search, since they are beyond what can be considered as
“negligible delay”, where Liu and Heer [7] show that a delay of 500 ms already
results in decreased user activity (in use cases with high interaction).
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JEE——— —— Needleman-Wunsch
#~ Smith-Waterman

10! —— Geohashing

o
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—— Needleman-Wunsch
Smith-Waterman

search time [s]
number of tracks

—— Geohashing
1071
10 /\W \/X
2000 000 5000 00 10000 2000 1000 6000 8000 10000
search pattern length [m] search pattemn length [m]
(a) Short pattern by time. (b) Short pattern by number of tracks.
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Smith-Waterman algorithm
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Smith-Waterman algerithm

10" 10

search time [s]
number of tracks

—— Geohashing —— Geohashing
10
102 ///’Fﬁ/_' 10
10
0 5000 10000 15000 20000 25000 30000 35000 40000 0 5000 10000 15000 20000 25000 30000 35000 40000
search pattern length [m] search pattemn length [m]
(¢) Long pattern by time. (d) Long pattern by number of tracks.

Fig. 8. Comparison of different methods based on search time and found tracks.

Figures8(b) and 8(d) show the number of similar track. As expected, the
number of these tracks decreases with the pattern query length.

6.2 Searching with Smith-Waterman Algorithm

For searching using Smith-Waterman Algorithm we used parameters specified in
Table 2. We set mismatch and gap penalties to —1, because our goal is to search
for maximal alignment. If two tracks have at least v subsequent matches we call
them similar.

Table 2. Smith-Waterman Algorithm parameters.

match score 1
mismatch penalty | -1
gap penalty -1
subsequent matches | v = 4

The experiment is done the same way as in the case with NWA, i.e. the
length of pattern query is incrementally increased in order to test with still
longer pattern queries.
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Figures8(a) and 8(b) show the results for the two pattern queries. We can
again see that the time to compute an alignment cannot be considered negligible.
Figures 8(b) and 8(b) show the number of found tracks.

6.3 Searching with Geohashing

We applied the same search procedure as for NWA and SWA for both the short
and long pattern. Figures 8(a) and 8(c) show the time needed to compute r, i.e.
the set similar tracks, that still need to get ranked by its similarity to pattern
query. We can see that compared to both NWA and SWA, the search time is
considerably decreased. We can consider these results as having negligible delay,
thus suitable for real time search. Figures8(a) and 8(c) show the number of
similar tracks.

The results for the search by pattern for NWA, SWA and our approach based
on geohashing shown in Fig. 8 indicate that the latter approach is a dominant
approach in terms of computational time. The results also indicate that SWA
and our approach based on geohashing are similar in terms of what they find,
i.e. local alignments. Notice that our experimental results are based on a data
set with a certain number of measured GPS positions, therefore we are unable
to provide statistical significance for our results. We only have two samples for
each search pattern length. We are currently focusing on creating a synthetic
data set that could resolve this problem [2], however, as a proof of concept the
results give a clear direction for future research.

6.4 Search by Pattern Starting with + Identical Geohashes

We have argued that a general pattern search that compares any search pattern
to a set of tracks with equal weight may not be necessary. Therefore we suggested
that any found tracks need to start with v geohashes that are identical to initial
~ geohashes of the search pattern.

In order to compare the general approach and our approach based on ~y
identical geohashes, we compute the Hausdorff distance for the results obtained
by these two approaches. These results are shown in Figs.9(a) and 9(b) for the
general approach and in Figs.9(c) and 9(d) for our approach. We can see that
requiring that initial v geohashes are identical has a great potential to further
decrease computational burden. Notice that the computed Hausdorff distances
may seem large (500m to tens of kilometers), however, the Hausdorff distance is
computed as the maximum minimum distance between two sets of points, rather
than an average or minimum distance; see Eq.1 for details. In the case of the
long pattern shown in Fig. 9(d), the number of reasonable results has shrunk to
just three possibilities.
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7 Conclusion

We argue that if search by pattern in GPS trajectories is similar to web search,
user first draws the most important part of the query, and then influenced by
the result, a query refinement may get added. This idea has led us to designing
for a specific type of pattern search, where it is not necessary to compare search
query with a potentially very large set of recorded trajectories. We pointed out
that such a general approach might lead to computing a trie associated with
complex pruning rules.

Instead we investigate the option where initial part of pattern query has
more weight than any possible tail. We prepare several experiments based on the
Geolife data set that contains GPS trajectories recorded in Beijing, China. We
show that giving the initial part of a pattern query more weight has a potential
to improve query time and thus how user might interact.

There are several challenges and deficiencies of our approach that we would
like to stress. Even though the Geolife data set includes GPS trajectories
recorded in a major urban area, it does not by far capture the level traffic that
happens in extremely dense urban areas. We are currently working on an app-
roach that could generate large scale synthetic data sets of GPS trajectories [2].
A massive data set could then give a final result on efficiency of various search
approaches.
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Drawing a pattern query is a major challenge since it requires a well-designed

user interface that allows for simple pattern drawing, its refinements and adjust-
ments. As simple as it sounds, it is a quite challenging task connected with a lot
of effort aimed at user experience testing.
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