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Abstract

The Web continues to offer new services and in do-
ing so, generates large volumes of new data. The
concept of the Sensor Web has led to web generated
sensor data becoming available not only to the com-
panies that own the sensors but also to end users and
knowledge workers. Applications vary from climate,
traffic and sports event monitoring. In one applica-
tion that provides an availability service for bicycle
rentals in major cities, large volumes of data are col-
lected for data mining purposes. All transactions are
recorded and stored in XML format leading to perfor-
mance issues as volumes increase. In this paper, we
apply a new optimization technique to boosting the
performance of XML queries on Sensor Web data.

Keywords: Sensor Web, XML Queries, XML Opti-
mization.

1 Introduction

The use of sensors in the physical-world is constantly
increasing and could now be regarded as widespread.
The number of applications built on top of this sensor
data is also increasing. Examples are: urban traffic
watch; weather monitoring; tracking of goods, etc.

Recently the city of Dublin, in keeping with many
other European cities, deployed a bike sharing scheme
where people can rent (and return) a bike from sta-
tions located throughout the city centre. Stations
are equipped with sensors that monitor bike availabil-
ity and publish such data to the DublinBikes website
(www.dublinbikes.ie). Consumers can connect to the
website (either through PC or mobile application) to
check where stations are, how many bikes are avail-
able for rent, how many spaces are available to return
bikes, and what type of payment methods are avail-
able. This data is of great interest to both consumers
and providers of the service. Consumers can check
where to rent or return a bike while providers can
understand at which station it is better to pick up
or return bikes for maintenance in order to minimize
service disruption. In effect, the web service offers an
efficient mechanism for determining the current sta-
tus of bike or space availability.
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Motivation. There are many requirements where
it is necessary to access historical data or look for
trends and patterns over time. For example, city
planners or the companies offering the bicycle rental
service must determine the optimum location for new
sites; determine those sites that require expansion,
or reduce or close sites that are unpopular. Further-
more, this analysis must take place over large peri-
ods of time to avoid any bias that could result from
poor weather patterns or holiday season. The prob-
lem with large volumes of XML data is that queries
often perform badly. What is needed is an efficient
mechanism for harvesting the sensed data; updating
the data warehouse, and optimizing the user queries.

Contribution. The contribution of this paper is
twofold. Firstly, we provide a framework for harvest-
ing sensor web data and automatically preparing the
data for insertion into the data warehouse. To be fully
automated, data must be harvested online, enriched
or transformed automatically and presented for min-
ing operations using standard query languages such as
XPath and XQuery. Secondly, we must provide a su-
perior XML processor to those currently available to
address the performance issues of current approaches.
Our BranchIndex was first introduced in (Marks and
Roantree 2010) where we used standard benchmark-
ing datasets to compare it against other approaches.
Here, we use a real world dataset for the first time
and introduce new optimizations to the index struc-
ture. We provide details of our systems performance
through a series of experiments where the repository
exceeds 2GB in size, with continuous harvesting from
a number of bike rental sites every 60 seconds.

Paper Structure. The paper is structured as fol-
lows: in §2, we provide a more detailed description of
the problem involved in extracting information from
sensor repositories; in §3, we present a discussion of
similar research in this area; in §4, a description of
data management processors for Web Sensor data is
provided; in §5, we describe how XML queries are op-
timized; in §6, we use an end-user query set to provide
details as to how our system performs against other
XML storage solutions; and finally in §7, we provide
some conclusions.

2 Problem Description

The bicycle rental application records information on
bike availability in cities and towns across the world.
The data is collected from each location at regular
intervals (see Table 1) and the dataset at the time of
our experiments was 2.06 GB in size. Later in the de-
scription of our architecture, we show a typical XML
document for a single station in the city of Lyon) in
Fig. 2.

The following queries were supplied to us to carry
out an evaluation of the bicycle rental dataset dataset.



City Country Stations Data Size
Aix-en-Provence France 16 8 KB
Amiens France 25 8 KB
Besancon France 30 8 KB
Lyon France 340 80 KB
Mulhouse France 35 12 KB
Nancy France 25 8 KB
Nantes France 89 24 KB
Plaine-Commune France 44 12 KB
Rouen France 18 8 KB
Dublin Ireland 40 12 KB
Toyama Japan 16 8 KB
Luxembourg Luxembourg 46 12 KB
Santander Spain 13 4 KB

Table 1: Bicycle Rental Data Collection

• Q1. Return all information recorded for each sta-
tion in the city of Nantes.
/bikes/city/Nantes/stations/station

• Q2. Return the number of bikes that are free
across all stations in Dublin.
/bikes/city/Dublin/stations/station/free

• Q3. Return all stations, from all cities, that have
bicycle availability.
//city//stations[./station/available]

• Q4. Return all stations, from all cities, that
have information on wind direction and speed;
and the time it was recorded.
//city//stations[.//weather/time]
[.//weather//wind/direction]
[.//weather//wind/speed]

• Q5. Return all information regarding stations
in Luxembourg in which there were no free bikes.
//Luxembourg/stations[./station/available
= ‘0’]

• Q6. Return the id (identification) of each station
that had no bicycle availability.
//stations/station[./available = ‘0’]/id

• Q7. Return those cities with a wind speed
greater than 6 miles per hour.
//stations[.//wind/speed >
‘6’]/parent::*

• Q8. Return the stations that had a wind
direction of 40.
//direction[.= ‘40’]/ancestor::stations
/station

• Q9. Return all entries for Lyon for a specific
date: 01/06/2010.
//Lyon[./@day = ‘01’][./@month =
‘06’][./@year = ‘2010’]

• Q10. Return the wind chill in Lyon for a specific
date: 01/06/2010.
//Lyon[./@day = ‘01’][./@month =
‘06’][./@year = ‘2010’]//chill

There is a considerable gap between the user re-
quirements outlined by the query set and the infor-
mation generated by service providers. Unlike most
sensor networks, data is provided in XML format
which provides high degree of interoperability and
some level of semantics. However, none of the cur-
rent query set can be processed without a number of
processing layers. The best solution should see the
provision of generic services with domain-specific or
application-specific processors reduced to a minimum.

3 Related Research

As we combine the topics of harvesting sensor data
and optimization of XML repositories, we separate
our discussion on state of the art into two categories.

3.1 Extraction of Web Based Data

There has been considerable research into information
extraction from the web. Examples include Stalker
(Knoblock et al. 2003) and TextRunner (Banko et al.
2007). A comparative survey of a number of methods
was conducted by Chang (Chang et al. 2006). All of
these efforts focus on wrapper induction and genera-
tion for extracting information from semi-structured
data. However, they do not address enrichment of
data from heterogeneous sources, a necessary process
for querying and data mining.

Wang (Wang et al. 2006) explores the issue of data
transformation in the context of RFID data streams.
While they limit their attention to semantic enrich-
ment of data by exploiting contextual information
and on complex ECA rules, we are also interested in
storing historic data while harvesting data from web
sources. Other researchers such as (Liu et al. 2006)
and (Erwig 2003), consider the general transforma-
tion of XML data in the interest of interoperability.
While this research provides generic constructs and
operations to transform XML data, they no not focus
on either data enrichment and mining capabilities.
In approaches to storing web sensor data, Balazinska
(Balazinska et al. 2007) provides extensive informa-
tion on storing sensor data from web sources, previous
trend analysis and emerging trend recognition.

Efforts focusing on mining for association rules in
XML documents can be found in ((Liu, Zeleznikow
et al. 2006), (Wan and Dobbie 2004) and (Rusu et
al. 2007)). Nayak et al. (Nayak et al. 2002) survey
the data mining techniques that can be applied to
the structure or content of XML documents. While
these approaches all focus on discovering relationships
between data in XML format, they do not deal with
the task of collecting, enriching and structuring the
data in preparation for high level queries.

In summary, all of the above provide differing so-
lutions to harvesting of web data. However, none pro-
vide any mechanism for optimization. In the remain-
der of this section, we focus on those research efforts
that offer XML optimization in a manner similar to
us.

3.2 Optimization Using Partition Indexes

XML repositories differ from their relational coun-
terparts in that they have a tree type structure and
employ a set of axes to navigate across the tree struc-
ture to compute query results. Current query opti-
mization efforts can be classified into two broad cate-
gories: index based approaches that build indexes on
XML documents to provide efficient access to nodes,
as found in XPath Accelerator (Grust 2002) and Xeek
(Luoma 2007b); and algorithmic based approaches
that are focused on designing new join algorithms,
e.g. TJFast (Lu et al. 2005), StaircaseJoin (Grust et
al. 2003). The first approach can use standard re-
lational databases to deploy the index structure and
thus, benefit from mature relational technology. The
second depends on a modification to the underlying
RDBMS kernel (Boncz et al. 2006), or a native XML
database that is newly created. The XPath Acceler-
ator (Grust 2002) demonstrated that an optimized
XPath index stored inside a relational database can
be used to evaluate all 13 XPath axes. However, the
XPath Accelerator, and similar approaches (Grust et
al. 2007), suffer from scalability issues, as this type
of node evaluation (even across relatively small XML
documents) is inefficient (Luoma 2007b).

A more recent solution is to partition nodes in an
XML tree into disjoint subsets, which can be iden-
tified more efficiently as there will always be less
partitions than there are nodes. After the relevant
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Figure 1: System Components and Data Management

partitions are identified, only the nodes that com-
prise these partitions are evaluated using the ineffi-
cient node comparison step. Based on pre/post en-
coding, (Luoma 2007a) is an index based approach
that requires a user defined partitioning factor to di-
vide the pre/post plane into disjoint sub-partitions.
At present, this approach lacks flexibility in determin-
ing the size of partitions without a time-consuming
preprocessing stage to identify suitable partitioning
factors.

Optimization of XML repositories using node par-
titioning will segment documents into disjoint sub-
sets. In effect, one creates an index of partitions
rather than an index of nodes. As there are fewer par-
titions than nodes in an XML dataset, highly efficient
join operations can be performed between partitions,
which reduces the workload for the more inefficient
task of node comparisons.

In (Luoma 2007a), the pre/post plane is parti-
tioned based on a user defined partitioning factor of 4.
For each node, the pre/post identifier of its part is the
lower bound of its x and y values respectively. The
ancestors of node x can only exist in the parts that
have a lower bound x value ≤ 4 and a lower bound
y ≥ 4. They can also compute similar queries for the
other major XPath axes, i.e. descendant, following
and preceding. The problem with this approach is
that an ideal partitioning factor is not known in ad-
vance and requires rigorous experimentation to iden-
tify. For example, in reported experiments each XML
document was evaluated for the partitioning factors 1,
2, 4,.., 256 (Luoma 2007a). In general, this type of ex-
perimentation is not feasible even for relatively small
XML documents. Additionally, as XML data is irreg-
ular by nature, a single partitioning factor per dataset
is less than ideal. Finally, although they suggest that
the partitioning approach may be tailored to other
encoding schemes such as: order/size, it relies heav-
ily on the lower bound of each x and y value in the
partitioned pre/post (or order/size) plane. Therefore,
this approach does not lend itself naturally to prefix
based encoding schemes such as ORDPATH (O’Neil
et al. 2004), which have become very popular in
recent years for reasons of updatability.

Our approach overcomes these issues by automat-
ically partitioning nodes based on their individual
layout and structural properties within each XML

dataset. We do not rely on user defined partitioning
factors, therefore avoiding the time-consuming pro-
cesses that are required to identify suitable partition-
ing factors. Also, our approach is not dependent on
the specific properties of XML node labels, and thus
can be used in conjunction with any XML encoding
scheme.

Finally, an algorithm based partitioning approach
(Wong et al. 2008) uses partitioning in the pre/post
plane to optimize the performance of native XML
structural join operations. This approach is similar
to (Luoma 2007a) as it depends on the properties of
pre/post labels to avoid unnecessary node compar-
isons. Additionally, as (Wong et al. 2008) adopts an
algorithm based approach, the partitions are dynam-
ically calculated i.e. they are not indexed. Thus,
in contrast to our approach, the calculation of these
partitions leads to a performance overhead during the
query process.

4 Data Acquisition and Management

In the next two sections, we present our architecture
used to acquire and manage data. In this section,
we cover: station sensors; the harvesting, enrichment,
transformation processors; and the query and mining
component. We then dedicate the following section
to a discussion on how we optimize XML queries.

4.1 Hardware Component: Sensors

Irrespective of the city or service provider, each sta-
tion consists of a number of parking stands for bi-
cycles, the actual bicycles, and a sensor based sys-
tem to determine the status of the parking stands
(empty or occupied). For each station this informa-
tion is made available through the service provider’s
web site which provides:

• station ID

• total number of bike stands

• number of bikes available

• number of free bike stands available

• number of tickets



Timestamp information is not available through the
online service so we generate our own timestamp
when harvesting data.

4.2 Data Management Component

The Data Management component collects and orga-
nizes data. It is composed of four processors: Data
Harvester, Enrichment and Integration and Storage.

The role of the Harvest Processor is to pull data
from specified online services and as such, is a website
wrapper that retrieves data every 60 seconds. Input
to this component is the list of URLs where service
data is located, while the output is a number of XML
sensor files, one for each station. At present, the pro-
cess takes between 12 and 22 seconds per site, with
13 websites in the system. A failures to retrieve data,
for example when the site in unavailable, is managed
using a timeout policy. The harvesting process was
repeated at one minute intervals throughout the day.

The Enrichment processor is used to provide con-
text for current station sensor data. There has been
different approaches to context provision for sensor
data in the past (Whitehouse et al. 2006, Devlic et
al. 2008, Marks and Roantree 2009) and here, we
adopt a simple system of enrichment of harvested
data using available information such as station lo-
cation, time and date, and weather (see XMLschema
in figure 3). The time at which the information is re-
trieved is added as a timestamp to the station data.
The time required to retrieve data from each sta-
tion is also added. Finally, station data is integrated
with the most recent weather conditions using vari-
ous weather sites. Within the database, a schema was
defined to group files into MonetDB collections based
on the frequency of change of common attributes, i.e.
date. The schema is displayed in Fig. 3. For a single
city (in this case Dublin), this schema results in a par-
ent collection, “Dublin”, at level one; a new collection
each year at level 2; a new collection each month at
level 3 and finally a new collection each day at level
4.

The Integration processor has the task of com-
bining inputs from distributed sources. At present,
stations are synchronized by time and by city.

The Storage processor places the final XML docu-
ment into its appropriate place in the schema. As ex-
isting XML technology is not robust enough to man-
age continuous updates, we cache all data for and ex-
ecute a single transaction to the MonetDB database
once every 30 minutes. Part of ongoing research is
to optimize our updates and reduce the time between
updates. However, as new sites are added to the sys-
tem, the size of each transaction is growing and the
time necessary to commit updates increases accord-
ingly.

4.3 Transformation Component

Processors in the Data Management component are
generic and applicable across domains. The data
transformations required by end users or specific
query expressions are based upon the needs of end
users and thus, the architecture uses a separate com-
ponent to perform transformations. There are cur-
rently two transformations required. The first reor-
ganizes data from the minute-by-minute view output
of the collection to a station-by-station view; the sec-
ond provides an aggregation of all station data on a
minute-by-minute basis. The transformation process
takes place once a day in order to eliminate latency
within the system.

Every 24 hours, the system harvests 1,440 sensor
outputs per city, each representing the state of all

<bikes>
<city>

<Lyon day='01' month='06' year='2010'>
<stations>
<time>
<hour>19</hour>
<minute>59</minute>
<second>50</second>

</time>
<timeOfDay>19:59:50 01-06-2010</timeOfDay>
<timeUnit>milliseconds</timeUnit>
<timeStart>1275418790000</timeStart>
<weather>
<time>Tue, 01 Jun 2010 8:30 pm CEST</time>
<wind>

<chill>63</chill>
<direction>40</direction>
<speed unit="mph">7</speed>

</wind>
<humidity>59</humidity>
<pressure unit="inches">29.97</pressure>
<temp unit="degrees farenheit">63</temp>
<condition>Partly Cloudy</condition>
<weatherTimeTaken>75</weatherTimeTaken>

</weather>
<station>
<id>9052</id>
<timeTaken>2853</timeTaken>
<available>2</available>
<free>20</free>
<total>22</total>
<ticket>1</ticket>
<error>0</error>

</station>
</stations>

</lyon>
</city>

</bikes>

Figure 2: Single Station Sample for Lyon

stations concerning the number of bicycles or park-
ing slots at the given time stamp. For live queries,
this information is sufficient to determine bike or free
slot availability. However, not all of the data min-
ing queries from our motivation section can be easily
facilitated with the data in this format.

4.3.1 Transform 1 - Station Files

For each city, the system harvests from each station
and viewing each dataset in chronological order, the
XQuery code listed in Algorithm 1 was used to pro-
duce the station files. In Table 1, the Stations col-
umn shows the number of files generated for each city.
Each station file contains a minute by minute status
of one station for an entire day. While harvested data
provides detailed information on the number of bikes
and free spaces available at any given moment, sta-
tion files only report on the status of a station, which
is limited to one of 5 options.

Station Status:

• Full - all bike stands occupied by a bike.

• Empty - all bike stands empty.

• Error - an error occurred during data collection
from the web site.

• Bad Sum - the sum of free spaces and available
bikes did not equal the total stands.

• Normal - data collected and processed as ex-
pected (default value).

In addition, the average scrape time for collection
of data from the given station over the course of the
day was also recorded. An example of this transfor-
mation has been represented in Algorithm 1. The
result of these transformations can be seen in figure
3 and are used in a number of the queries during the
evaluation phase.



Algorithm 1 Station Transform

1: for i in 1 to numStation do
2: for $s in /station/station[id=i] do
3: if $s/error)=1 then
4: $result = ‘error’
5: else if $s/available + $s/free 6= $s/total

then
6: $result = ‘bad sum’
7: else if $s/free = 0 then
8: $result = ‘full’
9: else if $s/available = 0 then
10: $result = ‘empty’
11: else
12: $result = ‘normal’
13: end if
14: order by time
15: return $result
16: end for
17: end for

Figure 3: Extended Schema

4.3.2 Transform 2 - System File

Our second transformation process again takes the
1,440 sensor outputs for each city, for the 24-hour pe-
riod. Operating independently of transform 1, this
transform generates one output file per city that pro-
vides, on a minute by minute basis: the total number
of bikes available, the number of available stands and
a count of stations that reported an error across the
entire system.
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Figure 4: Small Segment from the Bicycle Rental
Repository

5 Query Processing Component

In this section, we describe how to optimize queries
through indexing XML documents. To do this, we
present the key constructs used in our optimization
model and then provide a step-by-step description of
how we create a partition index that facilitates fast
generation of result sets.

Definition 1 A branch is a set of connected node
identifiers within an XML document.

A branch is the abstract data type used to de-
scribe a partition of nodes. In our work, we will deal
with the local-branch and path-branch sub-types of a
branch.

Definition 2 A local-branch is a branch, such that
its members represent a single branching node and
the nodes in its subtree. A local-branch cannot con-
tain a member that represents a descendant of another
branching node.

The local-branch uses the branching node to form
each partition. Our process uses the rule that each
local-branch must not contain nodes that are descen-
dants of another branching node to create primary
partitions.

Definition 3 A path-branch is a branch with a single
path.

The path-branch is an abstract type with no
branching node. Each member is a child member of
the preceding node. Its three sub-types (orphan-path,
branchlink-path and leaf-path) are used to partition
the document.

Definition 4 An orphan-path is a path-branch such
that its members cannot belong to a local-branch.

The orphan-path definition implies that members
of the orphan-path cannot have an ancestor that is
a branching node. The motivation is to ensure that
each node in the XML document is now a member of
some partition.

Definition 5 A branchlink-path is a path-branch that
contains a link to a single descendant partition of its
local-branch.

In any local-branch, there is always a single
branching node and a set of non-branching nodes.
With the non-branching nodes, we must identify those
that share descendant relationships with other parti-
tions. These are referred to as branchlink-path parti-
tions and each member occupies the path linking two
branching nodes (i.e. two partitions).

Definition 6 A leaf-path is a path-branch that con-
tains a leaf node inside its local-branch.

A leaf-path differs from a branchlink-path in that
it does not contain a link to descendants partitions.
In other words, it contains a single leaf node and its
ancestors.

Definition 7 A branch class describes the structure
of a branch, from the document node to its leaf node,
and includes both elements and attributes.



label name type level class value
(0,18) bikes 3 0 n/a -
(1,17) city 1 1 11 -
(2,5) Dublin 1 2 5 -
(3,0) day 2 3 5 01
(4,4) station 1 3 4 -
(5,1) id 1 4 1 -
(6,2) free 1 4 2 -
(7,3) total 1 4 3 -
(8,10) Lyon 1 2 10 -
(9,9) station 1 3 9 -
(10,6) id 1 4 6 -
(11,7) free 1 4 7 -
(12,8) total 1 4 8 -
(13,16) Dublin 1 2 5 -
(14,11) day 2 3 5 02
(15,15) station 1 3 4 -
(16,12) id 1 4 1 -
(17,13) free 1 4 2 -
(18,14) total 1 4 3 -

Table 2: NODE Index

name class level type
id 1 4 1
free 2 4 1
total 3 4 1
station 4 3 1
Dublin 5 2 1
day 5 3 2
id 6 4 1
free 7 4 1
total 8 4 1
station 9 3 1
Lyon 10 2 1
city 11 1 1

Table 3: NCLT Index

ac dc
1 1
2 2
3 3
4 1
4 2
4 3
4 4
5 1
5 2
5 3
5 4
5 5
6 6
7 7
8 8
9 6
9 7
9 8
9 9
10 6
10 7
10 8
10 9
10 10
11 1
11 2
11 3
11 4
11 5
11 6
11 7
11 8
11 9
11 10
11 11

Table 4: CLASS In-
dex

5.1 Indexing the Node Set

The algorithms for encoding an XML document using
a pre/post encoding scheme were provided in (Grust
2002). In brief, each time a starting tag is encoun-
tered a new element object is created, which is as-
signed the attributes: name, type, level, and preorder.
Subsequently, the new element is pushed onto an el-
ement stack. Each time an end tag is encountered
an element is popped from the element stack and is
assigned a postorder identifier. Once an element has
been popped from the stack, we call it the current
node, and the waiting list is a set in which elements
reside temporarily prior to being indexed.

When creating the first set of partitions, the goal
is to ensure that all nodes are included in local-branch
or path-branch partitions. The first step in the pro-
cess is to determine if the current node is a branching
node by checking if it has more than one child node.
The next steps are as follows:

1. If the current node is non-branching and does not
reside at level 1, it is placed on the waiting list.

2. If the current node is branching, it is assigned
to the next local-branch in sequence. Therefore,
current nodes in the waiting list become its de-
scendants and will occupy the same local-branch
as the current node.

3. If the current node is non-branching, but a node
at level 1 is encountered, the current node does
not have a branching node ancestor. Therefore,
the current node is assigned to an orphan-path
(Definition 4). For the same reason, any node
currently on the waiting list is assigned to the
same orphan-path.

At the end of this process, only the document
node is unassigned. Fig 5 illustrates the set of local-
branches LB-1 to LB-8 and orphan-paths OP-9 and
OP-10.
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Figure 5: Assigning Nodes to Partitions

5.2 Reducing Large Partitions

Although local-branches are rooted subtrees, they
may contain nodes that do not have an ancestor or
descendant relationship. A separation of nodes that
do not have a hierarchical association leads to an op-
timized pruning effort.

Each local-branch instance has a single branch-
ing node root which may have many (non-branching
node) descendants. It is the non-branching descen-
dants of the root that are examined to determine if
they share a hierarchical association. For this reason,
we partition the non-branching nodes (in each local-
branch) into disjoint path-branches (Definition 3). As
orphan-paths and local-branches are disjoint, each of
these path-branch instances will be a branchlink-path



(Definition 5) or a leaf-path (Definition 6).
The initial partitioning method was introduced

to describe how partitions are formed. In re-
ality, we employ a refined version of this algo-
rithm, RefinePartitions (algorithm 2), for creating
BranchIndex partitions. The new branch partitions
are created by processing two local-branches simulta-
neously. Now, current nodes up to and including the
first branching node, are placed in the first waiting
list (wList1 ) where they wait to be indexed. Subse-
quently, the next set of current nodes, up to and in-
cluding the second branching node, are placed on the
second waiting list (wList2 ). At this point, wList1
and wList2 contain the nodes that comprise the first
and second local-branches respectively.

Algorithm 2 RefinePartitions

1: if node at level 1 encountered then
2: move nodes that comprise wList2 to orphan-

path;
3: end if
4: move non-branching nodes from wList1 to leaf-

path;
5: for each node n in wList2 do
6: if n = ancestor of wList1.ROOT ∧ n 6= branch-

ing node then
7: move n to branchlink-path;
8: else if n 6= ancestor wList1.ROOT then
9: move n to leaf-path;
10: end if
11: end for
12: move local-branch from wList1 to local-branch;
13: move local-branch from wList2 to wList1 ;

If a node at level 1 is encountered, the nodes
that comprise wList2 are an orphan-path (line
2 ). If a branchlink-path (Definition 5) exists,
RefinePartitions identifies it as the non-branching
nodes in wList2 that are ancestors of the root node
in wList1 (lines 6-7 ). If one or more leaf-paths (Def-
inition 6) exist, they will be the nodes in wList2 that
are not ancestors of root node in wList1 (lines 8-9 ).
The remaining nodes that comprise the first local-
branch (wList1 ) are then moved to the index (line
12 ). This will be the single branching node root of
the first local-branch only.

At this point, the only node that remains in
wList2 is the root node of the second local-branch.
This local-branch is then moved to wList1 (line 13 )
and wList2 is now empty. The next local-branch
is placed in wList2 and the process is repeated un-
til no branches remain. Using this algorithm, a lot
more partitions are created and this should lead to
increased pruning during query processing. The re-
finement is illustrated in Fig 6.

The process will also track the ancestor-
descendant relationships between branch partitions.
This is achieved by maintaining the parent-child map-
pings between branches. Given two branches B1 and
B2: B2 is a child of B1 if and only if the parent node
of a node that comprises B2 belongs to B1. When the
RefinePartitions process is complete, the ancestor-
descendant relationships between branches are deter-
mined using a recursive function across these parent-
child relationships.

5.3 Partition Classes

The indexing process results in a large number of
branch partitions. This benefits the optimization pro-
cess as it facilitates a highly aggressive pruning pro-
cess and thus, reduces the inefficient stage of node
comparisons. However, this type of pruning requires
smaller partitions with the effect of a larger index.
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Figure 6: After Partition Refinement

The final phase in constructing the partition index is
to reduce its size while maintaining the same degree of
pruning. To achieve this, we use a classification pro-
cess for all branches based on root to leaf structure of
the partition.

Every branch instance can belong to a single
branch class. A process of classifying each branch
will use the structure of the branch instance and its
relationship to other branch instances as the match-
ing criteria. Additionally, in order to belong to the
same class, each branch instance must have an identi-
cal set of descendant branches. The latter is required
to ensure that there is no overlap between branch
classes.
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Figure 7: XML Tree Showing Branch Classifications

Order Class C1 Class C2
1 a a
2 a/b{@key} a/j
3 a/b/c a/j/k
4 a/b/c/e a/j/k/m
5 a/b/c/e/f a/j/k/m/n

Table 5: Branch Classes

To explain this concept, we use figure 7 which con-
tains three branch instances, B1-B3. Table 5 shows the
extended DataGuides associated with branch classes:
C1 and C2. Note that the order of the Class type as-
sociated with each branch class is important. After
classification, as B1 and B3 have an identical set of
descendant branch instances, they will be instances
of the C1 class, while branch B2 is an instance of the
C2 class.



Finally, the process that maintains parent-child re-
lationships between branch instances (discussed ear-
lier), must be replaced with one that maintains
parent-child relationships between branch classes.
The ancestor-descendant relationships are then gen-
erated for branch classes with the same approach as
that used for branch instances.

5.4 Dataset Statistics

To add context to our experimental evaluation, we
provide the statistics for our index after processing
the 2.06GB bicycle rental repository.

• Size = 2.06GB

• Class Count = 1,067

• Node Count = 85,965,102

• NCLT Entries = 1,224

• Class Count = 5,032

The number of tuples in the CLASS relation is
greater then the number of branch classes identified
for that dataset: the bicycle rental dataset has 1,067
branch classes and the number of tuples in the class
index is 5,032. The deliberate decision to duplicate
selected branch classes allows the ancestor or descen-
dant branch classes associated with a set of context
nodes to be identified using equijoins, which have
been shown to be more efficient than non-equijoins
(Luoma 2007b).

The NODE relation shows the number of nodes in
the dataset to be in excess of 85 million which pro-
vides a challenge for any XML query processor. The
NCLT relation contains a tuple for each distinct name,
class, level and type identified in the NODE relation.
As the NCLT relation is used instead of the NODE re-
lation (where possible), the number of tuples in the
NCLT relation is significantly smaller than the num-
ber of tuples in the NODE relation which boosts query
performance.

6 Experiments and Evaluation

In previous work (Marks and Roantree 2010), we
demonstrated that the approach most similar to ours
(Luoma 2007a) and a traditional node based approach
to XPath (Grust et al. 2007) were not capable of scal-
ing to the volumes of data required in this target
application. Thus, in this current paper, we com-
pare our BranchIndex to the approach described by
Georgiadis et al in (Georgiadis and Vassalos 2006) (a
recent DataGuide approach) - we will refer to this
approach as the PathIndex. In addition, we evalu-
ate the performance of two vendor systems: Mon-
etDB/XQuery (Boncz et al. 2006) and SQL Server
2008.

MonetDB/XQuery is a leading open-source XML
database; we evaluate this approach because it was
evaluated by Georgiadis et al in (Georgiadis and Vas-
salos 2006) (i.e. the PathIndex ). SQL Server was
chosen as it uses the optimization techniques de-
scribed in (Pal et al. 2004), which were subsequently
discussed by Grust in (Grust et al. 2007).

All experiments were run on identical servers with
a 2.66GHz Intel(R) Core(TM)2 Duo CPU and 4GB
of RAM. The BranchIndex and PathIndex were de-
ployed in an Oracle 11g relational database. Oracle
11g and MonetDB/XQuery version 4.34.4 were both
deployed on Fedora 12 Linux (64bit) platforms; SQL
Server was deployed on a Windows 7 (64bit) plat-
form. A small sample of one of the XML documents
is shown in figure 2.

Across the vendor systems, we call the (XQuery)
count() function to ensure that any overhead associ-
ated with document reconstruction (Chebotko et al.
2007) is not included in the query response times -
this approach was also used in (Georgiadis and Vas-
salos 2007) for evaluating the comparative query re-
sponse times of vendor systems. Similarly - to provide
a balanced evaluation - for the BranchIndex and the
PathIndex, we called the (SQL) count() function on
the PRE column of the NODE relation to count the re-
sult nodes.

Finally, each XPath query was executed eleven
times. In each case, the first query execution was
ignored (to ensure hot cache response times) and the
remaining ten queries were averaged to provide the
final result in milliseconds. A timeout of ten min-
utes was placed on each query to allow us to perform
the evaluation in a reasonable amount of time - each
query that took longer than ten minutes is marked
as: >10mins.

6.1 Query Classification

Experimental analysis was based on the end user
queries listed earlier in §2. We classified queries into
five different types to help evaluate our approach to
optimization.

• QC1: Non Text Node Queries (without predi-
cates). The query does not evaluate a text node
nor does it contain predicate filters.

• QC2: Non Text Node Queries (with predicates).
This query does not evaluate a text node but
contains one or more predicate.

• QC3: Low Cardinality Text Node Queries. The
query evaluates text node(s) that have low selec-
tivity.

• QC4: High Cardinality Text Node Queries. The
query evaluates text node(s) that have high se-
lectivity.

• QC5: Single Step Path Fragment Queries - this
type of query does not contain a primary path
fragment (PPF), as defined by Georgiadis in
(Georgiadis and Vassalos 2006), that spans more
than one step in the XPath expression.

If a column in a relation has low cardinality (e.g.
gender, genre), the number values that have identical
character content will be high. Thus, queries predi-
cated on these columns usually return a large number
of tuples, i.e. they have low selectivity (Marks and
Roantree 2009). In contrast, if a column in a relation
has high cardinality (e.g. name, title), the number
of values that have identical character content will be
low; thus, queries predicated on these columns usually
return a small number of tuples, i.e. they have high
selectivity (Marks and Roantree 2009). Columns that
have high cardinality provide the best performance for
B-tree indexes.

Text nodes, in the BranchIndex and the PathIn-
dex are stored as the attribute: value in the NODE
relation (Table 2). It will become clear throughout
this section, that the selectivity of these text nodes
is important when describing the best and worse case
queries for our BranchIndex - as text nodes were not
considered during the branch classification process to
keep the size of the BranchIndex small, and therefore
optimized.



Query Type BranchIndex PathIndex MonetDB SQLS Result Nodes
Q01 QC1 1,395ms 3,110ms 5,502ms 258ms 1,411,451
Q02 QC1 1,193ms 1,070ms 3,010ms 166ms 634,320
Q03 QC2 140ms >10mins 18,840ms >10mins 191,680
Q04 QC2 282ms >10mins 16,766ms >10mins 191,680
Q05 QC3 87,385ms 157,090ms 11,890ms >10mins 13,046
Q06 QC3 >10mins >10mins 108,192ms >10mins 429,585
Q07 QC3 96,143ms >10mins 107,629ms >10mins 145
Q09 QC4 302ms 140ms >10mins 1ms 1
Q10 QC4 164ms 68,690ms >10mins 166ms 642
Q08 QC5 3,379ms >10mins 105,129ms error 6,529,626

Table 6: Results for the Bicycle Rental Dataset

6.2 Results and Evaluation

The results of these queries are shown in Table 6.
BRANCHI, PATHI , MDB, and SQLS show, for each query,
the time taken (in milliseconds) by the BranchIndex,
PathIndex, MonetDB/XQuery, and SQL Server 2008
respectively.

• Query Type QC1. For queries Q01 and
Q02, the BranchIndex and PathIndex both
perform well. For query Q01, the PathIn-
dex’s system will access the PATHS relation
using a regular path expression to identify
all path identifiers associated with the path:
/bikes/city/Nantes/stations/station. The
NODE relation is subsequently accessed to deter-
mine the nodes associated with these paths and
thus, form the result set. Our BranchIndex pro-
cessor accesses the NCLT relation for the first step
(/bikes); the pair (NCLT, CLASS) for steps two,
three and four. Finally, the NODE index is ac-
cessed for step five to generate the result set.

Thus, for QC1 queries, neither PathIndex nor
BranchIndex systems require inefficient node
comparisons as they access the NODE relation only
to locate the result nodes (the final step). How-
ever, the BranchIndex performs better than the
PathIndex for queries in this category as the
number of tuples in the NCLT and CLASS indexes
is small (see Dataset Statistics in the previous
section). MonetDB and SQL Server also per-
form well for queries in this category. We believe
this is due to MonetDB/XQuery’s Staircase Join
algorithm and SQL Servers’s (secondary) PATH
index respectively.

• Query Type QC2. For these queries, the PathIn-
dex system must access the NODE index to per-
form a join between each primary path frag-
ment (PPF) (Georgiadis and Vassalos 2007).
Query Q03 has two primary path fragments:
//city//stations and /station/available, whereas
query Q04 has four PPF’s. Thus, there is one
structural join (based on individual node com-
parisons) required in Q03 and four in Q04 and
this leads to a significant performance overhead.

In contrast, the BranchIndex still accesses the
NODE relation just once to retrieve the re-
sult set - again inefficient node comparisons
are not required in this approach. Therefore,
the BranchIndex outperforms PathIndex (and
MonetDB/XQuery) by orders of magnitude for
queries in category QC2, i.e see queries Q03 and
Q04 (Table 6).

• Query Type QC3. These queries highlight the
sole weakness in our approach. The reasons are:
the request for text nodes, e.g. ‘0’, requires that
our system accesses the NODE index; and the low
selectivity of these text nodes requires a large

number of nodes to be evaluated using inefficient
pre/post node comparisons. In fact, Q06 took
the BranchIndex longer than ten minutes to re-
turn the result. The PathIndex also performs
poorly for this category of queries as it also re-
quires a large number of node comparisons be-
tween PPFs. MonetDB/XQuery performs best
overall for category QC3 queries, which is most
likely due to the Staircase Join (Grust et al.
2003) algorithm. However, it is not particularly
efficient, e.g. Q07 and Q08 took more than a
minute each, and Q09 took more than ten min-
utes. SQL Server did not answer any QC3 query
inside the threshold ten minutes.

• Query Type QC4. Here, the high selectivity of
the text nodes ensures that even though it is nec-
essary to access the NODE index (because of the
text nodes), the text nodes have high selectivity
leading to fewer pre/post node comparisons for
the BranchIndex. For the same reason, PathIn-
dex performs well in this category. We do not
know why MonetDB/XQuery performs poorly
for these queries (i.e. Q09 and Q10). We be-
lieve this could be bug-related as we anticipated
a reasonable performance from MonetDB.

• Query Type QC5. The PathIndex’s primary
path fragments cannot optimize queries in cate-
gory QC5. For example, Q08 has three primary
path fragments, each of which spans just one
XPath step. The PATHS relation, used by PathIn-
dex to process multiple XPath steps simulta-
neously, is redundant if each PPF spans just
one step each; thus, no optimization is achieved.
Only our BranchIndex and MonetDB managed
to return results for this category.

7 Conclusions

In this paper, we presented an architecture for har-
vesting web sensor data. This data was enriched and
then indexed to facilitate high level XPath queries
used to determine station usage patterns. This ar-
chitecture was used to bridge the considerable gap
between end-user requirements and the data avail-
able from web service providers. Even with enrich-
ment of sensor data, the performance using existing
XML solutions was not adequate or even possible for
query processing. We also presented our system of
document partition indexing which is shown to out-
perform other approaches for four of the five query
classifications.

Our current focus is on fine-tuning our index to im-
prove results on the poorly performing QC3 queries.
We are also building extensions to our XPath query
interface to incorporate data mining primitives for
more complex query types.
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