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Abstract

Spatio-textual similarity join retrieves a set of pairs of objects wherein ob-

jects in each pair are close in spatial as well as textual dimensions. A lot of

work has been done in the spatial dimension but no work has been done for

spatial-textual joins. However, due to the ubiquity of GPS enabled devices,

huge spatial-textual data is being generated which demand new methods to

query and perform operations on this new data type. We study join opera-

tion for spatial-textual data and incorporate various optimizations/ heuris-

tics such as efficient grid partitioning for spatial dimension, use of a specific

prefix length of textual vector and ordering of elements in textual vectors on

the basis of their TF-IDF scores. We also design and study algorithms using

the above heuristics for spatial-textual data join on MapReduce Framework.

Experimental results on two real life datasets, Flickr and Foursquare, show

the effectiveness of these optimizations in terms of computation time as well

as pruning of non-candidates.
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1

Motivation and Introduction

With the proliferation of GPS and Internet technology, the web is now acquiring a spa-

tial dimension along with its prior textual dimension. Nowadays, a lot of spatial textual

data is being generated by social web applications like Foursquare, Flicker, etc. which

provides opportunities to use these data for use in different applications. However, it

also demands for development of efficient techniques to manage and perform various

operations over the spatial-textual data. One of the frequently required operations is

a join operation over spatial-textual data that can be used to answer spatial-textual

similarity queries.

Recently, there is a upsurge in the work on spatio-textual similarity join [1, 2, 3]

and different spatio-textual queries [2, 4, 5, 6, 7, 8, 9]. There also exists work for only

textual-similarity join and search [10, 11]. Spatial joins [12, 13, 14] and set-similarity

joins [11, 15, 16, 17, 18, 19] are also well studied problems in the past. For spatio-textual

similarity join, input is a set of tuples with each tuple consisting of a set of textual terms

and object location components. The output is a pair of objects which are spatially

close and also textually similar to set of terms specified. Each pair of objects in the

output satisfy the given spatial and textual similarity threshold constraints. Formally,

given two sets of objects M and N (in case of self join M=N) having both spatial and

textual domain features, the join returns the subset S ⊆ M × N , such that for every

pair (m,n) ∈ S, m is both spatially close as well as textually similar to n as per the

given threshold parameters.

However, computing join operation is an expensive task. Therefore, there is a need

for some efficient mechanisms that reduce the number of candidate pairs which need
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to be verified finally.

The state of the art algorithms for spatial-textual join like ST-SJOIN [2] performs

join in two phases. In the first phase, a set of candidate pairs is generated based on some

filtering mechanism. In the second phase, the candidates pairs are actually verified

for their final inclusion in result set. To achieve better efficiency for join operation,

non-candidate pairs filtering mechanism should be both computationally fast as well as

effective in terms of finding the maximum numbers of non-candidate pairs. In addition,

the filtering mechanism should be correct in terms of not filtering out any true positive

to be present in the result set. In this thesis, we study a number of heuristics for their

effectiveness in the context of spatial-textual join. We incorporate them in the state of

art algorithm and observe the improvement. We observe that use of heuristics improves

performance of ST-SJOIN by a factor of up to 5 [1]. The heuristics that we study are

given as follows:

• Efficient Grid Partitioning: First heuristic makes an efficient Spatial Grid in

order to reduce search space for possible candidates. This reduces search space

by a factor of 25

• Global Ordering of Elements: Second heuristic orders elements of textual

vector so that pruning becomes effective.

• Prefix Comparison: Third heuristic defines a prefix length of textual vector

on the basis of the given similarity threshold and textual vector length being

compared. The prefix length number of terms of textual vector are compared

in the first phase instead of all the terms to decide whether the pair should be

verified in the second phase.

We study the effectiveness of heuristics over real-life data sets, Foursquare and

Flickr, by incorporating the heuristics in already existing state of the art algorithms.

We notice that the use of heuristics reduces more non-candidates pairs and performs

better than existing algorithms in terms of total computation time to produce a join

set.

Then, we implement the same work in MapReduce framework which is a program-

ming model for processing large data sets in parallel and distributed environment.

There has been work done in spatial dimension [20, 21] and textual dimension [22]
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using MapReduce. In MapReduce, we study 3 different approaches proposed by us

and compare those 3 approaches for their efficiency. These approaches are described in

section 6 of this thesis.

Applications: Spatio-Textual joins have various applications in fields where GPS

systems are used or where spatial and textual data is available. Some of the applica-

tions are discussed below.

Matrimony databases: Matrimony databases can be used to pair up couples with simi-

lar interests based on the characteristics of people. This also enables a person to search

partner at desired location. Today, matrimony websites returns the result with equal

probabilities for every result, but using this approach, we can actually rank up results

with most likely and relevant results at top. We can also tune either spatial or textual

dimension for better results (in case of no or least likely results).

Education System: Education system can incorporate spatio-textual similarity join by

recommending educational institutes to students of their interests. Every student have

different interest in education field and the quality of education provided by that field

differs from place to place. This system can recommend best college based on one’s

interests. E.g. Suppose a student want to do doctorate in Information Security and he

doesn’t want to go beyond 2500 KM for his studies, then this system can suggest best

college within this range which are good in Information Security field.

Data Redundancy: Data redundancy or data de-duplication is mostly used in set-

similarity joins [17, 23]. In set similarity joins, only textual data is considered but

considering spatial data further improves removal/detection of redundant data. E.g.

In education institute database, there may be labs in many institutes with same tags

corresponding to similar labs but we cannot distinguish between them just based on

their textual similarity, hence, spatial similarity plays an important role here. Another

example can be copy of same data records at two different places. which can’t be found

for de-duplicacy without spatial dimension.

Academic Collaboration: Spatio-textual joins can be used by Academic people to col-

laborate with other academicians with similar interests in nearby locations.

Contribution: In past, there has been lot of work done in domain of spatio textual

similarity join [1, 2, 3] and also, spatio textual similarity queries [2, 4, 5, 6, 7, 8]. The

work is also carried out in variable prefix domain which is a framework for similarity

join and search[10]. For spatio textual similarity queries, input is spatial distance and
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set of terms (textual terms) and output is pair of objects which are spatially close and

also textually similar to set of terms specified for between objects. Proposed heuristic

for variable prefix filtering, inputs variable prefix length which gives results in minimum

response time as compared to baseline algorithms. Also, spatio joins [12, 13, 14] and

set similarity joins [11, 15, 16, 17, 18, 19] are well studied problems in past. Spatial

[20, 21] and textual dimension [22] using MapReduce is the work done in recent years

for parallelism of computation. We explore techniques of spatio-textual similarity join

by applying variable prefix filtering to actually beat prefix filtering [1, 10] and other

works done in past. This helps us prune our search space and improve our response

time for desired results. We show results by tuning spatial and textual threshold, for

pruning of non-candidates. We also study that, if the database is heavily clustered then

applying spatial dimension first is fruitful as compared to applying textual dimension

first. Also, if the objects of database is far apart from each other, then applying textual

dimension first would fetch us good response time.
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2

Related Work

The work done in this domain is related to spatial distance joins, similarity join and

search, set similarity joins, spatio-textual search, Spatial joins using MapReduce, Tex-

tual joins using MapReduce and spatio-textual similarity join. Subsequent sub sections

summarizes these works.

2.1 Spatial Distance Join

Spatial distance between two objects is the metric which tells how far apart the two

objects are. Spatial data is usually indexed using R-trees [24] which indexes data of

spatial objects using minimum bounding rectangles (MBR). Our work, ST-SJOIN-PF

further extends ε distance join [14] where ε is spatial threshold between two objects.

This means that given two databases of spatial dimensions, say A and B, ε distance

returns the pairs of objects (a, b), a∈A, b∈B and distt(a, b) ≤ ε. This can be deployed

in MBRs by recursively traversing and intersecting [13] the pairs which have minimum

distance at most . We further discuss our approach in Section 5.4.

2.2 Similarity Join and Search

This approach is used to beat prefix filtering[1, 10] in terms of overall response time

and do optimizations over textual search space by pruning more pairs of objects than

pruned by prefix filtering scheme. This work is done only for textual similarity and

search and doesn’t consider spatial dimension. In this scheme, we use variable prefix

filtering scheme which is actual key for this paper in which we verify for more textual
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2.3 Set Similarity Joins

overlap in initial phase than in simple prefix filtering to prune out more pairs. This

means, instead of checking only 1 common element for calculated prefix length, we

check for multiple overlapping pairs and discard pairs which do not fulfill this overlap

condition. This reduces verification time i.e. time to verify if a pair is actually spatially

textually similar or not. This work is further described in section 5.

2.3 Set Similarity Joins

As the name suggests, set similarity finds the pairs of objects which are similar in their

textual domain. It finds the pairs of objects which are at least Θ times similar where

Θ is any similarity function among given sets. It finds applications in duplicate object

detection [25] such as de-duplication of data, plagiarism detection, string matching [23],

etc. Several methods have been proposed for this task in past [18] including methods

based on lexicographic ordering of text, inverted files [26] approach to store number of

objects and object id associated with each text/tag. This approach scans entire lists

to check for the pair of candidates, hence optimizations were proposed, studied and

implemented in which a small part of objects′ list is scanned to construct inverted list

to compute join or discard pairs at same time. Chaudhari et al. [17] proposed an

efficient filtering technique for set similarity join using prefix filter which means that

for two objects to be candidate for join, at least some minimum overlap should be

there among two strings which is calculated using prefix length of two objects. Prefix

filtering is further improved by Jiannan et al. in [1, 10] where prefix length is taken to be

variable than taking it as constant in [2]. Bayrado et al. [16] proposed framework which

minimizes necessary elements to be added to inverted files for joining of objects by pre-

computing bounds of element weights and also appropriate ordering of set elements in

database. Proposed method of Bayrado et al. was further optimized by Xizo et al. [15]

by enhancing performance of prefix filtering using positional information of elements in

prefixes and partial suffix of objects joined. Section 5.4 discusses the method proposed

by [1, 2, 10, 15].

6



2.4 Spatio Textual Search

2.4 Spatio Textual Search

Spatio-textual search finds major application and is often used often in applications

like extracting spatial information from web pages or other databases which are then

tagged using geo-tagging. Geo-data management is also typical application of spatio

textual search. Often GPS is used to tag spatial and textual information for any object.

Flickr uses geo tagging [27, 28, 29] to tag images into its database. GPS system is also

used in tracking any system. E.g. in XIX Commonwealth games, around 1800 buses

were provided with GPS systems to track them. Objects are given geotagged footprints

which means they are annotated with set of locations which are often approximated by

MBR in spatial domain. Also, geotagging enables searching objects/ documents by the

text content associated with them along with their spatial information. The SPIRIT

[30] search engine provides a test bed for the development of web search technology

that is developed for access to geo spatial information which means the user inputs set

of keywords and set of spatial predicates and the search engine returns the documents

corresponding to user query. This further has capability of query expansion in case

the user fails to get desired results. E.g. Find South-Indian restaurants within 5 KM

from IIIT Delhi. Many indexing techniques have been proposed in [30, 31, 32, 33]

for spatial-textual selection. Complex queries have also been studied for this type

of search for matching query keywords [9, 34], prestige-based similarity [16] and also

nearest neighbors [23] queries.

To the best of our knowledge, spatio-textual similarity joins have been studied in

[1, 2, 3]. The work proposed by [2] have been studied in next subsection and also in

section 5. Ballesteros et al. [3] computed SpSJOIn which differs from our work. In Sp-

SJOIN, they combine both spatial and textual similarity together to find spatio-textual

similarity between two objects x and y using sim(x, y) = simtextual(x,y)
1+distspatial(x,y)

which com-

bines both spatial distance, distt(x, y) and textual similarity, sim(x,y) of objects. Also,

SpsJOIN maximizes textual similarity between pairs of objects whereas ST-SJOIN-VPF

considers both spatial and textual domain without dominating on either domain and

retrieve pairs of objects which fulfills both spatial and textual threshold. Hence, even

if two objects are spatially very close but their textual similarity doesn’t overlap much,

SpSJOIN join may result in 0 pairs of objects, which is improved in ST-SJOIN-VPF.
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2.5 Spatial Join Using MapReduce

2.5 Spatial Join Using MapReduce

Lu et al.[20, 21] studied efficient processing of k Nearest Neighbor using MapReduce.

They used Voronoi diagram to partition the spatial dimension in K planes. Then

Mapper assigns every object, an id/key of plane where it lies. This ends up assigning

same key to objects within a plane. Then they calculate lower and upper bounds to

prune non-candidates. Every voronoi cell checks for its neighboring cell only if it fulfills

lower and upper bounds and then send them to same reducer. Finally, reducer actually

verifies candidates.

2.6 Textual Join Using MapReduce

Vernica et al.[22] studied efficient parallel set-similarity joins using MapReduce. They

join two different files of records of textual vector. They perform MapReduce task in 3

stages. Stage 1 includes token ordering which is divided into two phases. Phase 1 com-

putes frequency of every token. Phase 2 orders the tokens based on their frequencies.

Then, stage 2 extracts the prefix length and filters out non-candidates whose terms in

prefix length do not overlap. Stage 3 is Reduce stage where candidates are verified for

actual join.

2.7 Spatio Textual Similarity Join

Recent work done by Panagiotus et al.[2] and Vivek et al.[1] enabled joining of spatio

textual data including self-join on them. The proposed methods considers Euclidean

distance for spatial similarity and Jaccard threshold for textual similarity. Also, they

did some optimizations both on spatial and textual dimensions. The work done is

really interesting and enables for further optimizations in this domain. For spatial

dimension optimizations, they constructed dynamic grid and partitioned it in order to

prune pairs with their spatial distance more than their spatial threshold. This reduces

our calculation significantly when database is sparse. They also had some optimization

in textual space in which they used prefix filtering to prune pairs of objects which

do not satisfy minimum overlap condition. Detailed discussion about these are given

in section 5.4 where we discuss baseline approach and also our approach over present

prefix filtering approach to further reduce our search space.
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3

PROBLEM DEFINITION

Given a database of spatio-textual objects, where each object in the database is repre-

sented as triple, denoted as 〈obj.id, obj.loc, obj.text〉 specifying the identity, location,

and textual description of an object. Our goal is to find pairs of objects which are close

in space and their overlaps in terms of text according to the given thresholds for spatial

and textual dimensions, respectively. obj.loc takes values from 2-D geographic space

and obj.text takes a set of terms of the global dictionary of terms. Each term in the

dictionary can be weighted or unweighted based on relevance of term to that object.

In this thesis, we use TF-IDF combination. The size of object x, denoted as |x| as the

numbers of terms contained in the object. The size of the object is used in defining the

prefix length of objects.

Now, we denote the spatial distance for every pair of spatio-textual objects as

dist(x, y), as the distance between object x and y, and their textual similarity, sim(x, y)

as the set similarity between textual vector of terms associated with objects x and y.

Spatial distance is measured as Euclidean distance, i.e., dist(x, y) = dist(x.loc, y.loc).

Textual similarity is measured as Jaccard similarity, i.e., sim(x, y) = (|x.text ∩ y.text|)
(|x.text ∪ y.text|) .

Given a database of spatio-textual objects O, the algorithm finds all pairs of objects

(x, y) which are spatially close and textually similar i.e. ∀x, y ∈ O, a pair (x, y) appears

in output if dist(x, y) ≤ ε and sim(x, y) ≥ Θ where ε and Θ are spatial and textual

thresholds, respectively.
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Table 3.1: Textual Similarity

θ x1 x2 x3 x4 x5 x6 x7 x8

x1 1 0.2 0 0.4 0.33 0 0 0

x2 0.2 1 0 0.17 0.14 0.33 0 0

x3 0 0 1 0 0 0 0.6 0.5

x4 0.4 0.17 0 1 0.8 0.13 0.13 0.11

x5 0.33 0.14 0 0.8 1 0.11 0.2 0.18

x6 0 0.33 0 0.13 0.11 1 0 0

x7 0 0 0.6 0.13 0.2 0 1 0.83

x8 0 0 0.5 0.11 0.18 0 0.83 1

Figure 3.1: Example of 8 spatio-textual objects

Example 3.1 Consider a collection of 8 spatio-textual objects, O={x1, x2, ..., x8} in

Fig. 3.1 above. Every object have 〈obj.id, obj.loc, obj.text〉 like 〈x1, (0.3, 0.55), (A,B,C)〉.
Our algorithm, ST-SJOIN-VPF(O, 0.2, 0.8, 1) retrieves pairs (x4, x5), (x7, x8). Table

3.1 and 3.2 shows spatial and textual similarities scores for all pairs of objects in the

example. Object pair (x7, x8) has maximum textual similarity of 0.83 and similarly

pair (x1, x5) has minimum spatial distance of 0.19.
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Table 3.2: Spatial Distance

ε x1 x2 x3 x4 x5 x6 x7 x8

x1 0 0.52 0.49 0.24 0.19 0.59 0.63 0.58

x2 0.52 0 0.42 0.63 0.67 0.73 0.41 0.51

x3 0.49 0.42 0 0.82 0.73 0.91 0.79 0.85

x4 0.24 0.63 0.82 0 0.08 0.21 0.51 0.45

x5 0.19 0.67 0.73 0.08 0 0.41 0.57 0.51

x6 0.59 0.73 0.91 0.21 0.41 0 0.53 0.47

x7 0.63 0.41 0.79 0.51 0.57 0.53 0 0.09

x8 0.58 0.51 0.85 0.45 0.51 0.47 0.09 0
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4

Prior Spatio Textual Similarity

Join Methods

The section describes the methods for computing spatio-textual similarity joins. The

section starts with standard PPJOIN algorithm modified with variable prefix which

is extension to ALL PAIRS [27] algorithm and concludes with all spatio-textual join

algorithms. In prefix filtering techniques, joins are calculated over inverted list of

objects, which also makes sense since it is most efficient way of computing textual joins.

An inverted index [26], also known as postings lists or inverted file is made for collection

of objects and it is an index data structure which stores mapping from content, such

as text associated with each object to its location in the database i.e. object.id. In

simple terms, an inverted index is of form of (termId, docId) where termId is every

term in dictionary and docId is object Id which contains that term. Now, in order

to compute join, for each object x associated with O, we scan the posting list Lt of

every term of object x, i.e. x.text and calculates ’n’ length overlap of object x with

every other objects say y ∈ Lt which belongs to postings list of terms of object x and

keep them in set Ox[y]. This way we find candidate pairs for object (x,y) associated

with object x. We then compute actual similarity between every object (x,y) added

as candidate pairs to check if they satisfy sim(x, y) ≥ Θ to be actual pairs for join.

This suffers from problem of double checking an object for candidate and join pairs i.e.

pairs (x, y) and (y, x) are checked which produce same results but doubles computation.

Hence, some optimizations are built over inverted index in which inverted index is built

incrementally and join is processed on the fly. This means that while checking the

12



4.1 PPJOIN Algorithm

posting list of any object say x, we add an entry for x specifying that x have already

been processed and we need not check it again. This helps us processing every object

just once and hence computation reduces to half over baseline approach.

4.1 PPJOIN Algorithm

PPJOIN [15] Algorithm is an extension to All-Pairs algorithm which is further extended

to combine positional filtering with prefix filtering. It takes as input a collection of

Canonical objects already sorted in increasing order of their sizes. Then it sequentially

scans each object x, finds candidate pairs that intersects x′s prefix and accumulates

the overlap in a hash map A. The candidate sets so generated are verified to be actual

pairs for joins in verification phase. Given two objects, the basic idea of positional filter

is to compute an upper bound O of their maximum overlap O (x, y). If O is lower than

minimum overlap required for candidate for join as required by the textual threshold,

we can safely discard pair (x, y).

4.2 PPJ-I

PPJ-I constructs a dynamic grid partition on the spatial dimension of size, spatial

threshold, ε, before performing joins. It defines a neighborhood for every cell to gen-

erate a spatial vector. These neighbor cells are in at most 3×3 grids around the cor-

responding cell. In dynamic grid, a cell index is maintained on top of every posting

list in order to have direct access to initial entry/ entries in posting list. Every cell

index contains an entry for < cellid, ptrcellid > for objects in posting list, Lt having first

entry 〈obj, posobj〉 with obj.cellid=cellid. This helps eliminate efforts for linear scan of

grid for a particular cell id and we can directly get entries for each cell. We have used

variable prefix index in this approach (VPF-PPJOIN-VI) and shown efficient results as

compared to baseline algorithms.

4.3 PPJ-C

Similar to PPJ-I, this algorithm also constructs a dynamic grid. It then orders the

objects of database in increasing order of their cell-ids and does not use any neighbor-
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4.4 PPJ-R

hood interval concept. Therefore, this approach is named as Cell partitioning and so

the suffix - C. This means that the algorithm orders the objects both by their cell ids

and their sizes but prefers cell ids before their sizes. We have used variable prefix index

in this approach (VPF-PPJOIN-C) and shown efficient results as compared to this al-

gorithm. In this algorithm, we need to compute 1 self-join and at most 4 non-self join.

For non-self join, [15] suggests merging contents of joined sets and then finding global

ordering and again applying VPF-PPJOIN. In order to join two cells say c and c′, we

perform size based ordering of the content of each cell and adopts a merge sort strategy

which calculates smallest distance between cells c and c′. If object x ∈ c, y ∈ c′, we

scan an inverted index of c′ and insert object x in the inverted index of c(c′).

4.4 PPJ-R

Spatial domain provides a powerful algorithm to define a data structure, namely R-Tree

which is used to index multi-dimensional information including Geo-locations. We build

upon this structure by assuming spatial indexing by R-Tree [24]. The algorithm works

on spatial threshold, ε. It takes input in the forms of nodes for which it takes two nodes

Nx, Ny as inputs and performs iterations in R-Tree. Initial call results in root of tree

i.e. Nx = Ny. Now, if Nx and Ny are non-leaf nodes, then the algorithm identifies every

pair of entries (ex, ey) ∈ Nx × Nysuch that the minimum distance between minimum

bounding rectangles of r tree i.e. MBR(ex) and MBR(ey) is at most equal to the spatial

threshold value ε. This gives us the pairs of objects that qualify spatial threshold and

the algorithm runs recursively for all such nodes and all entries within nodes. We

have used variable prefix index in this approach (VPF-PPJOIN-R) and shown efficient

results as compared to this algorithm.

14



5

Proposed Spatio Textual

Similarity Join Methods

This section describes the heuristics and improvements over prior algorithms studied in

this thesis. We discuss the efficient grid partitioning scheme, followed by global order

heuristic[1], further followed by prefix length heuristic[1]. We first construct Spatial

Grid for spatial filtering in which we assign cell id’s to each object as shown in line 1 of

Algorithm 1. The algorithm takes as input a collection of Canonical objects O already

sorted in increasing order of their their TF-IDF values, textual threshold ε, spatial

threshold θ and variable prefix length n. Then, we compare a candidate with it’s

neighbor cells only in order to prune most of the non-candidates in spatial dimension.

Our approach is built on top of PPJOIN algorithm which is modified in order to filter

objects based on variable length prefixes. Then it sequentially scans each object x,

finds candidate pairs that intersect the prefix of x and accumulates the overlap in a

hash map. Line 1 indexes all the objects in spatial grid. Line 3 finds all the neighbors of

an object. Line 4 sequentially scans every object in obtained from line 3 and then line

5 checks for spatial threshold between pairs of objects. If spatial threshold is satisfied

in line 5, then it finds probe prefix length in line 6 and checks if the candidates fulfills

probe prefix overlap in line 7. If they satisfies probe prefix overlap, then the candidate

sets so generated are verified to be actually paired for joins in Line 8.
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Algorithm 1: VPF-PPJOIN(O,Θ, ε, n)

1 Input : O is a collection of records sorted by the increasing order of TF-IDF

values; each record has been canonicalized by a global ordering OG a textual

similarity threshold Θ and a spatial distance threshold ε. Also, we take

Neighborhood Cell C for every object as input in order to prune many

non-candidates.

2 Output : Set S of all pairs of objects (x, y), such that x,y ∈ O, sim(x, y)

≥ Θ and dist(x, y) ≤ ε.

1: GS ← Construct Spatial Grid(O, ε) //Index all the objects in Spatial Grid.

forall the objects x ∈ O do
2:

Obtain Nx, neighborhood cells of x using Gx

3: for all objects y ∈ Nx not processed yet do

4: if dist(x, y) ≤ ε
5: p = |x| − (Θ.|x|) + n. //Probe Prefix length

6: if (prefix sim(x,y)) ≥ n
7: if (sim(x,y)) ≥ θ
8: S = S

⋃
Join-Pairs(x,y)

9: else

10: discard pair(x, y)

11: else

12: discard pair(x, y)

13: return S
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5.1 Efficient Grid Partitioning

Figure 5.1: An example of efficient grid based partitioning (a) Interval Approach (b) Cell

Approach

5.1 Efficient Grid Partitioning

We partition spatial dimension using Spatial Grid in order to prune non-candidates

which are far away. Baseline approaches makes spatial grid of width ε in order to

remove candidates in non-neighborhood cells. We further optimize this approach by

saving 25% of search space by making spatial Grid of width ε/2. Using this, we check

for two neighborhood cells (instead of one in previous case), but this saves ε/2 cell for

every neighbor. Fig. 5.1 shows an example of Spatial Grid with width= ε/2.

5.2 Global Ordering of elements on the basis of TF-IDF

Values[1]

We order terms of textual vector. The motivation of this ordering is to make the

pruning more effective by using more selective/ less frequent terms. A term which

is more selective will appear only in very few objects and hence would become more

effective in reducing the number of candidate pairs. Therefore we define a global order

on terms using TF-IDF values. Lower the TF-IDF value, more is the probability of

non-matching of terms (with most of other objects) in the database.

5.3 Prefix length for textual filtering[1]

In prefix filtering[1, 10] techniques, joins are calculated over using the prefix of inverted

list of objects. An inverted index [26] is an index data structure which stores map-
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5.3 Prefix length for textual filtering[1]

Figure 5.2: (a) Object with 5 elements each containing 5 term, (b) Object ordered with

TF-IDF scores

ping of the form of (termId, docId) from content, such as text associated with each

object to its object id. In order to compute join, we check for minimum number of

overlapping elements using prefix filtering to prune out most of the non-candidates.

After all candidate pairs are generated, we check for actual pairs for join which satisfy

sim(x, y) ≥ Θ. This suffers from problem of double checking an object for candidate

and join pairs i.e. pairs (x, y) and (y, x) are checked which produce the same results

but doubles computation. This optimization is already discussed in section 4. This

helps us to process every object over once and hence, the computation reduces to half

over the baseline approach.

In order to find variable prefix length, we order the terms according to global

ordering OG which rearranges the terms with increasing TF-IDF values in objects. We

calculate the probe prefix of an object, denoted by ppref (x) as p′ = |x| − (Θ.|x|) + n,

where the value of n can vary from 1 to |x − 1|. However, it has been observed from

experiments that the algorithm attains better results when n lies in range of |x|/3 to

|x|/2 where x is length of the object. In variable prefix filtering method, at least n

terms must be shared by two objects in common to be candidates to join. We present

an example demonstrating effect of variable length prefix filtering below.
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5.3 Prefix length for textual filtering[1]

Figure 5.3: Cost Evaluation of 1-Prefix and 2-Prefix

Table 5.1: Cost Analysis of variable Prefix Scheme

S. No. 1-Prefix 2-Prefix 3-Prefix 4-Prefix

x1 45 15 17 20

x2 33 15 7 9

x3 45 26 17 20

x4 22 4 6 9

x5 33 4 7 11

Example 5.1 Consider the collection of objects in Fig. 5.2 (a) and let textual

threshold be Θ = 0.8. Then, prefix filtering algorithm returns three pairs (x1, x5), (x2, x5)

and (x4, x5) in the candidate set of x5 with ppref (x5) = B,C whereas, 2-prefix filtering

scheme returns just two pairs (x1, x5) and (x4, x5) and 3-Prefix filtering scheme returns

just one pair i.e. (x4, x5). However, further increasing prefix scheme i.e. 3 and 4-prefix

scheme also returns just one set (x4, x5) which results in poor performance of results

as it moves towards brute force approach.

Example 5.2 Table 5.1 calculates the cost for textual join over object set O of 5

objects as shown in Fig. 5.2 (a). Fig. 5.2 (b) shows Global Ordering (Heuristic 1) for

elements of objects based on their TF-IDF scores. Objects are joined using 1-Prefix,
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5.4 Improvements over prior algorithms

2-Prefix, 3-Prefix and 4-Prefix methods with textual similarity threshold 0.8 i.e. Θ =

0.8 (Heuristic 2). We calculate probe prefix length of object x1 which comes out to be

2 and 3 in case of 1-Prefix and 2-Prefix respectively as shown in Fig. 5.3. It means we

have to find at least 1 common element from initial two elements in case of 1-Prefix and

at least 2 common elements from initial 3 elements in case of 2-Prefix. Moreover, it can

be observed from Fig. 5.3, that as prefix length increases, filtering time increases. On

the other hand, verification time reduces considerably, and hence overall response time

decreases. Table for all prefix lengths is shown in Table 5.1 for all the objects which

shows that as prefix lengths increases, total response time decreases, but increasing

prefix length more than n/2 increases filtering time and hence overall response time

increases.

5.4 Improvements over prior algorithms

The section deals with improvements over baseline algorithms. We study the effect

of our proposed methods on top of prior algorithms and discuss the improvements in

experimental section. For this, we make a dynamic grid partition (as discussed in

section 5.1) on the fly which prunes out many pairs not fulfilling spatial threshold

without extra efforts.

Dynamic grid partitioning approach is described by constructing a 2-D dynamic

grid partition in which every square spans over a distance of spatial threshold, ε/2

(Fig. 5.1) and hence the name dynamic grid partition as the grid is computed when ε

is specified and span of grid changes with changing value of ε. In this approach, every

object can pair up with objects in its neighbors where neighboring cells vary from 5

to 24 with 5 in case of object with cell id in corner of grid (e.g. cell id 1 in Fig. 5.1

(a)) and 24 in case of any middle cell id (e.g. cell id 54 in Fig. 5.1(a))). Cell ids are

assigned to objects based on their latitude and longitude values and are assigned from

top to bottom and left to right. Now, we represent object as quintuple (obj.id, ob.loc,

obj.text, n-prefix, obj.cellid). We describe two approaches of dynamic grid partition-

ing proposed by [2] and includes additional functionality of variable prefix filtering to

perform optimization to improve response time over their algorithms. We then explain

these approaches with the help of example and then show experimental results in next
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5.4 Improvements over prior algorithms

section.

5.4.1 VPF-PPJOIN-VI Algorithm

VPF-PPJOIN-VI algorithm is an extension over VPF-PPJOIN algorithm. VPF-PPJOIN

considers spatial filter to be applied directly before textual threshold check whereas

VPF-PPJOIN-VI further prunes out some entries by constructing a grid and discard-

ing further pairs which are sure to fail spatial threshold condition. It differs from PPJ-I

algorithm [2] in sense that it includes variable prefix filtering and efficient gird parti-

tioning. Originally PPJ-I was studied in [2] which we are extending for our paper. It

works as follows.

• VPF-PPJOIN-VI constructs a dynamic grid partition before performing join

based in spatial threshold, . It defines the intervals for every cell id constructed

during grid formation and then assigns at least 3 and at most 5 intervals to every

cell id, hence the name variable interval- VI. These intervals corresponds to the

neighbors of cell id in just two below row, same row and just two above rows, i.e.

at most 5*5 grid intervals with defined cell id in between of all three intervals.

As shown in Fig. 5.1(a) above, intervals for cell id 7 are [5, 9], [15, 19], [25,29]

and similarly, intervals for cell id 54 is [32,36], [42, 46], [52, 56], [62, 66], [72,76].

• The algorithm keeps the entries of every posting list in ascending order of cell id

for every entry.

• In dynamic grid, a cell index is maintained on top position of every posting list

in order to have direct access to initial entry/ entries in posting list. Every cell

index contains an entry for < cellid, ptrcellid > for objects in posting list, Lt

having first entry < obj, posobj > with obj.cellid=cellid. This helps eliminating

efforts for linear scan of grid for a particular cell id and we can directly get entries

for each cell.

• Now to check for spatial threshold in dynamic grid for a term, let us suppose

term t, which is contained in probe prefix of x, VPF-PPJOIN-VI access entries

< obj, posobj > for each cell id which has objects in posting list, Lt and also falls

in one of the intervals defined for corresponding cell id. Then in every interval
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5.4 Improvements over prior algorithms

ranging from [imin, imax], each entry, e is checked sequentially until distt(obj, e) ≤
Θ and the remaining entries are discarded in those intervals.

5.4.2 VPF-PPJ-C Algorithm

VPF-PPJOIN-C algorithm is designed to further improve performance attained by

VPF-PPJOIN and VPF-PPJOIN-VI. This also considers the ordering of objects in

increasing order of their sizes and textual data in order of non-frequent terms first. It

differs from PPJ-C algorithm [2] in sense that it includes variable prefix filtering and

efficient gird partitioning. Originally PPJ-C was studied in [2] which we are extending

for our purpose. The distinguishing features of VPF-PPJOIN-C are listed below.

• The algorithm constructs a dynamic grid as done in VPF-PPJOIN-VI (Fig. 5.1

(b)). It then orders the objects of database O in increasing order of their cell ids

and not defining any interval and hence, it is named Cell partitioning and so the

suffix C. This means that the algorithm orders the objects both by their cell ids

and their sizes but prefers cell ids before their sizes.

• Then, it defines a set of cells S[c] which contains the objects y which can be joined

with every object x in that cell id c. In such definition, S[c] includes cell c itself

and other cell ids with distance of 1 unit distance in grid and cell ids smaller

than c. E.g. In Fig. 5.1 (b), cell id 7 is checked with only 3 cells, i.e. S[7] =

{5, 6, 7} and similarly, cell id 54 is checked with itself and adjacent cells with

cell id smaller than 54, hence S[54]= {32, 33, 34, 35, 36, 42, 43, 44, 45, 46, 52,

53, 54}. This eliminates the cost of checking objects in cell ids {55, 56, 62, 63,

64, 65, 66, 72, 73, 74, 75, 76} which by intuition makes sense as later, these cells

checks cell id 54. Hence, every cell is double checked in VPF-PPJOIN-VI which

is eliminated in this algorithm and so the algorithm is cost effective.

• This algorithm is space effective as well as we need to store less cell ids as com-

pared to variable interval algorithm as the algorithm discards cell ids with higher

value than current cell id.

• In this algorithm, we need to compute 1 self-join and at most 12 non-self join.
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5.4 Improvements over prior algorithms

5.4.3 VPF-PPJOIN-R Algorithm (R-Tree Approach)

Spatial domain provides a powerful algorithm to define a data structure namely R-Tree

which is used to index multi-dimensional information including geo-locations and pro-

vide them with minimum bounding rectangle to define spacing between them in space.

This enables us to apply R-Tree algorithm in order to prune candidates in spatial di-

mension. We build an algorithm for VPF-PPJOIN-R by assuming spatial indexing by

R-Tree [24]. The algorithm works on spatial threshold, ε. It takes input in the forms

of tree nodes. Initially, it takes two nodes Nx, Ny as inputs and performs iterations in

R-Tree. Initial call results in root of tree i.e. Nx = Ny. Now, if Nx and Ny are non-leaf

nodes, then the algorithm identifies every pair of entries (ex, ey) ∈ Nx ∗ Ny such that

minimum distance between minimum bounding rectangles of r tree i.e. MBR(ex) and

MBR(ey) is at most equal to spatial threshold value ε. This gives us the pairs of objects

that qualify spatial threshold and the algorithm runs recursively for all such nodes and

all entries within nodes.

Figure 5.4: R Tree for Collection of Objects in figure 2

Further optimizations are proposed on this approach for computing spatial ε-distance

joins [13, 14]. The algorithm extends MBR(Nx) and MBR(Ny) in all dimensions with

threshold ε and computes their intersection area A. Every entry in Nx not intersecting

in A with every other entry in Ny is discarded. Further, remaining entries (which are

not processed yet) are sorted in their lower x-dimension in which entries in Ny are

extended by ε and then their intersection join , I is computed using plane sweep based

heuristic described in [13]. I contains all pairs of objects which fulfill spatial threshold
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5.4 Improvements over prior algorithms

condition.

Table 5.2: Iterations for VPF-PPJOIN-R filtering phase for ST-SJOIN-VPF(O,0.1,0.9,1)

for figure 2

Node Join Obj.
Checking

Pair
Indexing

n1, n2 ./

n1, n2

x2

x3

x7

x8

Ox8 [x7] = 1

n1.LC = {(x2, 1)}
n1.LF = {(x3, 1)}
n2.LE = {(x7, 1)}
n2.LE ∪ = {(x8, 1)}

n3, n4 ./

n3, n4

x1

x4

x5

x6

(x5, x4),

pruned ε

(x5, x1),

pruned ε

Ox5 [x4] = 1

n3.LA = {(x1, 1)}
n4.LB = {(x4, 1)}
n3.LB ∪ = {(x5, 1)}
n4.LD = {(x6, 1)}

E.g. Table 5.2 demonstrates the VPF-PPJOIN-R’s iterations for ε = 0.2 , Θ =0.8,

n=1 for Fig. 5.4. It shows overlapping and pruned pairs in every iteration.

The advantages over dynamic grid partition is that we need not compute dynamic

grid partitioning and also need not assign cell id. In practice, R-Tree approach found

to be expensive and less flexible because of tree parameters and drilling down to leave

nodes for computing joins.
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6

MapReduce implementation of

spatio-textual joins

We propose 3 different ways of MapReduce implementation of spatio-textual similarity

join. Two methods considers spatial dimension before textual dimension whereas one

method considers textual dimension before spatial dimension. Before performing joins

using MapReduuce, we do a preprocessing step which includes partitioning spatial grid

and ordering terms of textual vector in TF-IDF order. The three approaches are de-

scribed in subsequent sections.

Cost Analysis of MapReduce Algorithms We find lower and upper bound [35]

for MapReduce tasks in order to compute cost of the three approaches we study in

this paper. We study following inferences from [35] and correspondingly find lower and

upper bounds for our approaches.

• Lower Bound: It is the function of maximum inputs assigned to a reducer.

• Replication Rate: It is the average number of Key-Value pairs to which each

Input is mapped by Mappers.

• Upper bound: It can be defined as maximum number of inputs that one

reducer can receive. We limit a reducer to no more input than can be processed

in main memory (which is fair estimate of upper bound).

Based on above terminologies, we study formulae for Upper and lower bounds (again

studied in [35]) as follows.
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6.1 Spatio-Textual Using Prefix Filtering (ST-PF)

• Upper Bound: Let q be input to each reducer. We want to find output which

a reducer can cover.

Total I/P: |I|
Total Output: |O|
Input to each Reducer: q

Output from each Reducer: g(q)

• For p Reducers,
p∑

i=1
g(qi) ≥ |O|

• Lower bound on Replication Rate:
p∑

i=1
qi/|I|

=>
p∑

i=1
(qi ∗ g(q))/q ≥ |O|

• Replication rate, r:
p∑

i=1
qi/|I| ≥ (q ∗ |O|)/(g(q) ∗ |I|)

We incorporate these formulae to evaluate cost for our approaches.

6.1 Spatio-Textual Using Prefix Filtering (ST-PF)

This is 3 phase MapReduce implementation of spatio-textual similarity joins. In this

approach, we consider spatial dimension in 1st phase (Mapping), then we consider

textual dimension in 2nd phase. Final phase is Reduce phase where we check for actual

pairs of objects to be candidates. Three phases can be summed up as follows.

6.1.1 Phase 1: Spatial Dimension Key-Value pairs:

In this phase, we assign a key to each cell. Then, for each cell, we assign it’s neighbor cell

id as it’s value. This helps us generate key-value pairs in spatial dimension and pruning

of far away candidates. E.g. In Fig. 5.1 (b), Key Value pairs for cell id 54 (with Dataset

D) can be generated as- (C54, (D,C32)), (C54, (D,C33)), (C54, (D,C34)), (C54, (D,C35)),

(C54, (D,C36)), (C54, (D,C42)), (C54, (D,C43)), (C54, (D,C44)), (C54, (D,C45)), (C54, (D,C46)),

(C54, (D,C52)), (C54, (D,C53)) and (C54, (D,C54))
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6.1 Spatio-Textual Using Prefix Filtering (ST-PF)

6.1.2 Phase 2: Textual Dimension Key-Value pairs (First Reduce

Phase):

In this phase, we take key value pairs with same Key at reducer, then we find prefix

length of objects lying in cell id which was key (E.g. Cell id 54 in our case). Then

we, find prefix overlap with other candidates (with all other cell ids) and prunes out

non-candidates which do not overlap with required terms prefix length. Then, without

changing Key-Values (only discarding some objects), we send pairs to final reduce

phase.

6.1.3 Phase 3: Candidate Verification (Second Reduce Phase):

In this phase, we take as input Key value pairs with same key (at same reducer).

This phase then verifies for actual candidates by finding Jaccard similarity for textual

dimension and Euclidean distance for spatial dimension. Finally, it returns pairs of

objects fulfilling spatial and textual threshold criteria.

6.1.4 Cost Evaluation of ST-PF Algorithm:

As we implemented this algorithm in two MapReduce iterations, we will find lower

and upper bounds and two phases and combine them to form single cost for lower and

upper bound.

• Input objects: n

• Output pairs: nC2

• First MapReduce Iteration:

– Input to each reducer (Average): n ∗ ε2

– Output from each reducer: 13 ∗ n ∗ ε2

– Lower Bound: (n ∗ ε2 ∗ n2)/(13 ∗ n ∗ ε2 ∗ 2 ∗ n) = n/26

– Upper Bound: 13 ∗ n ∗ ε2

• Second MapReduce Iteration:

– Input to each reducer (Average): 13 ∗ n ∗ ε2
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(ST-TO)

– Output from each reducer: (13 ∗ n ∗ ε2)/2

– Lower Bound: (13 ∗ n ∗ ε2 ∗ n2)/(13 ∗ n ∗ ε2 ∗ 2 ∗ p ∗ n) = n/p

– Upper Bound: (13 ∗ n ∗ ε2)/2

• Overall Cost

– Lower Bound: n(1/p+ 1/26)

– Upper Bound: (39 ∗ n ∗ ε2)/2

6.2 Spatio-Textual Using Prefix Filtering with Global To-

ken Ordering (ST-TO)

This is 3 phase MapReduce implementation of spatio-textual similarity joins. In this

approach, we consider spatial dimension in 1st phase (Mapping), then we consider

textual dimension in 2nd phase. Final phase is Reduce phase where we check for actual

pairs of objects to be candidates. Three phases can be summed up as follows.

6.2.1 Phase 1: Spatial Dimension Key-Value pairs:

This phase is same as Spatial dimension phase of section 6.1.1.

6.2.2 Phase 2: Textual Dimension Key-Value pairs with Global Token

Ordering (First Reduce Phase):

In this phase, we take key value pairs with same Key at reducer, then we find prefix

length of objects lying in cell id which was key (E.g. Cell id 54 in our case). Then, it

further generates Key Value pairs based on prefix terms. It takes prefix terms as key,

and the objects, in which it is lying as it’s value. E.g. Let cell id 54 and it’s neighbor

contains objects shown in Fig. 6.1, let θ = 0.8. Then, Prefixlength(x8)=2. Then,

Prefixterms(x8=(E, F). Now, key value pairs can be generated as (E, (x2, x6, x7)), (F,

(x1, x3, x4, x7)). Similar task is performed for all pairs of objects. This prunes non-

candidates which fail prefix filtering criteria. Finally, these pairs are send to Reduce

phase for verification.
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(ST-TO)

Figure 6.1: Example of 8 textual objects

6.2.3 Phase 3: Candidate Verification (Second Reduce Phase):

This phase is same as Reduce phase of section 6.1.3.

6.2.4 Cost Evaluation of ST-TO Algorithm:

As we implemented this algorithm in two MapReduce iterations, we will find lower

and upper bounds and two phases and combine them to form single cost for lower and

upper bound.

• Input objects: n

• Output pairs: nC2

• First MapReduce Iteration:

– Input to each reducer (Average): n ∗ ε2

– Output from each reducer: 13 ∗ n ∗ ε2

– Lower Bound: (n ∗ ε2 ∗ n2)/(13 ∗ n ∗ ε2 ∗ 2 ∗ n) = n/26

– Upper Bound: 13 ∗ n ∗ ε2

• Second MapReduce Iteration (For Prefix Length K):

– Input to each reducer (Average): 13 ∗ n ∗ ε2
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(TS-TO)

– Output from each reducer: (13 ∗ n ∗ k ∗ ε2)/2

– Lower Bound: (13 ∗ n ∗ ε2 ∗ k ∗ n2 ∗ k)/(13 ∗ n ∗ k ∗ ε2 ∗ 2 ∗ p ∗ n) = (n ∗ k)/p

– Upper Bound: (13 ∗ n ∗ k ∗ ε2)/2

• Overall Cost

– Lower Bound: n(k/p+ 1/26)

– Upper Bound: 13 ∗ n ∗ ε2(1 + k/2)

6.3 Textual-Spatio Using Prefix Filtering with Global To-

ken Ordering (TS-TO)

This is 3 phase MapReduce implementation of spatio-textual similarity joins. In this

approach, we consider textual dimension in 1st phase (Mapping), then we consider

spatial dimension in 2nd phase. Final phase is Reduce phase where we check for actual

pairs of objects to be candidates. Three phases can be summed up as follows.

6.3.1 Phase 1: Textual Dimension Key-Value pairs with Global Token

Ordering:

This phase is same as Map phase of section 6.2.2.

6.3.2 Phase 2: Spatial Dimension Key-Value pairs (First Reduce Phase):

In this phase, key-value pairs with same key are sent to same reducer. Then, the object

set in values are checked if they lie in neighborhood cells. If they lie in neighborhood

cells, they they are sent to final phase for verification, else the pair is discarded. E.g.

Suppose, after 1st phase, we get one Key-Value pair as (F, (x1, x3, x4, x7)). Then,

in this phase, we form object pairs (x1, x3), (x1, x4), (x1, x7), (x3, x4), (x3, x7), and

(x4, x7). Now, we check if these pairs lies in neighborhood cells of each other. E.g.

object x3, x7 lies in neighborhood cells of object x1. The, we make another Key-Value

pair as (x1,(D,(x3,x7))) and send them for final verification. This way, spatial pruning

is done in this phase.
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(TS-TO)

6.3.3 Phase 3: Candidate Verification (Second Reduce Phase):

This phase is same as Reduce phase of section 6.1.3.

6.3.4 Cost Evaluation of TS-TO Algorithm:

As we implemented this algorithm in two MapReduce iterations, we will find lower

and upper bounds and two phases and combine them to form single cost for lower and

upper bound.

• Input objects: n

• Output pairs: nC2

• First MapReduce Iteration (For Prefix Length K):

– Input to each reducer (Average): n/p

– Output from each reducer: (k ∗ n/p)C2

– Lower Bound: (n ∗ 2 ∗ p2 ∗ n2 ∗ k)/(p ∗ n ∗ n) = 2 ∗ p ∗ k ∗ n

– Upper Bound: (n2 ∗ k)/(2 ∗ p2)

• Second MapReduce Iteration :

– Input to each reducer (Average): (n2 ∗ k)/(2 ∗ p2)

– Output from each reducer: (13 ∗ n2 ∗ k)/(2 ∗ p2)

– Lower Bound: (n2 ∗ k ∗ p)/(2 ∗ p2 ∗ n ∗ ε2) = (n ∗ k)/(2 ∗ p ∗ ε2)

– Upper Bound:(13 ∗ n2 ∗ k)/(2 ∗ p2)

• Overall Cost

– Lower Bound: (n ∗ k) ∗ (2 ∗ p+ 1/(2 ∗ p ∗ ε2))

– Upper Bound: (7 ∗ n2 ∗ k)/p
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6.4 Comparison of MapReduce Approaches

6.4 Comparison of MapReduce Approaches

From cost analysis of different MapReduce Methods studied, we find that ST-PF per-

forms better than ST-TO which further performs better than TS-TO. ST-PF incurs

minimal cost in finding all pairs of candidates and hence outperforms other methods.

Experimental section shows effect of all three approaches for varying values of different

parameters.
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7

Experimental Evaluation

The section describes the results obtained after experimental study. Section 7.1 de-

scribes the experimental setup in terms of hardware and the dataset used, Section

7.2 discusses the performance of the baseline and proposed methods, and Section 7.3

describes the performance of synthetic dataset with varying values of ε and Θ, etc.

7.1 Setup

Our experiments were performed on the Inspiron I5 processor with 6 GB RAM, 500

GB HDD. For MapReduce, we used Hadoop Cluster-1.0.3, 8 Nodes with 4 cores, 6 GB

RAM in each Node and Ubuntu Server 12.04. Datasets comprise real and synthetic

spatio-textual collections. For real dataset we crawl data from Flickr and FourSquare

characteristics of which are described below.

• Flickr 1 dataset is comprised of text and location information associated with

photographs in Flickr that we crawl using Flickr API. It contains 3,680,269 data

objects with total dictionary size of 12,450,395 terms. Other EXIF details related

to photographs were added to its textual description part. The average size

(weight of an element is the number of characters in that object) for a textual

description vector is 9.2.

• Foursquare 2 dataset consists of history of users check-ins over a span of around

10 months. It contains 1.2 million objects with global dictionary size of 532,943

1Flickr garden, https://www.flickr.com/services/api/
2 Refer [36]
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7.2 Improvement over baseline algorithms

terms. The average size of textual description for every object came out to be

5.1.

For generating smaller size datasets, we sample objects randomly from our real data

set on the basis of (i) number of objects , |O| and (ii) Size of global dictionary |T | as

given in Table 7.1.

Table 7.1: Synthetic Dataset Statistics

Parameter Values

|O|
50, 000 250, 000 500,000

1, 000, 000 5, 000, 000

|T | 5, 000 25, 000 50,000 100, 000 500, 000

ε 0.001 0.005 0.01 0.05 0.1

Θ 0.5 0.6 0.7 0.8 0.9

n 1 2 |n|
2 |n|

We measure the effect of spatial threshold and the textual threshold on computation

time. Table 7.1 shows range of values for these thresholds used for experiments. We vary

ε from 0.001 to 0.1 and Θ from 0.5 to 0.95. We vary ’n’ prefix from 1 to |obj|
2 where |obj|

is size of object . The tightest values, i.e. ε=0.0001 and Θ=0.95 model de-duplication

of objects while intermediate values, e.g., ε = 0.1 and Θ = 0.6 corresponds to the

application of a recommendation system/ matrimony system. For R-Tree algorithm,

we pre-construct an R-Tree and doesn’t take into account construction the time for

creating R-Tree. Indexes are stored in main memory. We implement original PPJOIN

algorithm and modify it by adapting textual-similarity heuristics. Then we implement

MapReduce version of same algorithms.

7.2 Improvement over baseline algorithms

The section compares our proposed methods, namely ST-SJOIN-VPF and ST-SJOIN-

MR against baseline methods for spatial and textual joins dealt separately. For spatial

dimension, R Tree methods indexes the objects inside MBRs using spatial distance.

To perform join, it constructs MBRs with spatial threshold ε and for each qualifying
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Figure 7.1: Comparison of running time of different Algorithms

pair (x, y) such that dist(x, y) ≤ Θ, it computes sim(x, y) and verifies if their textual

similarity satisfies threshold condition i.e. sim(x, y) ≥ Θ. This differs from PPJOIN

algorithm in a way that this considers a spatial filter during the verification phase to

check if dist(x, y) ≤ Θ for pair (x, y). It differs from VPF-PPJOIN in two ways- (i)

VPF-PPJOIN checks for spatial threshold during the filtering phase. (ii) VPF-PPJOIN

employs variable prefix than 1-Prefix in PPJOIN algorithm.

Fig. 7.1 and Fig. 7.2 shows the experimental results for response time of all defined

methods in terms of their response times for non-MapReduce and MapReduce imple-

mentation respectively. We vary ε/Θ range from 0.001/0.5 to 0.1/0.95 to study the
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Figure 7.2: Comparison of running time of different Algorithms using MapReduce

effect of varying parameters. As ε is kept constant and Θ varied, the join is dominated

to spatial distance join and as Θ is kept constant and ε varied, the join is dominated to

textual join. With loose spatial threshold, response time for R-Tree method increases,

but the response time of PPJOIN decreases. Both databases show with different be-

havior. Flickr has an average length of object as 9.2 compared to Foursquare with

an average length of 5.1. This means that for Flickr, textual threshold will play an

effective role as compared to spatial threshold and for Foursquare, spatial threshold

would prune out pair of objects easily as compared to textual threshold.

R-Tree algorithms shows poor performance with all sets of data because of large
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7.3 Comparison of STS-JOIN-VPF Method

number of leaf nodes with much smaller extent as compared to a spatial threshold

which makes it join a large number of pairs at leaves. On the other hand, in a dynamic

grid partitioning, cell id is defined in which an object is checked with a limited number

of pairs (to its adjacent neighbors) and hence response time improves.

In synthetic dataset, where spatial threshold is extremely small and textual threshold

is extremely loose, say ε = 0.001 and Θ = 0.5 or so, R-tree approach outperforms other

algorithms as the numbers of pairs qualifying spatial filter almost equals both spatial

and textual filter threshold and textual filter doesn’t play much role here and R-Tree

has less leaf in this case.

7.3 Comparison of STS-JOIN-VPF Method

Previous sections dealt with superiority of our proposed approach over PPJOIN or R-

Tree approach. In this section, we emphasize on experimental analysis of our algorithms

to study the behavior of our algorithms, namely VPF-PPJOIN, VPF-PPJOIN-VI,

VPF-PPJOIN-C, VPF-PPJOIN-R. Then we study improvements attained by MapRe-

duce approach on these data sets. We study different algorithms namely ST-PF-PPJ-R

and ST-PF-PPJ-C for R Tree and Cell based approach of section 6.1, ST-TO-PPJ-R

and ST-TO-PPJ-C for R Tree and Cell based approach of section 6.2, and TS-TO-PPJ-

R and TS-TO-PPJ-C for R Tree and Cell based approach of section 6.3. The variations

are done on synthetic data to observe effects of changing parameter values.

7.3.1 Varying the number of objects |O|:

Effect of variation of number of objects is studied in Fig. 7.3, 7.4 and 7.5. Intu-

itively and experimentally, when number of objects increases, response time of every

algorithm increases. Experimentally, VPF-PPJOIN-C and ST-PF-PPJ-C dominates

all algorithms specified (in non-MapReduce and MapReduce versions respectively) as

there is pruning in all dimensions. VPF-PPJOIN-R turns out to have higher response

time because it doesn’t have effective spatial filtering optimizations in order to prune

objects in spatial domain.
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7.3 Comparison of STS-JOIN-VPF Method

7.3.2 Varying the size of dictionary |T |:

Effect of variation of the size of the dictionary is studied in Fig. 7.3, 7.4 and 7.5. As

the size of dictionary increases, response time increases. But, sometimes response time

decreases when prefix filtering approach prunes out most of the non-candidate pairs.

All methods are affected by increasing the size of the dictionary, still VPF-PPJOIN-

C and ST-PF-PPJ-C outperforms other methods in non-MapReduce and MapReduce

versions respectively.

7.3.3 Varying the length of prefix ‘n’:

Effect of variation of length is studied in Fig. 7.6, 7.7 and 7.8. As n varies from 1 to half

the size of object, filtering time increases, but verification time decreases considerably

which dominates the overall response time.It can be seen that further increasing ’n’

leads to brute force checking as this checks a lot of entries to be common in both

the objects. Hence, approximately n=|size|/3 to n=|size|/2 gives better results, after

which response time increases considerably.

7.3.4 Varying the spatial distance threshold ε:

Effect of variation of spatial distance threshold is studied in Fig. 7.9, 7.10 and 7.11.

As ε increases, number of results in join pairs increases and hence the running time of

all algorithms increases. In such cases, R-Tree algorithm’s approach suffers from very

high response time as the number of leaf nodes increases significantly. Also, a database

with a higher average length of an object is not much affected as such databases are

mainly textual threshold dominated. In our experimental setup, VPF-PPJOIN-C and

ST-PF-PPJ-C showed the best results among all algorithms (in non-MapReduce and

MapReduce versions respectively), and VPF-PPJOIN-R suffered significantly.

7.3.5 Varying the textual similarity threshold Θ:

Effect of variation of textual similarity threshold is studied in Fig. 7.12, 7.13 and 7.14.

With increase in Θ, number of results in join pairs decreases and hence, the response

time of all algorithms increases. If the average length of objects is small, then this

doesn’t have much impact on response time as response time is dominated by spatial

threshold in such cases.
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7.3 Comparison of STS-JOIN-VPF Method

7.3.6 Number of objects pruned:

Effect of filtering power of proposed algorithm is studied in Fig. 7.15, 7.16 and 7.17.

Number of objects pruned in case of Interval and Cell approaches are same as it Interval

method only increases computation time because of double checking of objects. Huge

impact is being shown in terms of pruning of candidates.
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Figure 7.3: Varying number of objects/ size of dictionary without TF-IFD Ordering.
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Figure 7.4: Varying number of objects/ size of dictionary with TF-IFD Ordering.
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Figure 7.5: Varying number of objects/ size of dictionary using MapReduce
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Figure 7.6: Varying the prefix length, n, without TF-IDF Ordering

2 4 6 8

20

30

40

50

60

70

Variable Prefix, n

R
es

p
on

se
ti

m
e

(s
ec

)

(a)Flickr, θ = 0.9, ε = 0.01

VPF-PPJOIN-C
PPJ-C
PPJ-I

PPJOIN
VPF-PPJOIN-R
VPF-PPJOIN-VI

1 2 3 4 5 6

20

40

60

Variable Prefix, n

R
es

p
on

se
ti

m
e

(s
ec

)

(b)Foursquare, θ = 0.9, ε = 0.01

VPF-PPJOIN-C
PPJ-C
PPJ-I

PPJOIN
VPF-PPJOIN-R
VPF-PPJOIN-VI
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Figure 7.8: Varying the prefix length, n, using MapReduce
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Figure 7.9: Varying the spatial threshold, ε, without TF-IDF Ordering
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Figure 7.10: Varying the spatial threshold, ε, with TF-IDF Ordering
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Figure 7.11: Varying the spatial threshold, ε, using MapReduce
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Figure 7.12: Varying the textual threshold, Θ, without TF-IDF Ordering
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Figure 7.13: Varying the textual threshold, Θ, with TF-IDF Ordering
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Figure 7.14: Varying the textual threshold, Θ, using MapReduce
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8

Conclusion and Future Work

The paper deals with spatio-textual similarity joins which have a wide range of appli-

cations. We studied a number of heuristics, namely efficient grid partitioning, prefix

filtering and TF-IDF ordering proposed earlier in different contexts, for the problem of

spatial-textual join. We find that incorporation of these heuristics improves the perfor-

mance of spatial-textual join algorithm. We performed extensive experimental study

and observed that approximate prefix length of n
3 to n

2 with term ordering achieves best

performance most of the times. We also implemented this work through MapReduce

framework and studied substantial improvements over our methods defined. As a future

work, the proposed approach can be extended by incorporating other textual-similarity

measures like Hybrid Jaccard similarity and Extended Jaccard similarity. Another di-

rection can be combining spatial and dimension simultaneously during Mapping phase

(in MapReduce) for single iteration MapReduce implementation. Also, we can take

spatial threshold as actual value then relative value (E.g. ε = 5 KM instead of 0.1).
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