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Abstract. Addressesare a key part of many records containing infor-

mation about people and organisations, and it is therefore important
that accurate addressinformation is available before such data is mined
or stored in data warehouses.Unfortunately , addressesare often cap-
tured in non-standard and free-text formats, usually with some degree
of spelling and typographical errors. Additionally , addresseschange over
time, for example when people move, when streets are renamed, or when
new suburbs are built. Cleaning and standardising addresses,as well as
verifying if they really exist, are therefore important stepsin data min-
ing pre-processing.In this paper we presert an automated probabilistic

approach basedon a hidden Markov model (HMM), which usesnational

address guidelines and a comprehensive national address database to
clean, standardise and verify raw input addresses.Initial experiments
show that our system can correctly standardise even complex and un-
usual addresses.

Keyw ords: Data mining pre-processing,addresscleaning and standard-
isation, hidden Markov model, G-NAF, postal addressguidelines.

1 Intro duction

Most real world data collectionscontain noisy, incomplete, incorrectly formatted,
or even out-of-date data. Cleaning and standardising such data are therefore
important rst stepsin data pre-processing,and before such data can be stored
in data warehousesor usedfor further data analysisor mining [11,16]. In most
settings it is desirableto be able to detect and remove duplicate records from
a data set, in order to reduce costs for businessmailings or to improve the
accuracy of a data analysistask. The cleaning and standardisation of personal
information (lik e addressesand names)is especially important for data linkage
and integration, to make sure that no misleading or redundant information is
intro duced. Data linkage (also called record linkage) [10] is important in many
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application areas, such as compilation of longitudinal epidemiological studies,
censusrelated statistics [19], or fraud and crime detection systems.

The main tasks of data cleaning [16] are the conversion of the raw input
data into well de ned, consistert forms, and the resolution of inconsistenciesin
the way information is represeried or encaled. Personal information is often
captured and stored with typographical and phonetical variations, parts can be
missing or recordedin di erent (possibly obsolete) formats, or be out-of-order.
Addressesand namescan change over time, and are often reported di eren tly
by the sameperson depending upon the organisation they are in contact with.
Moreover, while for many regular words there is only one correct spelling, there
are often di erent written forms for proper names(which are commonly usedas
street, locality or institution names),for example "Dicksori and "Dixon'. For ad-
dressego be useful and valuable, they needto be cleanedand standardisedinto
a well de ned format. For example, various abbreviations should be corverted
into standardised forms, nicknames should be expandedinto their full names,
and postcodes should be validated using o cial postcode lists.

In this paper we report on a project that aims to dewelop techniques for
fully automated cleaning, standardisation, as well as veri cation, of raw input
addressesln Section 2 we introduce the task of addresscleaning and standard-
isation in more detail and presen other work that has beendonein this area.
While traditional approacheshave beenbasedon either rules that needto be
customisedby the useraccordingto her or his data, or manually preparedtrain-
ing data, our system is basedon a mainly unsupervised approach. The main
contribution of our work is the automated training of a probabilistic address
standardisation system using national addressguidelines and a comprehensie
national addressdatabase.We presert our approad in Section3, and discussthe
methods usedto automatically train our systemin Section4. First experimental
results are then preserted and discussedin Section5, and an outlook to future
work is givenin Section 6.

2 Address Cleaning and Standardisation

The aim of the cleaning and standardisation processis to transform the raw in-

put addressrecordsinto a well de ned and consistert form, asshown in Figure 1.
Addressescan be separatedinto three componerts, corresponding to the address
site (containing at and street number details), street (containing street name
and type), and locality (with locality, state and postcade information). As can
be seenfrom Figure 1, these componerts are further split into seweral output

elds, ead containing a basic piece of information. The standardisation pro-
cessalso replacesdi erent spellings and abbreviations with standard versions.
Look-up tables of such standard spellings are often published by national postal
services together with guidelinesof how addresseshould be written properly on
letters or parcels. This information can be usedto build an automated address
standardiser, as preseried in more details in Sections3 and 4.
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Fig. 1. Example addressstandardisation. The left four output elds relate to the ad-
dress site level, the middle two to street level, and the right three elds to locality
level

The terms data cleaning (or data cleansing), data standardisation, data
scrubbing, data pre-processing,and ETL (extraction, transformation and load-
ing) are usedsynornymously to refer to the generaltasks of transforming source
data into clean and consistert sets of records suitable for loading into a data
warehouseor for linking with other data sets.A number of commercial software
products are available which addressthis task. A completereview is beyond the
scope of this paper (an overview can be found in [16]). Address (and name)
standardisation is also closelyrelated to the more general problem of extracting
structured data, such as bibliographic referencesor name entities, from unstruc-
tured or variably structured texts, such assciertic papers or Web pages.

The most common approach for addressstandardisation is the manual spec-
i cation of parsing and transformation rules. A well-known example of this
approach in biomedical researt is AutoStan [12], the companion product to
the widely-used AutoMatch probabilistic record linkage software. AutoStan rst
parsesthe input string into individual words, and using a re-ertrant regular
expressionparser eat word is then mapped to a token of a particular class(de-
termined by the presenceof that word in user-suppliedlook-up tables, or by the
type of charactersfound in the word). This approacd requiresboth an initial and
ongoinginvestmert in rule programming by skilled sta. More recert rule-based
approadces,which aim at automatically induce rules for information extraction
from unstructured text, include Rapier [5], which is basedon inductive logic
programming; Whisk [18], which can handle both free and highly structured
text; and Nodose [1], which is an interactive graphical tool for determining the
structure of text documerts and for extracting their data.

An alternativ e to these rule-based, deterministic approachesare probabilis-
tic methods. Statistical models, especially hidden Markov models (HMMs), have
widely beenusedin the areasof speed recognition and natural languageprocess-
ing to help solve problems such asword-sensedisambiguation and part-of-speet
tagging [15]. More recertly, HMMs and related models have beenapplied to the
problem of extracting structured information from unstructured text. An ap-
proach using HMMs to nd namesand other non-recursive ertities in free text
is described in [3], whereword featuresare usedsimilar to the onesimplemerted



in our system, and experimental results of high accuracy are preserted using
both English and Spanishtest data. HMMs are alsousedfor information extrac-
tion by [9], which addresseghe problem of lack of training data by applying the
statistical techniquesof shrinkageto improve HMM parameter estimations (dif-
ferent hierarchies of expected similarities are built from a model). The issue of
learning the structure of HMMs for information extraction is discussedin [17],
where both labelled and un-labelled data is used, and good accuracy results
are preseried. A supervised approach for segmeting text (including US and
Indian addresses)is preserted by [4]. Their system Datamold useshierarchical
featuresand nestedHMMs, and doesallow the integration of external hierarchi-
cal databasesfor improved segmeiation. Their results indicate that Datamold
consistertly performs better than the rule-base system Rapier. An automatic
system that only usesexternal databasesis presenrted in [2]. The authors de-
scribe attribute recognition models (ARMs), basedon HMMs, which capture the
characteristics of the values stored in large referencetables. The topology for
an ARM consists of the three states Beginning, Middle, and Trailing. Feature
hierarchies are then usedto learn the HMM topology as well as transition and
emissionprobabilities. Results preserted on various data setsshawv an up to 50%
reduction in segmetation errors comparedto Datamold.

Earlier work [8] by one of the authors of this paper describes a supervised
name and address standardisation approach that usesa lexicon-basedtokeni-
sation in combination with HMMs, work that was strongly in uenced by [4].
Instead of directly using the elemeris of the input recordsfor HMM segmeta-
tion, a tagging step allocatesone or more tags (basedon user de nable look-up
tables and somehard coded rules) to eadh input elemen, and sequence®f tags
are then givento a previously trained (using manually preparedtag sequences)
HMM. Results on real world administrativ e health data showved better accuracy
than the rule-basedsystem AutoStan for addresseq8]. Training of this system
is facilitated by a boot-strapping approacd, allowing a reasonableamount of
training data to be manually created within a couple of hours.

In this paper we presert work which is mainly basedon [2] and [8]. The main
contribution of our work is the combination of techniques used in these two
approaches,with speci c application (but not limited) to Australian postal ad-
dressesWe usenational addressguidelinesand a large national addressdatabase
to automatically train a HMM, without the needof any manual preparation of
training data. Our systemis part of a free, open source data linkage system
known as Febrl (Freely extensible biomedical record linkage) [6], which is writ-
ten in the free, open sourceobject-oriented programming language Python.

3 Probabilistic Address Standardisation

Our method is basedon a probabilistic HMM which is automatically trained
using information taken from national addressguidelines(which are available in
many countries) aswell asa comprehensie national addressdatabase.The de-
tailed approac on how this HMM is trained using thesetwo sourcesis discussed



in Section4. Here we presert the actual stepsinvolvedin the standardisation of
raw input addressesassumingsud a trained HMM is available.

We assumethat the raw input addressrecords are stored as text les or
databasetables, and are made of one or more text strings. The task is then to
allocate the words and numbers from the raw input into the appropriate output
elds, to clean and standardise the valuesin these output elds, and to verify
if an address(or parts of it) really exist (i.e. is available in the national address
database). Our approach is based on the following four steps, which will be
discussedin more detail in the four sectionsgiven below.

1. The raw input addressesare cleaned.

2. They are eadh split into a list of words, numbers and characters, which are
then taggel using featuresand look-up tables that were generatedusing the
national addressdatabase.

3. Thesetaggedlists are then segmental into output elds using a probabilistic
HMM.

4. Finally, the segmeted addressesare veried using the national address
database.

3.1 Cleaning

The cleaningstep involvesconverting all letters into lower case,followed by vari-
ousgeneralcorrections of sub-strings using correction lists. Theselists are stored
in text les that canbe modi ed by the user. For example, variations of nursing
home such as 'n-home' or "n/home’ are all replacedwith the string “nursing
home'. Various kinds of brackets and quoting charactersare replacedwith a ver-
tical bar °|' , which facilitates tagging and segmeting in the subsequen steps.
Correction lists also allow the de nition of strings that are to be removed from
the input, for example 'n/a’ or “locked' . The output of this rst stepis a
cleanedaddressstring ready to be taggedin the next step.

3.2 Tagging

After an addressstring has been cleaned,it is split at white-space boundaries
into a list of words, numbers, punctuation marks and other possiblecharacters.
Each of the list elemens is assignedone or more tags These tags are based
on look-up tables generatedusing the valuesin a national addressdatabase,as
well as more generalfeatures For example,a list elemert “road' is assignedthe
tag ‘ST' (for street type, as ‘road' was found in the street type attribute in
the database),aswell asthe tag 'L4' (asit is a value of length four characters
containing only letters). The tagging does not depend upon the position of a
value in the list. The number "2371" , for example,will be taggedwith "PC' (as
it is a known postcade) and "N4' (as it is also a four digit number), even if it
appears at the beginning of an address(where it likely correspondsto a street
number). The segmetation step (described below) then assignsthis elemert to
the appropriate output eld.



Table 1. Example valuesfrom the national addressdatabase for features usedfor stan-
dardisation. Empty table entries indicate no such values are available in the database

Length Numbers Letters  Alpha-numeric Others
1 3 a

2 42 se bl .
3 127 lot 33a 1/7
4 1642 road 672a 3/la
5 13576 place lot12 1/23b
6to 8 2230229 street rmb1622 lot 1760
9to 11 jindabyne coleville2 anderson's
12to 15 dondingalong  bundanoon305 houseno: 2/41
16 or more stonequarrycreek armidale-kempsey

Look-up tags specify to the HMM in which attribute(s) of the national ad-
dressdatabasea list elemernt appears.If it appearsin sewral attributes, more
than onelook-up tag will be assignedto it. However, if a list elemert in an input
addresscontains a typographical error, or doesotherwise not exactly correspond
to any look-up table value, no tag would be assignedo it. Therefore,the features
are a more generalway of represering the content of the di erent attributes in
the national addressdatabase.Features characterisethe lengths of an attribute
value, as well asits content (if it is made of letters only, numbers only, if it is
alpha-numeric, or if it alsocontains other characters). For example, an attribute
value that only cortains letters and has a length between12 and 15 (feature tag
"L12_15") isin 73%a locality name,in 26%a street name, and in 1% a building
name, asthis is the distribution of valueswith letters only and a length between
12 and 15 in the national addressdatabase.A feature tag "N6.8', as another
example, corresponds to a number value with length between 6 and 8 digits.
Table 1 givesexampleattribute valuesfrom the national addressdatabase.

In the tagging step, the look-up tables are searthed using a greedy matching
algorithm, which seartesfor the longesttuple of list elemerts that match an en-
try in the look-up tables. For example, the tuple ("macquarie’, fi el ds’) will
be matched with an ertry in a look-up table with the locality name “'macquarie
fields' , rather than with the single-word entry “macquarie’ from the same
look-up table.

The output of the tagging step is a list of words, numbers and separators,
and a corresponding list of look-up and feature tags (as showvn in the example
given below). As more than onetag can be assignedto a list elemert (asin the
street type exampleabove), di erent combinations of tag sequencesre possible,
and the questionsare which tag sequencas the most likely one, and how should
the list elemerts be assignedto the appropriate output elds. This problem is
solved using a probabilistic HMM in the segmemation step as discussednext.



3.3 Segmenting

Having a list of elemens (words, numbers and separators) and one or more
corresponding tag lists, the task is to assignthese elemeris to the correct out-
put elds. Traditional approadceshave usedrules (such as"if an elementhas
atag ‘ST' then the correspnding word is assignel to the “street _type' out-
put eld." ). Instead, we use a HMM [15], which has the advantages of being
robust with respect to previously unseeninput sequencesand that it can be
automatically trained, aswill be detailed in Section 4.

Hidden Markov models [15] (HMMs) were developed in the 1960sand 1970s
and are widely used in speed and natural language processing.They are a
powerful machine learning technique, able to handle new forms of data in a
robust fashion. They are computationally e cien t to develop and evaluate. Only
recertly have HMMs beenusedfor addressstandardisation [4,8,17].

A HMM is a probabilistic nite state machine made of a set of states, tran-
sition edgesbetweenthese states and a nite dictionary of discrete obsenation
(output) symbols. Each edgeis assa@iated with a transition probability, and each
state emits obsenation symbols from the dictionary with a certain probability
distribution. Two special states are the "Start' and "End' state. Beginning from
the “Start' state, a HMM generatesa sequenceof length k of obsenation sym-
bols O = 01;0.;:::;0¢ by making k 1 transitions from one state to another
until the "End' state is reached. Obsenation symbol 0;;1 ik is generatedin
state i basedon this state's probability distribution of the obsenation symbols.
The sameoutput sequencecan be generatedby many di erent paths through a
HMM with dierent probabilities. Given an obsenation sequencepone is often
interestedin the most likely path through a given HMM that generatedthis se-
quence.This path can e ectiv ely be calculated for a given obsenation sequence
using the Viterbi [15] algorithm, which is a dynamic programming approad.
Figure 3 shovs a HMM generatedby our systemfor addressstandardisation.

Instead of using the original words, numbersand other elemers from the ad-
dressrecordsdirectly, the tag sequencegas discussedn Section 3.2) are usedas
HMM obsenation symbolsin order to make the derived HMM more generaland
more robust. Using tags also limits the size of the obsenation dictionary. Once
a HMM is trained, sequence®f tags (one tag per input elemen) asgeneratedin
the tagging step can be given asinput to the Viterbi algorithm, which returns
the most likely path (i.e. state sequence)f the given tag sequencehrough the
HMM, plus the corresponding probability. The path with the highest probabilit y
is then taken and the corresponding state sequencewill be usedto assignthe
elemers of the input list to the appropriate output elds.

Example: Let's assumewe havethe following (randomly created)input address
"42 meyer Rd COOM2371', which is cleanedand tagged (using both look-up
and feature tags) into the following word list and tag sequence:

[42', “meyer, ‘road', ‘cooma’, 2371 ]
[[N2', °"SN/L5', °ST/L4', "LN/SN/L5', ‘PCIN4']



with look-up tags "'SN' for street name, 'ST' for street type, 'LN' for locality
name,and "PC' for postcode; and feature tags for numbers ("N2' and "N4') and
letter values("L4' and 'L5' ). The number of combinations of the tag sequences
isl 2 2 3 2= 24, for example[[N2, 'SN', ST, °LN, °'PC7 or
[[N2', °L5, °ST, °'SN', 'N47 . These 24 tag sequencesare given to the
Viterbi algorithm, and using the HMM from Figure 3, the tag sequencewith
the highest probability that is returned is [N2', 'SN', 'ST', 'LN, °'PCT7.
It correspondsto the following path through the HMM (with the corresponding
obsenation symbols { the output elds { in brackets).

Start ! numberfirst (N2) ! street name(SN) ! street _type (ST)
I locality _name(LN) ! postcode (PC) ! End

The valuesof the input addresswill be assignedto the output elds asfollows.

numberfirst:  "42'
street _name: ‘meyer'
street _type: ‘road'
locality _name: cooma’
postcode: 2371’

3.4 Verication

Once segmeted an input addresscan be easily comparedto the existing ad-
dressedn the national addressdatabase.Di eren t techniquescanbe usedfor this
task, for example inverted indices as described in [7], which allow approximate
matching (for exampleif parts of an addressare missingor wrong). Alternativ ely,
hash encalings (like MD5 or SHA) can be usedto create a unique signature for
eat addressin the national database, allowing to e cien tly compare a hash
encaded input addresswith the full database. Similarly, hash encadings of the
locality and street (and their combinations) allow the veri cation of only these
parts of an address.This componert of our systemis currently under develop-
mernt, and more details will be published elsewhere.

4 Automated Hidden Mark ov Mo del Training

The automated HMM training approad is basedon national addressguidelines
and a large national addressdatabase,and only needsminimal initial manual
e orts. Guidelines for correctly addressingletters and parcels are increasingly
becoming important as mail is being processed(sorted and distributed) auto-
matically. Many national postal servicestherefore publish such guidelines'. Our
system usesthese guidelines to build the initial HMM structure, as shown in
Figure 2. This is currently done manually, but in the future it is likely that elec-
tronic versions of such guidelines (for example as XML sdemes)will become
available, making the initial manual building of the HMM structure automated

! seefor example: http://iwww.auspost.com.au/co  rrec taddr ess



Start (hidden)

buildi ng_nar@/ \
_— L

flat_type / level_type lot_number_prefix
N _—
flat_number / / postal_type
\
level_number lot_number
\
number_first
A
number_|ast
\
street_name
Al
street_type
v
street_suffi\
\
Iocallty name
state abbrev
postcode\
End (hidden)

Fig. 2. Initial HMM topology manually constructed from postal addressguidelines to
support the automated HMM training

aswell. The structure is built with the national addressdatabasein mind, i.e
the HMM states correspond to the database attributes, and aims to facilitate
the automated training processwhich usesthe clean and segmered recordsin
such an addressdatabase.

A comprehensie, parcel based national addressdatabase has recertly be-
comeavailable in Australia: G-NAF (the Geocoded National AddressFile) [13].
Developed mainly for geccoding applications in mind, approximately 32 million
addressrecordsfrom seweral organisationswereusedin a v e-phasecleaningand
integration process,resulting in a database consisting of 22 normalised tables.
G-NAF is basedon a hierarchical model, which storesinformation about address
sites (properties) separatelyfrom streets and locations [14]. For our purpose,we
extracted 26 addressattributes (or output elds) aslisted in Table 2. The aim of
the standardisation processis to assignead elemen of a raw userinput address
to one of these 26 output elds, asshaown in the examplein Figure 1. Only the
G-NAF recordscovering the Australian state of New South Wales (NSW) were
available to us, in total 4;585 707 addresses.There are two main stepsin the
set-up and training phaseof our addressstandardisation system as follows.



Table 2. G-NAF addressattributes (or elds) usedin the standardisation process

G-NAF elds

Address site  flat _numbecrprefix , flat _number flat _numbersuffix , flat _type,
level _numbetprefix , level _number level _numbersuffix ,
level _type, building _name location _description , private _road,
numbecfirst _prefix , numbercfirst , numbecrfirst _suffix ,
numberclast _prefix , numbetlast , numberlast _suffix |,
lot _numbetprefix , lot _-numbet lot _numbersuffix

Street street _name street _type, street _suffix
Locality locality _name state _abbrev, postcode

4.1 Generation of Look-up Tables

The look-up tables are generatedby extracting all the discrete (string) values
for locality _name street _nameand building _nameinto tables and then com-
bining those tables with manually generated tables cortaining typographical
variations (lik e common misspellings of suburb names), as well as the complete
listing of postcadesand locality namesfrom the national postal services.Other
look-up tables are generated using the o cial G-NAF data dictionary tables
(for elds such as street _type, street _suffix , flat _type, or level _type).
The resulting look-up tables are then cleanedusing the same approac as de-
scribed in Section 3.1, and used in the tagging step to assignlook-up tags to
addresselemerts.

4.2 HMM Training

The required input data for the training are (1) the initial HMM structure as
built using the postal addressguidelinesand as shown in Figure 2, and (2) the

G-NAF database containing cleanedand segmeited addressrecords. The dis-

tribution of both transition and obsenation probabilities are learned basedon

frequency counts of the occurrencesof attribute valuesin the G-NAF database.
Each G-NAF recordis an examplepath and obsenation sequenceDue to minor

de cienciesin the data contained in G-NAF, suc asthe lack of postal addresses,
postcades, or the character slash™/*  (which is often usedto separate at from

street numbers), manually added tweaks must be automatically applied where
appropriate to the model during training to accourt for the lack of obsenations

and transitions, and to accourt for unusual but legitimate addresstypes, such

as corner addressesA HMM trained using G-NAF is shown in Figure 3. Be-

causetraining data often doesnot cover all possiblecombinations of transitions

and obsenations, during application of a HMM unseenand unknown data is

encourtered. To be able to deal with sud casessmathing techniques[4] (such

asLaplae or absolutedisoount smoothing) needto be applied, which enableun-

seendata to be handled more e cien tly. Thesetechniquesbasically assignsmall

probabilities to all unseentransitions and obsenations symbols in all states.



postal_number

[0.0001

[T
0.846 number_last

/o

Street_name,0.128

End (hidden)

Fig. 3. HMM (simpli ed) after automated training using the G-NAF national address
database (but before smoothing is applied)

5 Exp erimental Results and Discussion

Special care must be taken when evaluating HMM basedsystems.If the records
usedto train aHMM are from the sameor similar data setasthe recordsusedto
evaluate the performanceof the sameHMM, the model may becomeover- tted
to the training data and may not accurately re ect the real performance of the
HMM. To test the accuracy of our probabilistic standardisation approach raw
addressedrom three data setswere used. The rst contained 500 records with
addressedaken from a midwives data collection, the second600 nursing home
addressesand the third a 150 record sample of unusual and di cult addresses
from a large administrativ e health data set. There are three major variations
possiblein our systemfor standardising addresses:

1. Features and look-up tables (F&L T)
During the tagging step of standardisation, eat elemen in the addressis
assignedone or more tags depending if it can be found in one or more look-



up tables. Once all tables have beencheded, the elemen will alsobe given
a feature tag asdescribed in Section 3.2. However, elemerts of one character
length are only given a feature tag and look-up tables are not searded.

2. Look-up tables only (LT)
This is similar to the supervised system [8] as previously implemented in
Febrl [6]. An addresselemert is given one or more look-up tags, depending
if it can be found in the look-up tables. If it is not assignedany tags, it is
given a feature tag. Again, elemers of one character length are only given
feature tags.

3. Features only (F)
Single addresselemeris are only given feature tags and look-up tables are
not used. Any sequencethe greedy matching algorithm nds of length two
or more elemerts is assigneda tag from the look-up tables asnormal. Unlike
the other two options, elemeris were not placed into their canonical form,
sincethere is no look-up table usedto ched for original forms.

While HMM's were trained using all three options of smoothing (no smaothing,
absolutedisomount, and Laplae), no smaothing was not tested asit is deemedto
be highly in exible and unableto cope with unseeninput data. Laplae smooth-
ing wastested, but not analysedextensively asinitial tests shoved a quite poor
performance. All results, unless speci ed, are therefore assumedto be from a
HMM with absolutediscount smoothing applied. Comparisontest were also per-
formed using the supervised Febrl addressstandardiser [6, 8].

Recordswerejudged to be accurately standardisedif all elemerns of an input
addressstring were placedinto the correct output elds. It wasnot appropriate
to ched for correct canonical correction, since feature basedtagging will not
transform any words. Addressesnot fully correct were judged on an individual
basis for level of correctness,either “close' or "not close', depending upon the
criticalit y of the error. For example, numbers being classi ed as numberlast
instead of numberfirst were considered “close, whereas street types being
judged localities are considered not close’. A secondmeasureof accuracy, called
“oould be accuracy', was usedto show the level of accuracy of the HMM when
including “close' (but incorrectly standardised) recordsas correct.

In many data setsthe majority of input addressesare of fairly simple struc-
ture. We therefore courted the frequency of the following three sequencesand
included their numbers (labelled as "Easy addresses) in the results Table 3.

(number_first,number _last,street _name,street _type,locality = _name,postcode)
(number_first,street _name,street _type,locality = _name,postcode)
(street _name,street _type,locality = _name,postcode)

As expected, the data set with unusual addressescontained much lesseasy ad-
dresseswhile for the other two data setsaround 90% were easyaddresses.

Performance was averagedover 10 runs of the system for eat category of
execution. All standardisation runs were performed on a moderately loaded Intel
Pertium M Centrino 2.0 GHz with 512 MBytes of RAM.



Table 3. Experimental accuracy and standardisation timing results on three test data
sets using absolute discount HMM smoothing. Seetext for discussion what easy ad-
dressesare

Midwiv es Nursing homes  Unusual

Total number of addresses 500 600 150
Easy addresses(F&L T) 446 542 31
Easy addresses(L T) 438 538 27
Easy addresses(F) 445 542 31
Easy addressesFebrl 410 529 22
Accuracy (F&L T) 97.40% 96.67% 92.67%
Accuracy (LT) 95.40% 98.50% 72.67%
Accuracy (F) 96.60% 92.67% 79.33%
Accuracy Febrl 96.80% 96.00% 96.00%
"Could be' accuracy (F&L T) 98.00% 97.80% 94.67%
"Could be' accuracy (L T) 97.40% 98.50% 80.00%
“Could be' accuracy (F) 97.00% 96.50% 80.67%
"Could be' accuracy Febrl 97.60% 98.30% 96.00%
Milli-seconds per record (F&L T) 92 445 720
Milli-seconds per record (L T) 11 18 37
Milli-seconds per record (F) 6 7 7
Milli-seconds per record Febrl 7 9 10

5.1 Discussion

As can be seenby the di erence betweenactual accuracyand “oould be' accuracy
in Table 3, not only is the accuracyof the new systemquite high, especially when
using the (F&L T) variation, but quite a large number of the incorrect records
were only marginally incorrect in non-critical parts of an address.Perhaps half
of the remaining errors were causedby a known de ciency in the greedytagging
system, which hasto do with the value st being a known abbreviation both

for “Saint' and “Street'. Most remaining errors were examined in depth, but in
generalit wasimpossibleevenfor a human to determine the exact correct output.

Accuracy using our automatically trained systemversusa manually trained Febrl
HMM is equal to or better than in all casestested. Quite surprisingly, accuracy
using the (F) HMM was quite comparableto the (LT) basedHMM.

Also, the Febrl addressHMM failed on almost all non NSW addressegyiven,
due to them generally being outside the scope of its look-up tables, thus the
tagging was ine ectiv e. Howewver the (F&L T) and (F) HMM's both success-
fully standardised most non NSW addressesby using the feature information
where the look-up tables came up blank. This has promising possibilities for
using the HMM to standardise addressesutside the domain of G-NAF without
any retraining necessaryThere are also possibleapplications where licensing or
other reasonsare non permissive for distribution of the G-NAF national address
databaseand corresponding look-up tables generated.



Timing performanceusing the (F&L T) HMM is relatively poor due to the
large number of possible combinations of tag sequenceshowever still quite ac-
ceptable, especially since accuracy is generally more highly valued than time
taken, and the fact that addressesan be easily standardisedin parallel.

6 Outlo ok and Future Work

In this paper we have preserted an automated approach to addresscleaningand
standardisation basedon national postal addressguidelinesand a comprehensie
national addressdatabase (G-NAF), and using a probabilistic hidden Markov
model (HMM) which can be trained without manual interaction. Standardising
addresseds not only an important rst step before addressdata can be loaded
into databasesor data warehouses,or be used for data mining, but it is also
necessarybefore addressdata can be linked or integrated with other data.

There are still variousimprovemerts possibleto our system.Currently corner
addressesare implicitly supported, but explicitly creating HMM states such as
a secondstreet name and type is a more complete solution. Characters suc as
dash, brackets, commas, etc. are currently processedin the cleaning step, but
handling them in the HMM could improve accuracy Other minor improvemens
include training the HMM using corrected G-NAF data, and ways to minimise
the number and size of manual tweaksto the HMM. The look-up tables corntain
somecommontypographical error correction data, drawn from manually created
lists. It should be possibleto build far more comprehensi lists automatically by
matching betweenthe G-NAF addressdata and correctly standardisedexample
addressesijn order to nd typographical variations.

Each distinct tag sequencegiven to the HMM will always have the same
output statesand Viterbi probability. This can be usedto advantage by caching
the set of input tags and the resulting probability during execution. Since up
to 90% of addressesn somedata sets have the sameoutput elds, it is highly
likely that there will be a considerablenumber of addresseswith the sametag
sequence.Theseredundant calculations can be eliminated by cheding the tag
sequenceagainst a cacthe of sequenceslf found in the cade, directly return the
probabilit y, otherwisethe sequencewill be run through the HMM and the result-
ing probability and input tags will be added to the cace. Using the (F&L T)
variation, addressescan have dozensof possibletag sequencesthus the cading
of results should give considerableperformanceimprovemerts.

While deweloped with and using Australian addressdata, our approac can
easilybemodi ed to other courtries, or even other domains(for examplesnames,
medical data, etc.) as long as standardisation guidelines and a comprehensie
databasewith standardisedrecordsare available.
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