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Abstract

We proposea measure, Spatial Local Outlier Measure
(SLOM) which captures the local behaviourof datum in
their spatial neighborhood. With the help of SLOM we
are able to discern local spatial outliers which are usu-
ally missedby global techniqueslike “thr ee standard de-
viationsaway from the mean”. Furthermore the measure
takes into accountthe local stability around a data point
and supressesthe reporting of outliers in highly unstable
areas,where data is too heterogeneousand the notion of
outliers is not meaningful.We prove several propertiesof
SLOM and report experimentson syntheticand real data
setswhich showthat our approach is novel andscalableto
largedatasets.

1 Intr oduction and RelatedWork

Of all the data mining techniques,outlier detection
seemsclosestto thede�nition of “discoveringnuggetsof in-
formation” in largedatabases.Whenanoutlier is detected,
anddeterminedto begenuine,it canprovideinsightswhich
can radically changeour understandingof the underlying
process.We givea historicalexampleof how thediscovery
of outliers led to a betterunderstandingandpredictionof
globalweatherpatternsknown asEl NiñoandLa Niña.

In theearly1900s,Sir GilbertWalker, aBritish meterol-
ogistdiscoveredthatextremevariationsin surfacepressure
overtheequatorcloseto Australiaarecorrelatedwith mon-
soonrainfall and drought in India and other partsof the
world. This variation is capturedin a measure, which is
now calledtheSouthernOsscillationIndex (SOI).TheSOI
is de�ned asthenormalizedsurfaceair pressuredifference
betweenthe islandsof Tahiti and Darwin, Australia. As
shown in theuppergraphin Figure 1(Reprintedfrom [6]),
whenthe SOI index attainsoutlier values,i.e., when it is
two or morestandarddeviationsaway from the mean,the
seasurfacetemperatureover the Paci�c Oceanalso rises

and falls sharply(lower graph). Thusa SOI of two stan-
darddeviationsbelow themeancorrespondsto arisein sur-
facetemperatureand is known asEl Niño. The opposite
phenomenon,i.e.,whenSOI is two or morestandarddevia-
tionsabovethemeanwhichcorrespondsto a fall in surface
temperatureis known asLa Niña. Noticehow in 1998the
seasurfacetemperaturereachedmorethan3 degreesabove
normalandthatwasoneof mostdramaticEl Niño yearsin
recordedhistory. Also noticethat therelationshipbetween
SOI andEl Niño is sharperthanthat betweenSOI andLa
Niña.

Figure 1. The relationship between the South­
ern Oscillation Index(SOI) and sea surface
temperature . High tempeature anomolies
correspond to El Niño and low to La Niña. The
relationship was disco vered by Sir Gilber t
Walker and clearl y sho ws how outlier detec­
tion can provide penetrating insights about
the underl ying phenomenon, global weather
patterns in this case [6]



Thusanautomatedor partially-automatedsystemof out-
lier detectioncan serve as a trigger for unlocking secrets
abouttheunderlyingprocesswhichhasgeneratedthedata.

Theclassicde�nition of anoutlier is dueto Hawkins [2]
whode�nes”anoutlier is anobservationwhich deviatesso
much fromotherobservationsasto arousesuspicionsthatit
wasgeneratedbya diferrentmechanism.” Severaldifferent
approacheshasbeentaken in order to operationalizethis
de�nition. For example,it is standardto usevariationsof
theChebyshev's inequality,
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where
�

and
�

arethemeanandvarianceof a randomvari-
able

�

which modelsthe underlyingmechanism.When
additional information is available, like the distributional
assumptionof

�

, this inequality can be sharpened.For
example,when

�

follows a normaldistribution, it canbe
shownthat99.7%of thedataliesbetweenthreestandardde-
viations,asopposedto 88.8%givenby thegeneralCheby-
shev's inequality.

Knorr andNg [3] werethe�rst to proposethede�nition
of distance-basedoutlier, which was free of any distribu-
tional assumptionsandwasreadily generalizableto multi-
dimensionaldataset.They gave thefollowing de�nition of
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outlier: “Anobjecto in a datasetT is a DB(p,D)-
outlier if at least fraction

�

of the objectsin � lie at a
greaterdistancethanD fromo.”

The authorsproved that this de�nition generalizedthe
folk de�nition of outliers ”three standarddeviationsaway
from themean”.For example,if thedatasetT is generated
from anormaldistribution,with mean

�

andstandarddevi-
ation � , andt  T is suchthat !#"%$

&('*) , thent is a
����� �������

outlierwith
�,+.-0/ 1212323

and
�4+5-0/

�

)

� . Similarextensions
wereshown for otherwell-known distributionincludingthe
Possion.

For spatial data, both statistical and data mining ap-
proacheshaveto bemodi�ed becauseof thequalitativedif-
ferencebetweenspatialandnon-spatialdimensions.Theat-
tributeswhichcomprisethenon-spatialdimensionsintrinsi-
cally characterizethedatawhile thespatialdimensionspro-
vide a locationalindex to the objectandarenot instrinsic
to theobject. However, thephysicalneighborhoodplaysa
veryimportantrole in analysisof spatialdata.For example,
in Figure 2 thedatavalue

3

indexedat location
�630�

�

�

is an
outlier however thesamevalue

3

indexedat
�

)

��37�

is not an
outlier.

Shekharet al. [7] proposedthe following de�nition of
spatialoutlier: “A spatial outlier is a spatially referenced
objectwhosenon-spatialattribute valuesare signi�cantly
different fromthoseof otherspatiallyreferencedobjectsin
its spatialneighborhood.”

A spatialneighborhoodmaybede�ned basedon spatial
attributes,e.g.,location,usingspatialrelationshipssuchas

distanceor adjacency. Comparisonsbetweenspatiallyref-
erencedobjectsarebasedonnon-spatialattributes.

Therearetwo typesof spatialoutlier: multi-dimensional
space-basedoutliers and graph-basedoutliers. The only
differencebetweenthem is that they usedifferent spatial
neighborhoodde�nitions. Multi-dimensionalspace-based
outliersuseEuclideandistancesto de�ne spatialneighbor-
hoods,while graph-basedoutliersusegraphconnectivity.

Thusgiven a function 8 de�ned on a spatialgrid 9 , a
naturalapproachis to transform 8 into : suchthat :
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, where M

�6;<�

is the spatial
neighborhoodof

;

. Now, a Chebyshev inequality like ap-
proach,canbeundertakenin orderto identify thosepoints

;

whicharecandidateoutliers.Indeedthis is thestateof the
art [9, 8, 4, 5].

However theapproachof usinga statisticaltestis useful
for discoveringglobal outliersbut may not be ableto dis-
cover local outlierswhich arelikely to beof moreinterest.
For example,againconsiderthedatavalue

3

indexedat lo-
cation

�630�

�

�

in Figure 2. Clearlythispoint is a localoutlier
as it is forms a local maximain its neigborhoodhowever
thevalue

3

is not a globaloutlier in thesensethatevenaf-
ter transformationit still is within threestandarddeviations
from themean.

Thusclearlyanapproachis neededwhichcanef�ciently
capturespatial local outliers. In fact our methodwill go
further andassociatea SLOM scorewith eachdatapoint.
TheSLOM de�nesthe“degreeof outlierness”of eachpoint
verymuchalongthelinesproposedby Breuniget. al. [1].
However besidesthequalitative differencebetweenspatial
andnon-spatialattributes,spatialdataexhibits spatialauto-
correlation(non-independence)andheteroscedasticity(non-
constantvariance)both of which must be factoredinto
SLOM.

1.1 ProblemDe�nition

Given: A large spatial databasewith multi-dimensional
non-spatialattributes.
Design:A measurewhichassignsa “degreeof outlierness”
to eachelementin thedatabase.

Constraints:
Spatial autocorrelation : Thevalueof eachelementin the
databaseis affectedby its spatialneighbors.
Spatial Heteroscedasticity: Thevarianceof thedatais not
uniformandis a functionof thespatiallocation.

Togetherthesetwo constraintsimply that theIID (Iden-
tical and IndependentDistribution) assumptioncannotbe
assumedto hold in thecontext of spatialdata.
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Figure 2. Original data matrix

1.2 Key Insights and Contrib utions

� The�rst insightwhichguidesourapproachcanbede-
scribedwith the help of an example. Considerthe
cell with value

3

indexed at location
�630�

�

�

in Figure
2. Clearly in the local neighborhood,

3

is an outlier.
An obviousway to capturetherelationshipbetweena
point andits neighborsis to de�ne a measure

�
�6;<�

for
eachpoint

;

as

�
�6;<�
+ �
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M
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where
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�6; �6�%�

is a de�nition of (euclidean)distance
betweenthe non-spatialcomponentsof

;

and
�

and
M

�6;<�

aretheneighboringpointsof
;

.

In Figure 2, thevalueof
�

�6;<�

is
3

for object
;

located
at

�630�

�

�

. However, for a point
�

in theneighborhood
of

;

, which is not an outlier, the in�uence of
;

can
overwhelm

�

's relationshipwith its other neighbors.
In orderto factorout the effect of

;

on
�

, a modi�ed
measure,	

�
�6;<�

is de�ned asfollows.

First, de�ne 
���


�
�6;<� +
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��
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 *M
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asthemaximumnon-spatialdistancebetween
;

andits
neighbors.Thende�ne
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Now notice that for the point
3

(location (8,1))
in Figure 2, 	

�
�6;<� +

�
�6;<�

but for points in the

5 units

(a)

1 unit

5 units

0
(b)

0

Figure 3. Both (a) and (b) have the same 	

�

value however the the � values in (a) is higher
than (b) because of the instability around (b)

neighborhoodof this point:
- +

	

�
� �%���
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� .

Thus the advantageof using 	

�
�6;<�

insteadof
�

�6;<�

is
that if

;

is an outlier, then 	

�

suppressesthe effect of
;

in its neighborhoodor in otherwordsstretchesthe
differencebetweenanoutlierandits neighbors.

Thus 	

�

stretchesthe differ encebetweenan outlier
and its neighborscomparedto

�

.

Thede�nition of 	

�

is similar to thatof trimmedmean,
wherea certainpercentageof the largestand small-
est valuesaroundthe meanare removed [10]. The
trimmedmeanis lesssensitive to outlierslike theme-
dianbut retainssomeof theaveragingbehavior of the
mean.

� The secondinsight that underpinsour approachis
that outlierswhich are in unstableareasshouldhave
lower precedencethanoutliersin stableareas.Stabil-
ity aroundapoint

;

canbecapturedusingthevariance,
however we have useda statisticwhich canbe deter-
ministically bounded.In particularwe have de�ned a
statistic � which capturesthe net oscillationwith re-
spectto theaveragevaluearound

;

(detailsin Section
2). For example,Figure 3 shows theplot of 	

�

around
thepoint

;

. For both the �gures 	

�
�6;<�

is the samebut
�

�6;<�

in Figure 3(a)is higherthanFigure 3(b).

� Another novel contribution of our work is related
to systemintegration. All the spatial data remain
databasein-situ. We managethis by exploiting the
growing list of spatialfeaturesthat arenow standard
featuresin commercialdatabasesystemssuchasOr-
acle9i. In particular, we use R-treesto accessthe
databaseandspatialsql to retrieve databasedon spa-
tial relationships.

Therestof thepaperis asfollows. In Section2,weintro-
duceaseriesof de�nitions whichwill culminatein thede�-
nition of theSpatialLocalOutlierMeasure(SLOM).Along
thewaywewill explainhow eachcomponentof SLOM ad-
dressspatialautocorrelationandheteroscedasticity. In Sec-



tion 3, we analyzethe complexity of our methodandde-
scribetwo databasestrategiesto ef�ciently interactwith the
databasein orderto reducetheI/O overhead.In Section4,
we reportthe resultsof our experimentson synthethicand
real datasets. In Section5, we concludewith a summary
anddirectionsfor futurework.

2 De�nitions

We now formally de�ne SLOM andproveseveralprop-
erties.Recallthatourobjectiveis to designameasurewhich
cancaptureboth spatialautocorrelationandheteroscedas-
ticity (non-constantvariance). We have alreadyde�ned 	

�

in Section1 which factorsout theeffect of spatialautocor-
relationandnow de�ne � which penalizesfor oscillating
behavior arounda potentialoutlier.

For an object
;

, we can de�ne its SLOM value as
�

������� �
	

�

�

� �
	

�

�

� �
	

@ ACBEDGFH@ , just like themethodusedin [1]. However, this
de�nition hastwo drawbacks.

1. First,oneextreme(small)valueof 	

�
� �%�

will resultin a
very large 9������ valueof anobject

;

.

2. Second,it is possiblethat the value of 	

�
� �%�

is zero,
whichwill make thevalueof 9������

+��

.

We begin by quantifyingtheaverageof a
	

�

in its neigh-
borhood.

� Let M��

�6;<�

denotethesetof all theobjectsin
;

'sneigh-

borhoodand
;

itself and ���2:

�

M��

�6;<�G�
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� Oscillatingparameter�
�6;<�

:
For an object

;

, if it has large value for 	

�
�6;<�

and
small 	

�

value in
;

's neighborhoodthen this means
it is a good candidatefor an outlier. On the other
handeven thoughit may have the largestvaluein its
neighborhood,if all neighborsalsohave largevalues,
this meansthat

;

inhabits an unstable(oscillating)
area,soit is a poorcandidatefor anoutlier. We de�ne
a parameter�

�6;<�

, which can capturethe oscillation
of an area, which intuitively is the net number of
times the valuesaround

;

are biggeror smallerthan
���2:

�

M��

�6;<�G�

. We calculate�

�6;<�

using the following
pseudo-code.

1. �

�6;<�! -

2. For each
�

 M��
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if 	
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elseif 	
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3. Endfor
4. �
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While steponeto four areself-explanatory, weexplain
step5 and6. Thereare two reasonswhy we divide

�

�6;<�

by
�

M��

�6;<� �#�21

in step5. First,weneedto correct
for boundarytermswherethenumberof neighborsis
fewer thanthat in the interior. Thesecondmotivation
is that for a local region like that in Figure 2 where
the datavalue8 at location

; + �630�

�

�

is surrounded
by constantvalues,�

�6;<�C+

� , thehighestvalue � can
assume.

However, if we have stoppedat step5 then � cannot
distinguishbetweenthetwo casesshown in Figure 3.
In orderto dothatwedivide �

�6;<�

by �

"

���2: � 	

�
� �%� � �

 

M

�6;<���

. This allows usto penalizethesituationwhere
largevaluesof 	

�

exist aroundthepoint
;

. However in
orderto boundthistermwehaveto normalizetheorig-
inal datasothatthemaximumvaluethatdenominator
canassumeis �

"�3
�

, where
�

is thedimensionality
of thenon-spatialattributes. Thusin Figure 3(a)and
(b) the � valuesare1 and0.5respectively.

� We arereadyto de�ne SLOM. For a point
;

,

9������

�6;<�
+

	

�
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�
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A highvalueof SLOM indicatesthatthepoint is good
candidatefor anoutlier. The 	

�

termis analogousto the
expectationof the �rst derivative of a smoothrandom
variable,while the � termis analogousto thestandard
deviation of the �rst derivative of a smoothrandom
variable.

Lemma 1 For all
;
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where
�

is thedimensionalityof thenon-spatialattributes.

Proof: After step4 of computing�

�6;<�

, themaximumvalue
of �

�6;<�

is
�

M��

�6;<� � �71

. Thishappenswhen 	

�
� �%�

is theonly
valuethatis greaterthan(or smallerthan) ���2:

�

M8�

�6;<�G�

. The
minimum valueof �

�6;<�

is 0. After step5, the maximum
valueof �

�6;<�

becomes1, andtheminimumvaluebecomes
?
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M

�6;<���

is
3

�

andtheminimumvalueis 0. So,afterstep6,
themaximumvalueof �

�6;<�

becomes1,andminimumvalue
becomes

?
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Lemma 2 For all
;
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SLOM(o)
�

3 �

.



Proof: The value of 	

�
�6;<�

is between0 and
3 �

, and
the value of �

�6;<�

is between
?
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is theproductof 	

�
�6;<�

and�

�6;<�

, soits valuemust
bebetween0 and

3 �

3 Complexity Analysis

For distance-basedoutlierdetection[3] thekey stepis a
methodto searchfor nearestneighbors.Thissearchmustbe
performedonthecompletedatasetandis thecomputational
bottleneck,especiallyin high-dimensionalspace.

However, for spatial outlier detection the neighbor-
hoodis de�ned by it spatialinformation,which is usually
boundedby threedimensions.Here we canusea spatial
R-treeindex in orderto performthisstepef�ciently .

Giventhatwehave M objectsandeachobjecthasamax-
imumof




spatialneighbors(

 ��3

for a2D grid), thecalcu-
lation of SLOM for thefull datasetinvolvesthe following
steps.

1. The �rst stepis to normalizethe nonspatialattributes
to between�

-0�

��� . Herewe cantake advantageof the
summarystatistics(min, max, avg) that arestoredin
thedatabasecatalog.Thusthisstepcanbedonein one
databasepassand the computationalcost is �

�

M

�
�

,
where

�

is thenumberof non-spatialdimensions.

2. To compute 	

�
�6;<�

we needto �nd the spatialneigh-
borsof eachobjectandcalculatethedistancebetween
them.Thecostof asinglek-NN queryusinganR-tree
is �

� 
��6;

:�M

�

and the cost of computingthe nonspa-
tial distanceis �

� 

�

�

. Thus the cost of this stepis
�

�

M


��6;

:�M

" 

�

M

�

.

3. After the computationof 	

�
�6;<�

, we needto compute
�

�6;<�

. This involvesanotherround of nearestneigh-
bor queriesfollowed by a summationto computethe
neighborhoodaverageof 	

�
�6;<�

. Thecostof this stepis
thus �

�

M


��6;

:�M

"
�

M

�

.

4. To computethe SLOM we multiply the 	

�

and � for
eachobject.Thecostis �

�

M

�

.

5. Finally we sort the objectsby SLOM and report the
top-noutliersfor which thecostis �

�

M

�6;

:�M

�

.

6. Thus the �nal cost of the whole operation is
�

�

M


��6;

:�M

" 

�

M

�

.

While thespatialdimensionalityis boundedby three,the
spatialpart of the datasetcanbe quite large andcompli-
cated,especiallyif thespatialobjectsarecomplex polygons
(like theboundariesof countries).Even thoughtheR-tree
index canspeedup the processingof the nearestneighbor
search,�nding the




nearestneighborsis still a very time
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Figure 4. The matrix of the values of 	

�

consumingtask.We have two optionsin orderto avoid ac-
cessingtheoriginalspatialdatatwice(steps2 and3 above).

The�rst optionis thatwe storetheneighborhoodinfor-
mationin mainmemorywhenwe compute 	

�

. Then,when
computing�

�

�

�

wecanaccessthisinformationfrom mem-
ory ratherthanthedatabase.Theprerequisitefor this is that
the main memoryshouldbe large enoughto hold all rele-
vantinformation.

Thesecondoptionis thatwe useanR-treeindex to gen-
eratetheneighborhoodinformationandstoreit into a table
beforehand.Whencomputing 	

�

and � , we visit this table
insteadof theoriginal tablethatstoresthespatialinforma-
tion. Sincespatialdataenjoysslow updatesthis is averyat-
tractiveoptionandcanresultin hugesavingsin therunning
time aswe canamortizethecostof creatingtheneighbor-
hoodtableoversubsequentk-NN queries.

4 Experiments,Resultsand Analysis

We have carriedout detailedexperimentson synthetic
andrealdatasetsin orderto

1. TestwhetherSLOM canpick up local outliersandsu-
pressthereportingof globaloutliers in unstableareas.
Intuitively a point is a globaloutlier, if its determina-
tion, that it is an outlier, dependsupona comparison
with all otherpointsin thedataset. A point is classi-
�ed asa local outlier if its determinationis basedon a
comparsionwith pointsin its neighborhood.

2. Comparethe SLOM approachwith the the family of



Position(SLZ method) g(x) value(SLZ method) Position(ourmethod) SLOM value
(0,7) 24.0 (0,5) 0.4277
(0,5) 23.6 (2,5) 0.2479
(6,4) -23.0 (0,7) 0.2061
(9,4) 22.6 (8,1) 0.1739
(3,9) -22.0 (3,9) 0.1727

Table 1. Outlier s found by diff erent method on the same dataset
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0.0 0.17 0.0 0.02 0.03 0.02 0.01 0.02 0.09 0.03

0.0 0.0 0.0 0.02 0.10 0.02 0.02 0.02 0.05 0.12

Figure 5. The SLOM matrix
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Figure 6. Result from the SLZ method

methodsto discoverspatialoutliersproposedin [9, 8,
4].

3. Testhow therunningtimechangesaswevarythenum-
berof nearestneighborsusedin theexperiments.

Oneof thestrengthsof our approachis that thedataal-
waysremainsdatabasein-situ, i.e.,weneverhaveto extract
thedatafrom thedatabaseinto a�at �le in orderto carryout
thedatamining exercise.In particularall thespatialk-NN
queriesarecarriedout insidethedatabase.

We accomplishthis usingthesetof spatialfeaturesthat
are increasinglybecominga standardcomponentin com-
mercial andopensourceDBMS like OracleandPostgres
respectively. In particularthesesystemsprovide an R-tree
structureto index spatialdataandalsosupportextensions
of SQL to formulatequerieswhich involvespatialrelation-
ships.We usedOracle9ito storeall spatialandnon-spatial
data.

In our experiments,all thespatialobjectsarepolygons.
For an object

;

, all the spatialobjectsthat directly touch
its boundariesarede�ned to be its neighbors.We usethe
following SQL statementto generatetheneighborhoodin-
formation:

select a.id,b.id
fr om spatiala,spatialb

where sdo relate(a.geom,b.geom,
'mask=touchquerytype=window')=' true'

In thetablespatial , ������� is aspecialcolumnthat
storesthe boundaryinformation of eachobject, and a R-
treeindex is createdon it to speedup theprocessingof this
query.

If the spatialobjectsare points, and the neighborhood
is de�ned to be the




nearestneighbors,then the follow-
ing SQLstatementcanbeuseto generatetheneighborhood
information.

select a.id,b.id
fr om spatiala,spatialb

where sdo nn(a.geom,b.geom,'sdo num res=k')='true'

4.1 Result on a SyntheticDataset

We have createda syntheticdataset consistingof one
non-spatialattribute in order to explain and compareour
methodwith theprototypemethodproposedin [8, 9, 5]. We



CountyName SLOM value Area Pop.den. Neighbor area Pop.den.
Yukon-Koyukuk,AK 0.2896 157094.25 0.05 BethelCensusArea,AK 41080.34 0.33

WadeHampton,AK 17121.14 0.34
SoutheastFairbanks,AK 25989.64 0.23
FairbanksNorthS.B.,AK 7361.16 10.56
Matanuska-SusitnaB.,AK 24689.41 1.61
NomeCensusArea,AK 23008.59 0.36
North SlopeB.,AK 87845.38 0.07
NorthwestArctic B.,AK 35856.31 0.17

Philadelphia,PA 0.1884 135.11 11735.78 Burlington,NJ 804.63 490.99
Delaware,PA 184.19 2973.23
Montgomery,PA 483.06 1403.78
Bucks,PA 607.54 890.76
Camden,NJ 222.29 2261.98
Gloucester,NJ 324.81 708.36

Suffolk,MA 0.1831 58.51 11347.16 Essex,MA 497.98 1345.59
Norfolk,MA 399.54 1542.01
Middlesex,MA 823.40 1698.40

Bronx,NY 0.1633 42.02 28645.75 Bergen,NJ 234.16 3524.80
Nassau,NY 286.72 4489.89
New York,NY 28.37 52428.34
Westchester,NY 432.81 2021.36
Queens,NY 109.38 17842.16

NorthwestA. B.,AK 0.1489 35856.31 .17 NomeCensusArea,AK 23008.59 0.36
Yukon-Koyukuk,AK 157094.25 0.05
North SlopeB.,AK 87845.38 0.07

Table 2. Top �ve outlier s and their neighbor s

will refer to this methodasSLZ (Shekhar, Lu andZhang).
Thecoreideaof SLZ is thatgivena function 8 de�ned on
thespatialset 9 , theneighborhoodeffectcanbecapturedby
the transformation:
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. This is
followedby anapplicationof a statisticalteston : inspired
from Chebyshev's inequalityto determinetheoutliersof 8 .

Oursyntheticdatasetconsistsof onehundredspatialob-
jectsorganizedasa �

-��

�

-

matrix. We useda Gaussian
generatorto producethevaluesof non-spatialattribute,and
they are listed in Figure 2. The location of somevalues
weredeliberatelychangedso thatall thezerosappearedat
the lower-left cornerand an 8 showed up at the location
(8,1).

The top � ve outliers detectedby SLZ (at a con�dence
interval of 95 percent)and SLOM are listed in Table 1.
The 	

�

, SLOM andthe SLZ matricesareshown in Figures
4, 5 and 6 respectively. The objectslocatedat position
(0,7),(0,5)and(3,9)aremarkedasoutliersby bothmethods.
Thismeansthatthey arebothglobalandlocaloutliers.The
objectslocatedat position (6,4) and (9,4) arecapturedas
oneof thetop � ve outliersby SLZ but not by SLOM . This
meansthat they areglobaloutliersbut not local outliersas
they arelocatedin unstableareas.This canbe seenfrom

their SLOM valueswhich are0.06 and0.10. The objects
locatedat position(8,1) and(2,5) arecapturedasoutliers
by SLOM, but not SLZ. This meansthey arelocal but not
globaloutliers.Again theirSLOM valuesare0.17and0.25
respectively.

4.2 Result on a RealDataset

Therealdatasetthatwe haveusedis from theU.SCen-
susBureauandconsistsof spatialandnon-spatialinforma-
tion aboutall the countiesin the United States. In order
to make theresultseasilycomprehensiblewe haveselected
two non-spatialattributes:areaandpopulationdensity. The
informaton about the top � ve outliers countiesand their
neighborsis listedin Table2. Not surprisinglythetop5 out-
liersconsistof countieswhichhavelargeareasor largepop-
ulationdensities.However they aretruly localoutliers.For
example,theareaof theYukon-Koyukuk countyin Alaska
is almosttwice asbig astheareaof any of its neighboring
counties,and its populationdensity(except for the North
Slopecounty) is threetimessmaller. For urbanareasno-
tice thatPhiladelphiais more“outlierish” comparedto the
Bronx eventhoughit hasa biggerareaandsmallerpopula-
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Figure 7. The break­up of the total running
time into NN search and SLOM value calcu­
lation as a function of the number of nearest
neighbor s

tion densityagainbecauseits neighborhoodis relativemore
stable.

4.3 Break­upof the total running time

The total running time of our algorithm mainly con-
sistsof two part: the time to searchthe nearestneighbors
( M M 9�� �����

�

) andthe time to calculatetheSLOM values
( 9������ � �

�

�	�

�

�

� �
;�


). Thebreak-upis shown in Figure7
from which it is clearthatmostof therunningtime is con-
sumedby thenearestneighborsearch.

5 Summary and Future Work

We have proposeda new measure“Spatial Local Out-
lier Measure”(SLOM)which capturesbothspatialautocor-
relation and spatialheteroscedasticity(non-constantvari-
ance). The effects of spatialautocorrelationare factored
out by a new measure 	

�

which reducesthe effectsof out-
liers on its neighbors.The varianceof a neighborhoodis
capturedby �

�6;<�

whichquanti�estheoscillationandinsta-
bility of anareaaround

;

. Theuseof � , insteadof standard-
deviation, was motivatedby a desireto deterministically
bounda variance-likemeasure.We have comparedour ap-
proachwith the currentstate-of-the-artmethodsandhave
shown thatSLOM is sharperin detectinglocaloutliers.Lo-
caloutliersmaybemoreinterestingthanglobaloutliersbe-
causethey arelikely to be lessknown andthereforemore
surprising. Another novel featureof our approachis re-
lated to systemintegration. The spatialdatanever leaves

thedatabaseandweuseanR-treeindex to carryoutnearest
neighborqueriesdirectly in thedatabase.

For future work we would like to apply our methodto
largeclimatedatabasesanddiscoverpotentiallyusefulpat-
ternslike theSouthernOscillationIndex (SOI).
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