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Abstract

Detecting outlier in spatial database is important
for many KDD applications. Existing works in outlier
detection don't distinguish between spatial dimension and
non-spatial dimension or have poor efficiency. In this
paper, we proposed a new measure to identify spatial
outliers. We defined spatial outlier factor (SOF) to detect
spatial outliers efficiently, and proposed a algorithm
(SOFind) to identify them. SOF can successfully identify
significant outliers and filtrate some meaningless outliers
but can't do it by other methods. The experimental results

show that our approach is effective and efficient.

1. Introduction

This paper focuses on spatial outliers in spatial
database, i.e., observations that appear to be inconsistent
with their neighborhoods in spatial database. Detecting
outliers 1s useful of

spatial in many applications

geographic information systems and spatial databases [1,2].

These application domains include transportation, ecology,
public safety, public health, climatology, and location
based services.

Existing works in outlier detection usually don’t
constitute the distinction between spatial dimensionality
and no-spatial dimensionality, but spatial attribute is
different from the other attribute in complexity of spatial
data types, spatial relationships, and spatial autocorrelation
etc.

Recently, Shekhar and Lu presented a new approach
[3.4] to detect spatial outlier, which capture spatial

attribute. However, there are several shortcomings. First,

0-7695-2244-0/04 $20.00 © 2004 IEEE
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the approach of using a statistical test is useful for
discovering global outliers but may not be able to discover
local outliers, which are likely to be of more interest.
this
attributes fit multivariate normal distribution, which is not

Second, approach supposes multidimensional
always tenable.

In this paper, we make the best of spatial information.
We defined a new measure, spatial outlier factor (SOF), to
detect spatial outlier, and proposed an algorithm (SOFind)
to identify it. We analyzed it computational costs, and
demonstrated the effectiveness and the efficiency in

experiment.

2. The measure of spatial outlier

In this section, we develop a formal definition of
spatial outlier, which avoids the shortcomings presented in
the Section 1. The key difference between our notion and
existing notions of outliers is that we define outlier in
impact neighborhood. We assign to each object an outlier
factor, which is the degree that the object is being
deviating as like LOF presented by Breunig [5]. However,
exhibits
heteroscedasticity, so there are key different between

spatial  data spatial autocorrelation and
them.

Given a reflexive and symmetric spatial relation R, we
can define impact neighborhoods of a location p as follows
[6]:

Definition 1: Impact Neighborhood of p, denoted as
IN(p), 1s a set of locations P ={p, , ..., p;} such that p, is a
neighbor of p, i.e. (p, p)) ER(V i Ek).

Definition 2: Let P€ R™™" | i.e., for any location p€ P, p




have m spatial attributes and p have »n non-spatial attributes.

Let p, ¢ € P, The Attribute Distance between p and g,
denoted as A4 Dist(p, g), is a distance function between p
and g in the n dimensional Euclidean space.

Note that A _Dist(p, ¢) is not a distance between p and
g in spatial attribute dimension, but in non-spatial attribute
dimensions.

Definition 3: The Local Density of p is defined as
LD(p)=[IN(p)|/ »_A_Dist(p,0)
o= IN(p)

A Dist(p, o) is a distance between p and o in n
dimensional non-spatial attribute Euclidean space. [IN(p)|
represents cardinality of Impact Neighborhood of p, i.e.,
the number of location in neighborhood of p. Intuitively,
the Local Density of an object p is the inverse of the
average distance based on the neighbors of p.

Definition 4: The Spatial Outlier Factor is defined as

SOF(p)= ) (LD(0)/LD(p)) /[IN(p)|

0cIN(p)

The spatial outlier factor (SOF) of spatial object p
represents the degree that outlier is deviating its neighbors.
It is the average of the ratio of the local density of p and
those of p’s neighbors. It is easy to see that the lower p's
local density is, and the higher the local densities of p's
neighbors are, the higher is the SOF value of p.

Resembling the formula of LOF, value of SOF
increases as the deviation degree of outlier increases for an
object. We can derive a lemma that is similar to the one
exhibited in [3] for LOF to show the correctness of SOF
for clustered points. Similar to [5], we assume inside the
cluster, the maximum distance between neighbors and
minimum distance between neighbors are very close in
values. Then objects deep inside clusters have values of
SOF approximately equal to 1.

Lemma 1:

Let C be a set of objects forming a cluster,
Min_A_Dist = min {A_dist (p, q) |p,q € C},
Max_A Dist=max {A dist(p,q)|p,q € C},

6=Min_A Dist/Max_A Dist,

Assume 6 is close to 1. Let p€ C be an object

embedded C. Then SOF(p) is
approximately 1.

inside the cluster

Proof:(Because of restriction of the layout, we Have
omitted the course of proving)

557

3. Algorithm of detecting outlier and
computational complexity

In this section, we provide a computationally efficient
algorithm for detecting outliers and then analyzing
computational complexity. Every point in spatial point set
P corresponds to a vector of attributes in A4, i.e., P; possess
attributes a;, a; € R (the ¢ dimensional Euclidean space).

Given the location set P correspond to 4, neighbor
relation R, For each spatial location p; € P, algorithm
questing the Impact Neighborhood IN(p;); For every
Impact Neighborhood, firstly it computes their local
density, then computes their SOF(P;). Finally algorithm
sorts the objects and reports the top-# outliers.

Spatial outlier detecting algorithm (SOFind):

Input:
® P={p,, p2, . . ., Pn} Is a set of spatial points;
® A={a,, a,, . . ., a,} is a set of attributes correspond to

the set of spatial points P;
® R is neighborhood relation;
® N is number of outliers

Output: outlier_set.

Method:

(1) for (i=1;1 <= [P[; i++){

2) pi = Get_one_locaction(i, P); /* Select each

location from P */

3) Find Neighbor Set(p;, R, P); /* Find neighbor of
p; from P, label it and compute number
of objects in neighborhood of p;. */

H

(4)for j =1;)<=|IN|; j++){ /* |IN] is number of

Impact Neighborhood */

(5) for (k = 1; k <= Numj; k++){

local density of every point in Impact

/* compute the

Neighborhood, Num; is number of the j-th

neighborhood*/
(6) for (m = 1; m <= Num;; m++){ /* compute
the summary of attribute distance
(7 Sum_ A Dist(k)= Sum_ A Dist(k) +
A _Dist(Py, Pp);
}
(8) LD(k) = (Numy / Sum_ A _Dist(k)); /*

compute the Local Density of p,
9) Sum_ LD(j) = Sum_ LD(j) + LD(k);



}
(10)  for(n=1; n<= Numj; n++){
(11)  SOF(p;) = (Sum_ LD() / Num;)/LD(P;);
(12)  if (SOF(p;) in Top 5) Add_Element(outlier_set, P; );
/* Add the element to outhier_set
}
}

The algorithm time complexity can divide two

partitions, one is the time in partitioning Impact
Neighborhood, and the other is computing SOF. The time
complexity of computing Impact Neighborhood is then
based on that

neighborhood query, there are two choices. We can use a

of neighborhood query. For the

grid-based approach, which processes neighborhood query
in constant time if the grid directory resides in memory,
leading to a complexity of O(n). If an index structure (e.g.
R-tree) exists for the spatial data set, spatial index can be
which has
complexity of O(logn), leading to a complexity of

used to process neighborhood query,
O(nlogn). Suppose spatial database was divided & Impact

Neighborhoods, so number of Impact
Neighborhood is n/. The computation of SOF costs
O(k*(n/k)’), ie., O@/k). In
computational cost of the algorithm 1s O(n) + O(n’/k) for
grid-based structure, i.e., O(n’/k), or O(nlogn) + O(n’/k)

for index-based structure.

average

summary, the total

4. Experiments

The criteria evaluating outlier detection approaches can
be divided into two parts: effectiveness and efficiency.
First, we use artificial data to explain effectiveness of our
approach. Second, we use real-world spatial data to verify
the effectiveness. Experiments show that our ideas can be
used to successfully identify significant outliers and filtrate
some meaningless outlier but cannot done by other
methods (for example: LOF). Last, we use large numbers
of environmental data to test, which display our approach
1s efficient. Because of restriction of the layout, we only
present the second experiment.

The real-word database was used in the second
experiment. We computed the local outliers for the

database of environmental noise monitor information from

the Environmental Information Center of the Environment

Protection Bureau in Fujian province. The database

contains lots of records and many fields. For simplifying
experiment we only select 286 recorders and keep six
fields in one-day record on November 12, 2000. These
fields are code of monitor station, grid number (represents
geo-spatial location), and monitor values (Leq, L10, L50,
and 190. These are noise descriptors, which represent
average noise level, noise levels exceeded 10%, noise
levels exceeded 50% and noise levels exceeded 90% of the
time respectively).

We use three approaches to detect outlier by SOF, LOF
[5], and SLZ [3, 4]. We referred to the method that
proposed by Shekhar, Lu and Zhang as SLZ. Detecting
results display in Table 1, Table 2, and Table 3.

Table 1. Outliers detected by SOF

The code of Grid Leq | L10 | L50 | L9O
monitor station | number
3501267 268 56.7| 59 | 54 | 52
3501072 19 706 74 | 68 | 65
3501144 84 69.1| 71 69 | 55
3501143 83 65.9| 69 | 62 | 60
3501004 117 59.1| 61 56 | 53
3501213 255 77 | 68 | 61 57
Table 2. Outliers detected by LOF
The code of Grid Leq | L10 | LSO | LSO
monitor station| number
3501144 84 69.1| 71 69 | 55
3501072 19 706 74 | 68 | 65
3501231 245 60 | 68 | 59 | 61
3501267 268 56.7| 59 | 54 | 52
3501244 8 70 | 55 | 43 | 65

Table 3.  Outliers detected by SLZ

The code of Grid Leg | L10 | L50 | LSO
monitor station| number

3501144 84 69.1| 71 | 69 | 55

3501267 268 56.7| 59 | 54 | 52
3501072 19 70.6| 74 | 68 | 65
3501213 255 77 | 68 | 61 | 57
3501143 83 65.9| 69 | 62 | 60
3501004 117 59.1| 61 | 56 | 53

We computed the LOF values in the MinPts range of
20 to 30. Below we discuss all the local outliers with LOF
> 1.5. SLZ detected the top six outliers at a confidence
interval of 95 percent. According these outliers we look up

relative datum and consult these with domain specialist.




The six outliers detected by SOF are all correct and have
actual meaning in environmental noise monitor, and SLZ
does the same, but LOF identified two incorrect outliers
(3501231, 3501244) and SLZ run more computational cost.
These displayed in Table 4. Computational cost, which
contains CPU and I/O, was compared in the table 5. All
conducted on a Pentium-4-2.2G

experiments were

machine with 256 MB of RAM and running Windows XP

professional.

Table 4. Performance comprise with SOF, LOF, and SLZ

Numberof outliers| Correctness |Cost (sec)

SOF 6 100% 4.5
LOE 5 60% 49
SLZ 6 100% 6.1

For comparing computational cost, we used one-week,
one-month, six-month, and one-year recorders of the
environmental noise database, which contains 2002, 8580,
52052 and 104390 recorders respectively. An R-tree
indexing structure is provided for speeding up the
neighbor queries. R-tree is chosen because it is an index
query
high-dimensional data. Their performance comprised as

structure  for  efficient processing  of

Figure 1. We can see that SOF scheme have better time
cost than the other.
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Figure 1. Execution time of LOF, SLZ
and SOF for the environmental noise

5. Conclusions

According explosive growth of spatial data and
widespread use of spatial databases, finding spatial outliers

is an important task for many KDD applications. Existing

work in outlier detection doesn’t constitute the distinction
between spatial dimension and no-spatial dimension,
which causes outliers are missed or detecting meaningless
outliers. We introduce the notion of the spatial outlier

factor (SOF), which effectively meaningful identify

outliers. Experimental results display that our scheme is

effectiveness and efficiency. Contributions as follows:

® A measure for identifying the degree of each object
being an outlier is presented, which is called SOF.
This measure captures both spatial autocorrelation and
spatial heteroscedasticity, so it can identify more
meaningful local spatial outlier.

® We present an efficient algorithm for mining spatial
local outliers, which based on our measure.

® We analyze that this approach is more effective and
efficient than previous approaches, and experimental
results show it is true.
For future work, we will integrate the SOFind

algorithm more tightly with Impact Neighborhood query to

make the detecting process more efficient.
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Dual Grid Approach to Implementing Spatial Databases

LI Li-yan, QIN Xiao-lin

(College of Information Science and Technology ,

Nanjing University of Aeronautics & Astronautics, Nanjing,210016,China)

Abstract ;: Dual grids are an approach to expressing spatial objects based on discrete geometry. Different

with a realm using integer coordinate system, the dual grids adopt finite precision rational coordinate

system. This paper analyzes the difference between the two approaches based on the realm and dual

grids, and compares their effects on spatial topological correctness. The implementation methods for

spatial management subsystem based on the dual grids and main memory techniques are discussed. The

integration technology for spatial management subsystem and PostgreSQL is presented, and a spatial

analysis DBMS, SADBS I , based on dual grid is implemented. The system can manage spatial and non-

spatial data effectively, and has all spatial analysis functions defined in ROSE algebra. .
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