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Abstract. Spatial data classiﬁcation and extraction is a signiﬁcant problem to be resolved in data mining. The
classiﬁcation performance of existing techniques was not effectual to accurately mine the interesting spatial
data. Furthermore, the amount of time taken for classifying the spatial data location was very higher. In order to
resolve the above limitations, an Exponentiated Pareto based linear assorted classiﬁcation method is introduced
to reduce the incorrect classiﬁcation of spatial data. This paper begins with a discussion of traditional methods of
spatial data mining. The algorithm makes an association rule with spatial data objects. The technique conducts
the experimental works using metrics such as classiﬁcation accuracy, time complexity, space complexity and
false positive rate with respect to different number of data. The proposed approach takes the forest ﬁre dataset
and El Nino dataset as input and predicts the burned area of forest ﬁres and weather and climate conditions. The
experimental results show that the proposed technique is able to increase the classiﬁcation accuracy and reduce
the time complexity as well as space complexity and false positive rate of spatial data mining as compared to
state-of-the-art works.
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1. Introduction
Spatial data represents all kinds of data objects present in
geographical space. Spatial data is also called geospatial
data. Spatial data classiﬁcation depends on the analysis of
spatial objects associated with its spatial characteristics i.e.
areas of the region, roads, and ponds or rivers. Besides,
spatial data mining is the process of taking out implicit
knowledge, spatial relations that are stored in spatial databases. The number of spatial data that are presented in a
given database is sometimes very larger. Extracting valuable patterns from spatial datasets is more difﬁcult due to
the complexity of spatial data types, spatial relationships
and autocorrelation. Thus, the classiﬁcation and mining of
spatial data are very complex. A lot of research works have
been intended in conventional works to classify and mine
the spatial data.
The LogitBoost ensemble-based decision tree (LEDT)
method was designed in [1] for the spatial prediction of
tropical forest ﬁre vulnerability. However, the classiﬁcation
accuracy of this method was not enhanced. A hybrid
machine learning method called RSSCART was presented
*For correspondence

in [2] for spatial prediction of landslides. But, the time
complexity of spatial classiﬁcation was more. A multi-scale
spatial information fusion (MSIF) was introduced in [3] for
mining spatial data. The MSIF minimized the computational cost. But, the parallel version of the designed method
was not taken. A cognitive approach was introduced in [4]
with a mixture of knowledge-based systems, integration of
remote sensing image analyses, GIS analyses, shape
descriptor analyses,and artiﬁcial intelligence. An integration of contamination simulations and spatial event detection model was introduced in [5]. But, the classiﬁcation
accuracy was not enough. A spectral-spatial method was
presented in [6] with the application of a 3-D morphological proﬁle (3D-MP) for hyperspectral data classiﬁcation.
However, the time complexity of this method was more.
Extended Multi-Attribute Proﬁles (EMAPs) were introduced in [7] with the aim of taking out the spatial information. However, the computational complexity of EMAPs
was not reduced.
A Map-Reduce based approach was developed in [8] to
determine all co-location patterns from a spatial dataset and
handling a massive amount of spatial data. But, the accuracy of spatial data mining was poor. A novel algorithm
was introduced in [9] for identifying both co-location and
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segregation patterns and reducing the computational cost.
However, the number of data that are incorrectly extracted
was higher. An Incremental topological spatial association
rule mining and clustering were performed in [10] with
geographical datasets and probabilistic approaches. But, the
execution time taken for spatial association rule mining was
higher. However, the classiﬁcation performance of existing
works was not adequate due to the complexity of spatial
data types, spatial relationship, and spatial correlation. To
address the above mentioned existing issues in spatial data
classiﬁcation and mining, the Exponentiated Pareto Spatial
Distributive Linear Assorted Classiﬁcation (EPSDLAC)
Technique is developed in this research work.
The EPSDLAC Technique improves classiﬁcation
accuracy by optimizing the result of working with spatial
correlation information. Initially, EPSDLAC Technique
takes the spatial dataset i.e. forest ﬁres dataset as input.
Then, EPSDLAC Technique proposes an Exponentiated
Pareto Spatial Distribution Based Association Rules Mining (EPSD-ARM) algorithm that makes association rule
with the spatial data objects to improve the classiﬁcation
accuracy. After constructing the spatial association rules,
EPSDLAC Technique designs the Spatial Linear Assorted
Model with aiming at minimizing the incorrect classiﬁcation of spatial data. The Spatial Linear Assorted Model in
EPSDLAC Technique uses the spatial association rules to
classify each spatial data.
During the classiﬁcation process, the Spatial Linear
Assorted Model identiﬁes the relationship between the
spatial data and rules for efﬁcient classiﬁcation of spatial
data as a forest ﬁred region or non-forest ﬁred region. From
that, EPSDLAC Technique accurately predicts and extracts
the burned region of forest ﬁres with higher accuracy. The
main contributions of the EPSDLAC Technique are as
follows:
1) To enhance the performance of spatial data mining via
classiﬁcation as compared to state-of-the-art works,
EPSDLAC Technique is proposed. The EPSDLAC
Technique is introduced by integrating the Exponentiated Pareto Spatial Distribution Based Association Rules
Mining and Spatial Linear Assorted Model.
2) To improve the accuracy of spatial data classiﬁcation
with a lower time complexity as compared to existing
works, Exponentiated Pareto Spatial Distribution Based
Association Rules Mining is proposed in EPSDLAC
Technique. The spatial association rule is a rule that
represents a certain association relationship among a set
of spatial attributes for accurate classiﬁcation. Quality of
spatial association rules is computed by their support
and conﬁdence value. EPSDLAC technique not only
considers attributes of the object but also their spatial
relations.
3) To minimize the false positive rate of spatial data
categorization as compared to existing works, Spatial
Linear Assorted Model is proposed in EPSDLAC
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Technique. This model estimates the correlation
between the input spatial data and generated rules to
perform classiﬁcation with higher accuracy.
The rest of the paper is formulated as follows. Section 2
reveals the related works. In section 3, EPSDLAC Technique is explained with the aid of the architecture diagram.
In section 4, simulation settings are described and the
results are discussed in section 5. Section 6 provides the
conclusion of the study.

2. Related works
The Peano Count Tree (P-tree) structure was developed in
[11] to obtain association rules from spatial data. P-tree
offers a lossless and compressed illustration of spatial data.
The P-tree structure is a space-efﬁcient lossless data mining-ready structure for spatial data sets. But, spatial data
classiﬁcation accuracy was not at the required level. Random spatial-subspace clustering (RSSC) was presented in
[12] to diminish the computational cost. In RSSC, a subset
of data is segmented and overall solution is attained via
propagation. However, the false alarm rate of spatial data
extraction was more. A focal-test-based spatial decision
tree (FTSDT) was designed in [13] to decrease the classiﬁcation errors and training time. It utilizes new focal test
approach with adaptive neighborhoods that evades oversmoothing in wedge-shaped areas. But, the classiﬁcation
performance of spatial data was not effective. Graph convolutional neural network (GCNN) architecture was introduced in [14] to examine graph-structured spatial vector
data. This work performs classiﬁcation of building pattern
with design rules and extracted features for speciﬁc patterns. However, the spatial association rules were not
considered in this work. A novel technique was designed in
[15] to enhance the accuracy of mining spatial data related
to land clearing. The spatial distribution of land cover was
classiﬁed with machine learning techniques and temporal
changes were considered for analysis. Supervised classiﬁcation was performed with six spectral features. But, the
time complexity of this technique was not solved. A cluster
analysis was performed in [16] to increase the spatial data
mining accuracy. However, the false positive rate remained
an open issue.
Support Vector Machine-based spatial data mining was
introduced in [17] for trafﬁc risk examination. Extracting
knowledge from spatial data is signiﬁcant for trafﬁc risk
analysis. But, the trafﬁc risk accuracy was poor. The P-trees
algorithm was employed in [18] with the help of pruning
techniques to increase the performance of the rule mining
process. The association rule mining ﬁnds relationships
among a set of data items. However, the classiﬁcation time
was more. A review of different classiﬁcation and clustering algorithms designed for mining spatial data was analyzed in [19]. A recent investigation on knowledge

Sådhanå (2021)46:7
discovery for mining interesting patterns from spatial
datasets was presented in [20]. Based on the existing spatial
data classiﬁcation and mining methods, we encounter the
challenges and provide efﬁcient solutions. A number of
algorithms have been proposed to ﬁnd knowledge from
spatial data. A B- Convolutional Neural Network (B-CNN)
was introduced in [21] to offer high-level features for
mapping ﬂooded regions (before and after) with remote
sensing data. Here, preprocessing and dimensionality
reduction are performed to extract higher-level features of
ﬂooded scene matching region from satellite view. CNN is
possible to train enormous data in remote sensing studies.
However, classiﬁcation accuracy was minimal.
An evaluation of various data mining algorithms was
presented in [22] for land cover change identiﬁcation. In
addition, data mining techniques are able to process huge
data sets and utilize the intrinsic characteristics of spatiotemporal data. The data mining technique resolves several
issues in the data set through the preprocessing of data. In
[23], a modiﬁed inter-layer dependency (MILD)
scheme was presented. The proposed scheme includes four
different processes for spatio-temporal and topologic
analyses. But, the error rate was more.

3. Exponentiated pareto spatial distributive linear
assorted classiﬁcation
Spatial data classiﬁcation is a key method in spatial data
mining and spatial data analysis. Spatial data classiﬁcation
and spatial association rule mining attain great signiﬁcance
in recent years. Many research works have been designed
for spatial data classiﬁcation with the help of diverse data
mining techniques. However, the classiﬁcation accuracy of
conventional works was not sufﬁcient. Therefore, the
EPSDLAC technique is developed to improve the performance of spatial data classiﬁcation with higher accuracy to
efﬁciently predict the burned area of forest ﬁres and
oceanographic and surface meteorological condition. EPSDLAC technique is proposed by combining the Exponentiated Pareto Spatial Distribution Based Association Rules
Mining and Spatial Linear Assorted Model on the contrary
to state-of-the-art works. In this technique, Exponentiated
Pareto Distribution is very useful in describing and determining real-world phenomena. It helps the proposed EPSDLAC Technique to ﬁnd recurrence relations among spatial
data for efﬁcient association rules generation. Spatial
association rules are constructed to carry out the classiﬁcation process with improved accuracy and minimal time
complexity.
EPSDLAC technique extends the general classiﬁcation
methods to consider not only attributes of an object to be
classiﬁed but also their spatial relations. Besides, the Spatial Linear Assorted Model is introduced in the EPSDLAC
technique to classify each spatial data position with
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generated association rules for determining the burned area
of forest ﬁres and oceanographic and surface meteorological conditions. The architecture diagram of EPSDLAC is
depicted in ﬁgure 1.
Figure 1 shows the overall processes of the EPSDLAC
Technique to achieve higher classiﬁcation accuracy for
spatial data mining. As presented in the above ﬁgure, the
EPSDLAC Technique at ﬁrst gets the spatial dataset (i.e.
Forest Fires Dataset [24] and El Nino Dataset [25] from
UCI repository) as input. After that, EPSDLAC Technique
applies the Exponentiated Pareto Distribution to formulate
the spatial association rules through considering the
recurrence relations between spatial data properties. Then,
the EPSDLAC Technique designs Spatial Linear Assorted
Model to reduce the false-positive rate of classifying the
spatial data.
Thus, the EPSDLAC Technique obtains higher classiﬁcation accuracy and minimal time complexity for ﬁnding a
burned area of forest ﬁres and oceanographic and surface
meteorological condition as compared to state-of-the-art
works. The detailed process of EPSDLAC Technique is
described in below subsections.
.1. Exponentiated Pareto spatial distribution based
Association Rules mining
When performing the classiﬁcation process, spatial
association rules are needed. A spatial association rule is a
rule where one of the predicates is spatial. The quality of
spatial association rules is estimated by their support and
conﬁdence. The spatial association rule mining ﬁnds certain
association between collections of data items in a spatial
dataset.
The Exponentiated Pareto Spatial Distribution Based
Association Rules Mining (EPSD-ARM) algorithm is proposed in the EPSDLAC Technique on the contrary to
existing works. The EPSD-ARM algorithm is designed to
derive association rules from spatial data. To enhance the

spatial
dataset

input

collection of
spatial data

exponentiated
pareto distribution

spatial linear
assorted model

generate spatial
association rules

classify spatial
data positions

efficient spatial data classification

Figure 1. Architecture Diagram of EPSDLAC Technique.
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efﬁciency of the association rule mining process, Exponentiated Pareto Distribution is applied in the EPSD-ARM
algorithm. By using Exponentiated Pareto Distribution, the
EPSD-ARM algorithm identiﬁes the recurrence relations
among spatial data properties in the input dataset to create
the association rules.
The EPSD-ARM algorithm extends the conventional
associate rule mining by considering the spatial properties
using Exponentiated Pareto Distribution. A spatial association rule is expressed in the form ‘P ! Q½s%; c%’, where
‘P’ and ‘Q’ are sets of spatial or non-spatial predicates.
Here, ‘s%’ is the support of the rule, and ‘c%’ is the conﬁdence of the rule. Some instances for spatial predicates are
close_to, far_away, intersect, overlap, etc. which can be
employed in spatial association rules.
The EPSD-ARM algorithm is employed for ﬁnding
interesting relations between spatial data in an input
dataset using spatial association rule to efﬁciently perform
classiﬁcation. The spatial association rules explain the
spatial attribute conditions that occur frequently together
in a given dataset for classifying the burned area of forest
ﬁres and oceanographic and surface meteorological conditions based on a threshold called minimum support and
minimum conﬁdence value. The support value determines
the frequent item (i.e., spatial attribute) sets in an input
dataset. Besides, the conﬁdence values measure the conditional probability for ﬁnding the burned area of forest
ﬁres.
The block diagram of EPSD-ARM is depicted in ﬁgure 2
for effectively generating the spatial association rules from
the given dataset.
Figure 2 shows the ﬂow process of the EPSD-ARM
algorithm that increases the efﬁciency of the spatial association rule mining process. Let us consider ‘SD’ as a
spatial data set which comprises of many spatial data
‘SD ¼ fS1 ; S2 ; S3 ; . . .SN g’. Here, each spatial data contains
a set of attributes denoted as ‘fA1 ; A2 ; A3 ; . . .AM g’. In

general, a spatial association rule is of the form ‘A1 ! A2 ’
where ‘A1 ’ and ‘A2 ’ are disjoint spatial attributes in the
given dataset. Let us assume the Exponentiated Pareto
spatial distribution ‘EPSDðh; kÞ’ with probability density
function which is formulated as,
h
ih1
f ðSi Þ ¼ hk 1  ð1 þ Si Þk
ð1 þ Si Þðkþ1Þ ; Si [ 0; k [
0; h [ 0
ð1Þ
From (1), ‘Si ’ indicates spatial data. In the same way,
Exponentiated Pareto spatial distribution ‘EPSDðh; kÞ’ with
cumulative distribution function is mathematically obtained
as,
h
ih
F ðSi Þ ¼ 1  ð1 þ Si Þk ;

Si [ 0; k [ 0; h [ 0

ð2Þ

In the above equations (1) and (2), ‘h’ and ‘k’ are two
shape parameters. Here, ‘Si ’ represents the ‘ith ’ spatial data
and its attributes in the given dataset. Let us consider
‘S1 ; S2 ; S3 ; . . .SN ’ be a sequence of random spatial data with
probability density function ‘f ðSi Þ’ and cumulative distribution function ‘F ðSi Þ’, then recurrence relations among
the spatial data attribute in a given dataset is mathematically determined as,
lðmSi Þ ¼




kþ1 
k þ 1 ðSi þi1Þ
Si X
Si
ðSi Þ
þ 1 lmþ1
þ
;
lmþ1
hk i¼2
h
i

ð3Þ

where Si ¼ 1; 2; . . .:
From equation (3), recurrence relations for each spatial
data ‘Si ’ in an input dataset is determined. From the above
equation, we ﬁnd the relation for entire spatial data. Based
on measured recurrence relations, then the support value is
mathematically obtained using below,

SupðA1 ! A2 Þ ¼

Support count of A1 [ A2
Total number of attributes in spatial dataset



ð4Þ
exponentiated pareto distribution
spatial
dataset

find recurrence relations between
spatial data properties
support value

confidence value

generate number of spatial
association rules

Figure 2. EPSD-ARM Process for Spatial Association Rules
Generation.

From equation (4), the support value is determined using
the number of spatial data that contain ‘A1 [ A2 ’ to the total
number of spatial data in a given dataset. Here, we ﬁnd the
relation for two different spatial data. Conversely, the
conﬁdence value is evaluated in such a way that the
transactions which include ‘A1 ’ also contain ‘A2 ’ using the
below mathematical expression,


Support count of A1 [ A2
Conf ðA1 ! A2 Þ ¼
ð5Þ
Support count of A1
From eqs. (4) and (5), the support and conﬁdence value
is measured for each spatial data attributes in a given
dataset. EPSD-ARM algorithm then deﬁnes a minimum
threshold for support and conﬁdence value. Finally, the
attributes which contain minimum support and conﬁdence
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are selected to make the spatial association rules. The
algorithmic steps of EPSD-ARM are explained in
Algorithm 1.

Algorithm 1 depicts the step by step process of the
EPSD-ARM to improve the performance of spatial association rule mining. With the help of the above algorithmic
process, the EPSD-ARM algorithm efﬁciently constructs
the spatial association rules with a minimal amount of time
by considering the recurrence relations among spatial
attributes in the input dataset.

3.1 Spatial linear assorted model
The Spatial Linear Assorted Model is designed to increase
the classiﬁcation performance of spatial data by using
constructed spatial association rules. In EPSDLAC Technique, the Spatial Linear Assorted Model determines the
relationship between association rules and spatial data for
efﬁcient classiﬁcation. In addition to that, the Spatial Linear
Assorted Model considers the covariate measurement error
and spatial correlation to minimize the incorrect classiﬁcation of spatial data on the contrary to conventional works.
The process involved in the Spatial Linear Assorted Model
is depicted in ﬁgure 3.
Figure 3 shows the ﬂow process of the Spatial Linear
Assorted Model. This model at ﬁrst takes a number of
spatial data and constructs association rules as input. Followed by this, the Spatial Linear Assorted Model measures
the relationship between the rules and spatial data. Based
on the determined relationships, then the Spatial Linear
Assorted Model classiﬁes the spatial data with higher
accuracy and a lower amount of time consumption. Let us
consider a spatial dataset comprised of numerous spatial
data represented as ‘SD ¼ S1 ; S2 ; S3;... ; SN ’ and generated
spatial association rules denoted as ‘R1 ; R2 ; R3 ; . . .RN ’.
Consider that the spatial data are obtained from ‘n’ geographical areas. The spatial linear mixed model of ‘Y’ for
the given spatial data ‘Si ’ and spatial association rules ‘Ri ’
is mathematically determined as,
Y i ¼ b 0 þ Si b i þ Ri b i þ b i þ e i

ð6Þ

From the above equation (6), random effects ‘bi ’ model
the spatial correlation. Here, the random effect vector
‘ða1 ; . . .; an Þ’ is ‘nf0; sðhÞg’ and ‘h’ is a vector of variance
components, the residuals ‘ei ’ is ‘nð0; r2e )’, and ‘ bi ’ and ‘
ei ’are independent to each other and are independent of the
covariates ‘Si ’ and ‘Ri ’. The naive estimators of (b0 ; bi ; h)
are obtained by simply replacing ‘Si ’ with the error-prone
observation and ﬁtting. In EPSDLAC Technique, the
covariance matrix ‘sðhÞ’ models the connection between
the spatial data ‘Si ’ and association rules ‘Ri ’ to accurately
classify the data. The algorithmic steps of the Spatial Linear
Assorted Model are explained in Algorithm 2.

Algorithm 2 presents the step by step process of the
Spatial Linear Assorted Model to reduce the error rate of
spatial data classiﬁcation. As explained in the above
algorithmic steps, Spatial Linear Assorted Model initially
gets a number of spatial data and association rule as input.
Consequently, Spatial Linear Assorted Model ﬁnds out the
relationship between the spatial data and rules to effectively classify the data with improved accuracy and minimal time. As a result, EPSDLAC Technique increases the
accuracy and minimizes the time of spatial data classiﬁcation and mining when compared to state-of-the-art
works.

4. Experimental settings
In order to evaluate the performance of the proposed work,
the EPSDLAC Technique is implemented in Java Language
using Forest Fires Dataset [24] and El Nino Dataset [25]
obtained from the UCI machine learning repository. This
Forest Fires Dataset comprises 517 spatial data and 13
spatial attributes to ﬁnd the burned area of forest ﬁres. El
Nino dataset comprises oceanographic and surface meteorological readings from sequence of buoys placed in the
equatorial Paciﬁc. The data assist to predict the El Nino/
Southern Oscillation (ENSO) cycles. The dataset characteristics are spatio-temporal and attribute characteristics are
both real and integer. Number of instances are 178080 and
number of attributes are 12. The spatial attributes information of Forest Fires Dataset is depicted in table 1.
The spatial attributes information of using El Nino
dataset is shown in table 2.
The EPSDLAC Technique considers the 50-500 numbers
of spatial data from the Forest Fires dataset and 10-100

7

Page 6 of 12

Sådhanå (2021)46:7

spatial
dataset
spatial linear assorted model
relationship between
rules and spatial data
spatial
association rules
classify spatial data

which denotes a certain association relationship among set
of spatial attributes for accurate classiﬁcation. With the 50
number of spatial data, 84% of classiﬁcation accuracy is
achieved in the proposed technique. Whereas, the classiﬁcation accuracy using El Nino dataset is 92% when considering 100 spatial data. With this, the proposed
EPSDLAC Technique will be able to exactly predict the
objects based on the spatial data.
EPSDLAC Technique ﬁnds the burned area of forest ﬁre
and oceanographic and surface meteorological condition
based on threshold called minimum support and minimum
conﬁdence value. It also utilizes longitude and latitude data
to exactly identify the objects.

Figure 3. Block Diagram of Spatial Linear Assorted Model for
Spatial Data Classiﬁcation.

5. Results and discussion
numbers of spatial data from the El Nino dataset to conduct
the experimental evaluation.
The performance of the EPSDLAC Technique is determined in terms of classiﬁcation accuracy, time complexity,
space complexity and false positive rate with respect to
various numbers of spatial data.
The experimental result of the proposed EPSDLAC
Technique is compared against two conventional methods
namely LogitBoost ensemble-based decision tree (LEDT)
[1] and a hybrid machine learning approach of Random
Subspace (RSS) and Classiﬁcation And Regression Trees
(CART) called RSSCART [2].

4.1 Case study
Experimental evaluation of EPSDLAC Technique is
implemented in Java Language with two different datasets
namely Forest Fires Dataset [24] and El Nino dataset [25].
Initially, we consider 50 numbers of spatial data from
Forest Fires Dataset. Then, Exponentiated Pareto Spatial
Distribution Based Association Rules mining is applied

In this section, a comparative result analysis of the proposed EPSDLAC Technique is presented. The effectiveness
of the EPSDLAC Technique is compared with existing
LEDT [1] and RSSCART [2] using parameters such as
classiﬁcation accuracy, time complexity, space complexity
and false-positive rate with the help of below tables and
graphic representation.

5.1 Classiﬁcation accuracy
The Classiﬁcation Accuracy ‘CA’ is determined as the ratio
of a number of spatial data correctly classiﬁed to the total
number of spatial data taken as input. The classiﬁcation
accuracy is evaluated in terms of percentage (%) and formulated as below,
CA ¼

XC
 100
N

ð7Þ

From equation (7), the accuracy of spatial data classiﬁcation is measured. Here, ‘N’ refers to the total number of

Table 1. Spatial Attributes Information using forest ﬁres dataset information.
Attribute
X
Y
Month
Day
FFMC
DMC
DC
ISI
Temp
RH
Wind
Rain
Area

Description
x-axis spatial coordinate within the Montesinho park map: 1 to 9
y-axis spatial coordinate within the Montesinho park map: 2 to 9
the month of the year: ‘jan’ to ‘dec’
day of the week: ‘mon’ to ‘sun’
FFMC index from the FWI system: 18.7 to 96.20
DMC index from the FWI system: 1.1 to 291.3
DC index from the FWI system: 7.9 to 860.6
ISI index from the FWI system: 0.0 to 56.10
the temperature in Celsius degrees: 2.2 to 33.30
relative humidity in %: 15.0 to 100
wind speed in km/h: 0.40 to 9.40
outside rain in mm/m2 : 0.0 to 6.4
the burned area of the forest (in ha): 0.00 to 1090.84
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Table 2. Spatial Attributes Information using El Nino dataset information.
Attribute

Description

date
Latitude
Longitude

Date of the readings taken
Values stayed within a degree from the approximate location
Values were sometimes as far as ﬁve degrees off of the approximate
location.
zonal winds are ﬂuctuated between -10 m/s and 10 m/s
Meridional winds ﬂuctuated between -10 m/s and 10 m/s
Relative humidity values in the tropical Paciﬁc were typically between
70% and 90%
Air temperature ﬂuctuated between 20 and 30 degrees Celsius
Sea surface temperature ﬂuctuated between 20 and 30 degrees Celsius
Subsurface temperatures down to a depth of 500 meters

Zonal winds (west\0, east[0)
Meridional winds (south\0, north[0)
Relative humidity
Air temperature
Sea surface temperature
Subsurface temperatures

spatial data employed for conducting experimental work,
whereas ‘XC ’ points out the number of spatial data that are
accurately classiﬁed.
Tables 3 and 4 illustrate the classiﬁcation accuracy using
two different datasets. From the above tables 3 and 4, the
classiﬁcation accuracy of EPSDLAC is higher. The
graphical representation of classiﬁcation accuracy is given
below.
Figure 4 depicts the impact of classiﬁcation accuracy
using Forest Fires Dataset versus a different number of
spatial data using three methods namely LEDT [1],
RSSCART [2] and the Proposed Technique. The results of
classiﬁcation accuracy using El Nino Dataset are portrayed
in ﬁgure 5.
As illustrated in the above ﬁgures, EPSDLAC Technique
gets enhanced classiﬁcation accuracy for spatial data to
discover the burned area of forest ﬁres and oceanographic
and surface meteorological conditions when compared to
existing LEDT [1] and RSSCART [2]. This is owing to the
application of the Exponentiated Pareto Spatial Distribution
Based Association Rules Mining and Spatial Linear

Assorted Model in the proposed EPSDLAC Technique on
contrary to conventional works.
During the rule generation process, EPSDLAC Technique provides the best spatial association rules for
improving classiﬁcation performance with the aid of the
EPSD-ARM algorithm. During the classiﬁcation process,
the EPSDLAC Technique effectively classiﬁes the spatial
data into a corresponding class such as forest ﬁred region or
non-forest ﬁred region with the help of the Spatial Linear
Assorted Model. This supports the EPSDLAC Technique to
improve the ratio of a number of spatial data properly
classiﬁed as compared to state-of-the-art works.
With the Forest Fires Dataset, the EPSDLAC Technique
enhances the classiﬁcation accuracy by 20% and 14% when
compared to LEDT [1] and RSSCART [2] respectively. By
utilizing the El Nino dataset, the classiﬁcation accuracy of
EPSDLAC Technique is enhanced by 18% and 12% as
compared to LEDT [1] and RSSCART [2].

Table 3. Tabulation for Classiﬁcation Accuracy (%) using Forest Fires Dataset.

Table 4. Tabulation for Classiﬁcation Accuracy (%) using El
Nino Dataset.

Classiﬁcation Accuracy (%)

Classiﬁcation Accuracy (%)

Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

50
100
150
200
250
300
350
400
450
500

66
68
75
80
82
82
81
79
77
77

70
77
82
80
86
85
84
81
81
80

84
91
93
91
95
93
95
93
90
89

10
20
30
40
50
60
70
80
90
100

50
55
60
62
65
68
70
72
75
78

54
58
63
65
68
72
75
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Figure 4. Experimental Result Analysis of Classiﬁcation Accuracy Vs Number of Spatial Data using Forest Fires Dataset.
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Figure 5. Experimental Result Analysis of Classiﬁcation Accuracy Vs Number of Spatial Data using El Nino Dataset.

spatial data to conduct the simulation process, EPSDLAC
Technique obtains 60 ms time complexity whereas existing
LEDT [1] and RSSCART [2] gets 76 ms and 68 ms
respectively. The tabulation result analysis of time complexity using Forest Fires Dataset is demonstrated in
table 5.
Table 6 portrays the result of time complexity using El
Nino dataset. From tables 5 and 6, it is obvious that EPSDLAC Technique obtains minimal time complexity for
spatial data classiﬁcation and thereby determines the
burned area of forest ﬁres and oceanographic and surface
meteorological condition as compared to existing LEDT [1]
and RSSCART [2]. This is due to the application of the
Exponentiated Pareto Spatial Distribution Based Association Rules Mining and Spatial Linear Assorted Model in the
proposed EPSDLAC Technique on contrary to existing
works. With the support of the EPSD-ARM algorithm
process, EPSDLAC Technique makes the best spatial
association rules with a minimal amount of time. Besides
that, the EPSDLAC Technique accurately categories the
spatial data into a corresponding class with a lower amount
of time utilization. This helps the EPSDLAC Technique to
decrease the amount of time required to classify the spatial
data when compared to state-of-the-art works. Therefore,
EPSDLAC Technique reduces the time complexity of
spatial data classiﬁcation using Forest Fires Dataset by 35%
and 21% when compared to LEDT [1] and RSSCART [2]
respectively. By applying El Nino dataset, EPSDLAC
Technique minimizes the time complexity by 35% and 30%
when compared to LEDT [1] and RSSCART [2]
respectively.
Figures 6 and 7 depicts the Time complexity results of
three different methods using two datasets. From the above
ﬁgure, EPSDLAC Technique attains minimal time complexity for spatial data classiﬁcation as compared to existing LEDT [1] and RSSCART [2].

5.2 Time complexity
The Time Complexity ‘(TC)’ measures the amount of time
needed to classify the spatial data.
The time complexity is estimated in terms of milliseconds (ms) and obtained using below,
TC ¼ N  tðCSD Þ

ð8Þ

From equation (8), the time complexity of spatial data
classiﬁcation is determined. Here, ‘(N)’ denotes the number
of spatial data, and ‘tðCSD Þ’ represents the time utilized for
classifying a single spatial data. For determining the time
complexity involved during the spatial data classiﬁcation
process, the EPSDLAC Technique is implemented in Java
language with different numbers of spatial data in the range
of 50-500 from the forest ﬁres dataset.
The experimental result of time complexity using the
EPSDLAC Technique is compared with two state-of-the-art
methods LEDT [1] and RSSCART [2]. When taking 400

Table 5. Tabulation for Time Complexity (ms) using Forest
Fires Dataset.
Time Complexity (ms)
Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

50
100
150
200
250
300
350
400
450
500

19
30
44
54
65
63
70
76
81
100

16
23
33
40
50
57
56
68
72
85

12
19
26
30
35
36
46
60
66
75
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Table 6. Tabulation for Time Complexity (ms) using El Nino
Dataset.
Time Complexity (ms)
Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

10
20
30
40
50
60
70
80
90
100

25
28
26
22
21
27
30
35
38
48

23
22
24
20
19
24
29
35
40
45

19
17
15
13
14
16
20
23
25
30

Time Complexity (ms)
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7

SC ¼ Numberofdata  spaceðstoringonedataÞ

ð9Þ

From equation (9), space complexity is obtained. Here,
SC indicates Space complexity. It is measured in terms of
megabytes (MB).
Table 7 illustrates the results of space complexity using
Forest Fires Dataset with a number of spatial data in the
range of 50 to 500. Table 8 portrays the space complexity
results using El Nino dataset with number of spatial data
ranges from 10 to 100. From tables 7 and 8, it is evident
that the space complexity using EPSDLAC is very minimal. When considering the 500 spatial data from Forest
Fires Dataset, the space complexity of EPSDLAC is
20 MB, whereas, the space complexity of LEDT [1] and
RSSCART [2] is 25 MB and 27 MB. When considering the
50 number of spatial data from El Nino dataset, the space
complexity of EPSDLAC is 20 MB, whereas, the space
complexity of LEDT [1] and RSSCART [2] is 31 MB and
29 MB. This is due to the application of Exponentiated
Pareto Spatial Distribution Based Association Rules Mining and Spatial Linear Assorted Model in EPSDLAC. The
space complexity of EPSDLAC using Forest Fires Dataset
is reduced by 27% and 36% as compared to LEDT [1] and
RSSCART [2] respectively. By applying El Nino Dataset,
the space complexity of EPSDLAC is minimized by 28%
and 25% when compared to LEDT [1] and RSSCART [2]
respectively.
Figures 8 and 9 depict the impact of space complexity
with respect to a diverse number of spatial data using two
dataset. From ﬁgures 8 and 9, it is obvious that EPSDLAC
Technique obtains minimal space complexity as compared
to existing LEDT [1] and RSSCART [2].

Figure 6. Experimental Result Analysis of Time Complexity Vs
Number of Spatial Data using Forest Fires Dataset.

Time complexity(ms)

5.4 False positive rate
False Positive Rate ‘(FPR)’ evaluates the ratio of the
number of spatial data wrongly classiﬁed as positive and
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Figure 7. Experimental Result Analysis of Time Complexity Vs
Number of Spatial Data using El Nino Dataset.

5.3 Space complexity
Space complexity is measured as the amount of memory
space required for storing the spatial data. The Space
complexity is formulated as follows,

Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

50
100
150
200
250
300
350
400
450
500

18
20
22
21
19
17
20
18
22
25

21
23
24
25
23
21
25
20
23
27

13
11
14
12
15
14
17
12
19
20

7
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Table 8. Tabulation for Space complexity (MB) using El Nino
Dataset.
Space Complexity (MB)
Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

10
20
30
40
50
60
70
80
90
100

30
33
35
32
31
29
34
36
32
28

28
30
32
31
29
33
27
28
34
36

21
22
23
25
20
19
27
24
22
25

30

Space Complexity (MB)

25
20
15
10
5
0
50

100

150

200

250

300

350

400

450

500

Number of spatial data(N)
LEDT

RSSCART

EPSDLAC

Space Complexity(MB)

Figure 8. Experimental Result Analysis of space complexity Vs
Number of Spatial Data using Forest Fires Dataset.

FPR ¼

FP
 100
FP þ TN

ð10Þ

From equation (10), the false positive rate of spatial data
classiﬁcation is obtained. Here, ‘FP’ denotes the False
positive and ‘TN’ denotes the true negative.
Tables 9 and 10 illustrate the experimental result of False
Positive Rate using the EPSDLAC Technique which is
compared with two state-of-the-art methods LEDT [1] and
RSSCART [2] using two datasets.
Figures 10 and 11 portray the impact of false positive
rate based on a varied number of spatial data using three
methods namely LEDT [1] and RSSCART [2] and proposed Technique with two different datasets. As shown in
the above ﬁgures, EPSDLAC Technique attains minimal
false positive rate to accurately classify the spatial data and
thereby ﬁnd out the burned area of forest ﬁres and
oceanographic and surface meteorological condition when
compared to existing LEDT [1] and RSSCART [2]. This is
because of the application of the Spatial Linear Assorted
Model in the proposed EPSDLAC Technique on the contrary to state-of-the-art methods where it ﬁnds the correlation between the rules and spatial data. Based on the
result of this correlation, the Spatial Linear Assorted Model
categorizes the spatial data as a forest ﬁred region or nonforest ﬁred region with enhanced accuracy. This assists in
the EPSDLAC Technique to minimize the ratio of the
number of spatial data incorrectly classiﬁed when compared to state-of-the-art works. Therefore, EPSDLAC
Technique decreases the false positive rate of spatial data
classiﬁcation using Forest Fires Dataset by 57% and 49%
when compared to LEDT [1] and RSSCART [2], respectively. By applying the El Nino dataset, EPSDLAC Technique decreases the false positive rate by 15% and 13% as
compared to LEDT [1] and RSSCART [2].
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Table 9. Tabulation for false positive rate (%) using Forest Fires
Dataset.
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Figure 9. Experimental Result Analysis of space complexity Vs
Number of Spatial Data using El Nino Dataset.

the total number of actual negative events. The false positive rate is measured in terms of percentage (%) and formulated using below,

Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

50
100
150
200
250
300
350
400
450
500

34
32
25
21
18
18
19
22
23
23

30
23
18
20
14
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16
19
19
20

16
11
7
9
8
9
10
8
10
11
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Table 10. Tabulation for false positive rate (%) using El Nino
Dataset.
False Positive Rate (%)
Number of spatial data (N)

LEDT

RSSCART

EPSDLAC

10
20
30
40
50
60
70
80
90
100

30
35
38
40
43
47
50
54
57
60

32
35
36
38
43
45
47
50
53
59

25
30
33
35
39
40
42
48
43
45

40

False Postive Rate (%)

35
30
25
20
15
10
5

7

application of the Exponentiated Pareto Spatial Distribution
Based Association Rules Mining and Spatial Linear
Assorted Model. The designed EPSDLAC Technique gets
the best spatial association rules for spatial data classiﬁcation as compared to conventional works by the application of the EPSD-ARM algorithm.
Moreover, EPSDLAC Technique takes a minimal
amount of time to classify and mine spatial data as compared to state-of-the-art works with the help of formulated
spatial association rules. In addition to that, EPSDLAC
Technique decreased the ratio of the number of spatial data
wrongly classiﬁed for efﬁcient spatial data mining as
compared to state-of-the-art methods with the application
of the Spatial Linear Assorted Model. Thus, EPSDLAC
Technique enhances the performance of spatial data mining
as compared to existing works.
The efﬁciency of the EPSDLAC Technique is evaluated
in terms of classiﬁcation accuracy, time complexity, space
complexity and false positive rate and compared with two
existing methods. The simulations results demonstrate that
EPSDLAC Technique presented a better performance with
an enhancement of classiﬁcation accuracy and reduction of
time complexity as well as space complexity and false
positive rate to extract the spatial information when compared to the state-of-the-art works.
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Figure 10. Experimental Result Analysis of False Positive Rate
Vs Number of Spatial Data using Forest Fires Dataset.
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Figure 11. Experimental Result Analysis of False Positive Rate
Vs Number of Spatial Data using El Nino Dataset.

6. Conclusion
An effective EPSDLAC Technique is designed to increase
the spatial data mining performance through classiﬁcation.
The goal of the EPSDLAC Technique is attained with the
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