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Abstract: There are a lot of links among monitoring points of airport noise. To mine association rules among 
these monitoring points is very important in order to predict airport noise scientifically and effectively. Due  
to the low efficiency of the Apriori algorithm for mining association rules, this paper proposes a new algorithm 
called 'Adapt to Noise Set of Airport-Apriori (ATNSOA-Apriori)'. According to the characteristics  
of monitoring data sets of airport noise, this algorithm optimizes the monitoring data to improve the validity  
of the monitoring data sets and uses arrays to store items to lower the number of traversing database. As a result, 
the efficiency of mining association rules is improved. Taking the actual noise monitoring data in a domestic 
airport in China for example, the experimental results show that the ATNSOA - Apriori algorithm can deal  
with monitoring data sets of airport noise more effectively and mine the useful association rules more quickly. 
The proposed algorithm, therefore, is of vital significance for predicting the value of monitoring points and 
evaluating the effectiveness of the value of monitoring points. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 

 

In recent years, with the progress of society and 
the continuous development of China's civil aviation, 
airport noise problem is obtaining an increasing 
attention and concern from airports, airlines and  
the public. Most major airports abroad have installed 
the noise monitoring system, which plays  
an important role in monitoring, predicting and 
controlling airport noise, while the work of airport 
noise monitoring and environmental impact 
assessment is just getting started in China. 

A comprehensive airport noise monitoring system 
requires arranging as many monitoring points as 
possible around airport so as to allow real-time 
monitoring of all-round effect of the noise. Since  
the number of monitoring data increases along with 
the growth of monitoring time, the attendant problem 
is how to mine association rules of noise value 
among large quantities of noise data so as to manage 
and utilize the noise data and provide better service 
for airport noise monitoring and assessment services. 

Data Mining is the core of knowledge discovery 
in databases, which provides tools for effective use  
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of a large number of data. Association rules [1] is one 
of the main modes of current data mining research, 
focusing on determine the links of different area  
of data and finding out dependency relationship 
among areas which satisfy the given support and 
confidence thresholds. Association rules have been 
used in many areas such as the financial industry as 
well as e-commerce, etc. However, many field 
application problems are complicated, which requires 
extending association rules from different point  
of view and integrating more factors in association 
rule mining method, so as to enrich the application 
field of association rules. As a new application field, 
research of association rules on airport noise is just 
getting started. 

R. Agrawal et al. [2] first proposed the problem 
of mining association rules among customer database 
item-sets. Currently, there are many ways for mining 
association rules, such as the classic Apriori 
algorithm, as well as many other improved algorithm 
based on it. However, most known methods need  
to repeat scanning database for many times and are 
free of practical application background. Against 
these shortfalls, this paper improves Apriori 
algorithm and proposes a mining algorithm suitable 
for airport noise monitoring data sets - Adapt  
to Noise Set of Airport-Apriori (ATNSOA-Apriori). 
The ATNSOA-Apriori algorithm mines association 
rule among noise value of monitoring points, so as  
to determine the accuracy of noise value and predict 
the unknown noise value. 

 
 

2. Association Rule Mining 
 
2.1. Association Rule 

 

Association rule mining is a very important 
research topic in the field of data mining. 

Let 1 2 3{ , , ,..., }mI i i i i=  be the collection of items, 

and W  be the collection of transactions called T . 
Each transaction in W  is the collection of items, 
which means T I⊆ . 

Definition 1. For the collection X  of some items 
in I , if X T⊆ , then T contains X . 

Definition 2. An association rule is  
an implication of the form X Y , where X I⊂ ,Y I⊂  
and X Y = ∅ . Claiming that rule X Y  is 
tenable in W , the collection of transaction, when 

%s of transactions in W  contain X Y , and %c   

of transactions in W  contain YX  , where s is 
called support level and c is called confidence level. 

Definition 3. Mining association rules refers  
the process of generating all association rules that 
meet minimal support level (MinSupp) and minimal 
confidence level (MinConf) in W , the given 
transaction collection. 

Theorem 1. Supposing X  is a frequent item-set, 
then all nonempty subsets of X  are frequent  
item-sets. 

Theorem 2. Supposing X  is a non-frequent 
item-set, then all supersets of X  are non-frequent 
item-sets. 

Mining association rules can be divided into two 
sub-problems. 

1) The one is looking for a collection of all such 
items (item-sets), whose support level exceeds user-
specified minimum support level. Such collection is 
called frequent item-set. 

2) The other is using frequent item-set to generate 
rule. To be general, if ABCD  and AB is frequent 
item-set, then whether rule AB CD  is tenable can 
be determined by calculating the confidence  
level s ( ) / s ( )co n f u p p A B C D u p p A B= , where 

the symbol s ( )upp X  refers to support confidence  

of X . If co n f ≥  minimal support level,  

the rule is tenable. 
Association rules can be divided into boolean 

association rules and multi-valued attribute 
association rules [3] based on logic and numerical 
database respectively. For logical data type, there are 
a lot of literatures which study and discuss about their 
association rule mining method concentrated mainly 
on improving the efficiency of algorithms and rules 
interestingness [2, 4-9]. In recent years, numerical 
data becomes the focus of attention, such as what 
kind of price for vendors adopts to attract customers 
so as to get the maximum benefit, process control 
managers expect to determine the parameters  
of process control by mining historical data, etc. 
Dividing numeric data type into logical data to mine 
is an important means to solve the problem.  
In addition, calculating collection of potential is  
a feasible algorithm for mining numerical  
association rules [10]. 

 
 

2.2. Apriori Algorithm 
 
Apriori algorithm is a classical algorithm  

for mining association rules. The basic idea is to use 
multiple iterations for searching by level. For first 
time iteration, all the items in the database are found 
and put into 1C , the candidate 1 item-set. According 

to minimal support level, qualified items in 1C  are 

qualified and put into 1L , the frequent 1- item-set. 

For k times iteration, frequent (k-1) item-set 1kL −  is 

used to get candidate k item-set kC  by self join.  

The database is scanned to get the support level  
for each item-set in kC , then the qualified  

frequent k item-set kL  will be chosen according  

to the minimal support level. The above iteration is 
continued when kL  is not empty. Otherwise,  

the iterative process ends. 
Finding frequent item-sets can be divided into 

two steps [12]: connection and pruning. Connection 

refers that 1kL −  generates kC  by self join, then kL  is 
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generated by kC . Supposing 1l  and 2l  are item-sets 

in 1kL − , and elements in 1kL −  are able to join self  

if their previous (k-2) items are the same. The result 

item generated from joining 1l  and 2l  is 

1 1 1 2[1] [2]...... [ 1] [ 1]l l l k l k− − . [ ]il j  refers  

to the j-th item of il . Pruning refers to remove  

non-frequent item-set in kC  by verifying Theorems 1 

and 2.  
Step1. Connection 
Perform connection 

1 1k kL L− −>< .
1 1k kL L− −><  refers 

that 1kL −  joins itself. 

Step 2. Pruning 

Remove candidate k item-set from kC , if its any 

(k-1) item-set is not in kL . 

However, the Apriori algorithm has the following 
disadvantages: 

1. When generating kL  from kC , we need  

to repeatedly scan the database. The algorithm is I / O 
overhead, low in efficiency and cannot meet  
the requirement of large databases fast mining. 

2. Each item-set in kC  which meets minimal 

support level is added into kL  directly without 

considering about the meaning of the frequent  
item-set. As a result, invalid frequent item-sets are 
easy to occur, increasing the amount of computation 
and association rule generation time. 

 
 

3. Association Rule Mining Algorithm  
for Airport Noise Value  

 
3.1. Density-based Clustering  

Algorithm-DENCLUE Algorithm 
 

Data set of airport noise monitoring point has  
the following characteristics:  

a) Noise value is closely related to its 
corresponding position;  

b) Data volume is very big;  
c) Noise distribution may be of any shape;  
d) Noise value change continuously according  

to some distribution law in noise data set. 
Obviously, data set of monitoring point is of huge 

amount, and computation of mining association rules 
is time-consuming. Therefore, we preprocess 
monitoring data set, searching out representative 
points for each cluster by clustering algorithm, so as 
to narrow initial data set of association rule and 
improve the efficiency of mining association rules. 

Since airport noise value monitoring data is 
closely associated with the location of monitoring 
point, the distribution of noise data can be any shape. 
Therefore, this paper adopt the Density-based 
clustering algorithm-DENCLUE algorithm [13]  

to search out representative points for each cluster 
with the aim of narrowing initial data set. 

Supposing in space dRΩ ⊆ , data set 

1 2{ , ,..., }nD x x x=  contains objects. The basic idea  

of DENCLUE algorithm can be formalized  
as follows: 

a) Kernel estimation of global density function: 
probability density of any point x ∈ Ω  in space can 
be estimated as  

 

1

1
( ) ( )

n
D i

i

x x
f x K

n σ=

−
=  , (1) 

 

where ( )K x  is the kernel function, which is 

generally a symmetric density function that gets a 
single peak at the origin, such as Square wave 
function: 

 

{0 ( , )( , ) 1square
if d x yf x y otherwise

θ>= , (2) 

 

or Gaussian function: 
 

2

2

( , )

2( , )
d x y

G a u ssf x y σλ
−

=
 

(3) 

 

In Equation (2), ( , )d x y  refers to distance 

function of two monitoring points and Euclidean 
distance is generally used. In Equation (3),  
the constant σ  is the window width of  
kernel function. 

b) Density attractor and density attract: given *x  
is local maximum point of global density function, 
for any x ∈ Ω . If there is a point set that meets 

*
0 , kx x x x= =  and *x lies in the gradient ascent 

direction of 1ix − ( 0 i k< < ), then x  is density 

attracted by *x , and *x  is density attractor of x .  
If kernel function ( )K x  is continuous  

and differentiable on each point of the space,  
then the density attractor can be searched by 
mountain climbing algorithm directed by gradient 
direction [14]. 

c) Center-based clustering: given density 
attractor *x . If there is subset C D⊆  that meets 

x C∀ ∈ , and x  is density attracted by *x  and 
*( )Df x ξ≥  ( ξ  is predefined density threshold), then 

C  is the *x - centric cluster.  
d) Clusters of arbitrary shape: given the set  

of density attractors X , if there is subset C D⊆   
that meets  

1) x C∀ ∈ , there is a density attractor *x X∈  

which makes x is density attracted by *x  and 
*( )Df x ξ≥   

2) * *,i jx x X∀ ∈  ( i j≠ ), if there is always a path 

P⊂Ω  from *
ix  to *

jx  that meets y P∀ ∈  there is 
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( )Df y ξ≥ , then C is the clusters of arbitrary shape 

which is determined by the X . 
However, density parameter σ  and noise 

threshold ξ  require careful selection by the 

algorithm in order to improve the quality of 
clustering results [15]. 

 
 

3.2. Data Preprocessing 
 

3.2.1. Data Cleaning 
 

Since monitoring points monitor noise around the 
clock, the data will be mixed with a lot of ambient 
noise (noise less than 55 dB ambient can be 
approximately regarded as environmental noise). 

According to Acoustic Environmental Quality 
Standards (GB 3096), noise level greater than or 
equal to 65 dB causes distress on people’s daily lives. 
Obviously, this paper is more interested in noise 
which is greater than or equal to 65 dB. Therefore, 
monitoring data needs to be cleaned to exclude 
environment noise and filter out noise which is 
greater than or equal to 65 dB. In the case  
of monitoring data of one day in a domestic airport  
in China (each monitoring point generates one data 
per second), after noise data less than 65 dB is 
excluded Table 1 is obtained. As shown in Table 1, 
all monitoring data of monitoring point 11 collected 
between 09:15:00-09:15:09 are greater than or equal 
to 65 dB. 

 
 

Table 1. Data sheet after cleaning the noise less than 65 dB. 
 

Monitoring 
point 

Start 
time 

End 
time 

0 s 1 s 2 s 3 s 4 s 5 s 6 s 7 s 8 s 9 s … 

… … … … … … … … … … … … … … 
11 09:15:00 09:15:09 67 68 68 69 71 73 71 68 66 65 … 
14 09:15:07 09:15:16 67 69 70 72 75 74 73 68 67 66 … 
18 09:15:18 09:15:27 66 68 68 69 72 74 74 71 69 68 … 
13 09:15:23 09:15:32 70 70 72 73 75 73 73 72 70 68 … 
12 09:15:40 09:15:49 68 69 69 70 73 75 74 71 71 70 … 
11 10:18:03 10:18:14 67 67 68 68 68 69 69 72 73 70 … 
… … … … … … … … … … … … … … 

 
 

3.2.2. Data Pruning 
 

It is clear from Table 1 that noise value measured 
by monitoring point 11 (09:15:00-09:15:09), 
monitoring point 14 (09:15:07-09:15:16), monitoring 
point 18 (09:15:18-09:15:27), monitoring point 
13 (09:15:23-09:15:32), monitoring point 
12 (09:15:40-09:15:49) can be regarded as the result 
affected by the same noise. It is more meaningful  
to mine association rules from airport noise value 
among multiple monitoring points which is affected 
by the same affection factor. Therefore, a noise event 
is regarded as a transaction record, and monitoring 
points affected by the noise event is considered as 
item-set in the transaction record. Such noise events 
from Table 1 are intercepted to make up initial data 
set of association rules. 

For example, such a transaction record  
is intercepted. The item of the record is i jP t a− = , 

where i  is the number of monitoring point,  
and jt  is the difference of monitoring time  

of the monitoring point and the measured noise value 
for the first time under the noise event, a  refers  
to monitor value. Supposing the moment  
of measuring noise data for the first time under  
the noise event is 0t , then item-sets are generated, 

such as P11-t0=67, P14-t7=67. 
 

3.2.3. Data Reducing 
 
In order to improve the efficiency of association 

rules and shorten the time of mining association 
rules, we can reduce the initial data set and remove 
these unnecessary data. Obviously, noise value 
monitored by those monitoring points which are  
on the aircraft flight path is more worthy of attention 
and more meaningful to predict aircraft noise value 
than those are not on the flight path. Direction  
of the runway is regarded as X-axis, and direction 
perpendicular to the runway is Y-axis. A Cartesian 
coordinate system is established. All monitoring 
points listed in Section 2.2.2 are noted  
in the Cartesian coordinate system, as is shown  
in Fig. 1. 

 
 

 
 

Fig. 1. Location of Noise Monitoring Points. 
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In Fig. 1, according to the order of noise 
11 14 18 13 12→ → → → , it is clear that in this 
period, airplane is flying following the track  
of 11 14 13 12→ → → . Monitoring Point 18 is 
obviously not on the normal flight path of aircraft. 

We are more concerned about monitoring points 
which are on the flight path of aircraft. Therefore, 
monitoring Point 18 is removed and monitoring point 
data on the flight path is obtained so as to achieve  
the goal of streamlining the initial data set. 

 
 

3.2.4. Data Integration and Conversion 
 

1) Integrate data. 
According to transaction records intercepted  

from Section 2.2.1, arrangement of removing 

monitoring points which are not on flight path is 
shown in Table 2. 

2) Transform data value into data interval. 
As is shown in Table 2, if noise value is used as 

initial data set of association rules directly, then  
the support level of association rule mining will be 
quite low. Therefore, noise value can be transformed 
into data interval so as to improve the support level 
of association rules. Since most of noise is focused 
on interval of [65, 80], bisection method is used  
to divide noise value into following intervals: 

 
0, 65],[66, 68],[69, 71],[72, 74],[75, 77],[78,80],[81, )+∞（

 
Noise value in Table 2 is transformed into one  
of the above intervals, as is shown in Table 3. 

 
 

Table 2. Data integration table. 
 

Event Monitoring point 11 Monitoring point 14 Monitoring point 13 Monitoring point 12 

1 

11 0P t− =67 

11 1P t− =68 

… 

11 9P t− =65 

14 7P t− =67 

14 8P t− =69 

… 

14 16P t− =66 

13 23P t− =70 

13 24P t− =70 

… 

13 32P t− =68 

12 40P t− =68 

12 41P t− =69 

… 

12 49P t− =70 

2 

11 0P t− =67 

11 1P t− =67 

… 

11 15P t− =66 

14 8P t− =65 

14 9P t− =68 

… 

14 27P t− =66 

13 22P t− =68 

13 23P t− =69 

… 

13 34P t− =68 

12 38P t− =66 

12 39P t− =67 

… 

12 53P t− =68 

… … … … … 
 
 

Table 3. Data table after transforming noise value into intervals. 
 

Event Monitoring point 11 Monitoring point 14 Monitoring point 13 Monitoring point 12 

1 

11 0P t− =[66,68] 

11 1P t− =[66,68] 

… 

11 9P t− =(0,65] 

14 7P t− =[66,68] 

14 8P t− =[69,71] 

… 

14 16P t− =[66,68] 

13 23P t− =[69,71] 

13 24P t− =[69,71] 

… 

13 32P t− =[66,68] 

12 40P t− =[66,68] 

12 41P t− =[69,71] 

… 

12 49P t− =[69,71] 

2 

11 0P t− =[66,68] 

11 1P t− =[66,68] 

… 

11 15P t− =[66,68] 

14 8P t− =(0,65] 

14 9P t− =[66,68] 

… 

14 27P t− =[66,68] 

13 22P t− =[66,68] 

13 23P t− =[69,71] 

… 

13 34P t− =[66,68] 

12 38P t− =[66,68] 

12 39P t− =[66,68] 

… 

12 53P t− =[66,68] 

… … … … … 
 
 

3.3. ATNSOA-Apriori Algorithm 
  
Against the shortness of Apriori algorithm and 

according to the particular application context  
of airport monitoring points data set, this paper 
improves Apriori algorithm and proposes a new 
association rule mining algorithm called  
ATNSOA-Apriori. 

Process of ATNSOA-Apriori is similar to Apriori 
algorithm. The database is scanned for just once, and 
data extracted from database will be stored into  
a two-dimensional array. In the two-dimensional 

array, rows refer to each record of database, and 
columns refer to items of database. When calculating 
each support level of each item-set, we only scan  
the two-dimensional array rather than scanning  
the database repeatedly. The process is as follows: 

The database is scanned and each record will be 
stored into the two-dimensional array, if the record 
contains the same item-set, then “1” will be put  
in the column corresponding to the row of the two-
dimensional array which stores the record, else “0” 
will be put instead. When all records are stored  
in the two-dimensional array, summation of each 
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column will be calculated, and the summation will be 
compared with the minimal support level count to get 
frequent 1 item-sets. The frequent 1 item-sets will be 
stored into frequent item-set array. 

When forming frequent multiple item-sets, firstly, 
the frequent 1 item-sets of the same monitoring point 
are joined; secondly, the multiple item-sets  
of different monitoring points are joined; lastly, 
frequent tem-sets of different monitoring points 
which meet minimal support level will be stored into 
frequent item-set array. When calculating support 
level count, we only need to scan the corresponding 
columns of the array. If value of all columns  
of one row is “1”, then the support level count  
of the item is increased by 1. 

Description of ATNSOA-Apriori Algorithm is 
summarized as follows: 

 
Input: noise data set M of airport monitoring 

point, minimal support level count N  
Output: association rules of M 
Step 1 Cluster. M is clustering by using 

DENCLUE Algorithm to find represent point 
of each cluster, with the aim of narrowing 
the initial data set as Z. 

Step 2 Data preprocessing. Z is preprocessed 
to get the initial database P. 

Step 3 Generate frequent 1 item-set. P is 
scanned and two-dimensional array K[m][n] is 
initialized. Frequent 1 item-sets is generated. 

Step 4 Generate frequent multiple item-sets. 
The frequent 1 item-sets are joined, and frequent 
multiple item-sets is formed by pruning. Process 
of pruning is likely to Apriori Algorithm. 

Step 5 Generate association rules. If ABCD  
and AB  are both frequent item-sets, then the rule 
AB CD  is tenable if the confidence level 

s ( )/ s ( )conf upp ABCD upp AB=  is not less than 

the minimal confidence level. 
Step 6 Output association rules. Association 

rules whose value refers to the interest method 
in [3] is being output. 

 
 

4. Experimental Results and Analysis 
 
1) The monitoring data from 1 May 2010 to 

10 May of a domestic airport is regarded as  
the initial experimental data, and ATNSOA-Apriori  
Algorithm is adopted to mine association  
rules. The rules are as follows: 

1 2 1 3 4 2( ) 1 2( ) 2[ , ], [ , ],..., [ , ]i j i j i n n j n jP t a a P t a a P t a a+ − + − +− = − = − = 

1 2 1 3 4 2( ) 1 2( ) 2[ , ], [ , ],..., [ , ]k l k l k m m l m lP t b b P t b b P t b b+ − + − +− = − = − =

1 2(sup , )s conf s= = , where ,i k  are the number of 

monitoring points, , , ,j l m n N∈  and ,j n l m≤ ≤ , 

1 20 1, 0s s≤ ≤ ≥ . 

Example: 11 0 11 1[66,68], [66,68]P t P t− = − =   

14 8 14 9(0,65], [66,68], 33%, 69%P t P t s c− = − = = =
Taking the above rule as an example, if the value  

of monitoring point 11 is in [66,68]  at time 0t  and in 

[66,68]  at time 1t , we can draw a conclusion that the 

value of point 14 is in (0,65]  at time 8t  and in 

[66,68]  at time 9t , whose support level is 33 % and 

confident level is 69 %. As a result, we use the 
known point values to predict the unknown point 
values through these rules. 

2) Comparison of Apriori Algorithm and 
ATNSOA-Apriori Algorithm  

a. Comparison of running time and  
record number  

When support level value is set as 0.35, Apriori 
Algorithm and ATNSOA-Apriori Algorithm are used 
to mine association rules respectively. The record 
number is from 20 to 180 in experiments and 
concrete result is as shown in Fig. 2. 

 
 

 
 

Fig. 2. Relationship of running time and record number. 
 
 

As can be seen from Fig. 2, execution speed of 
ATNSOA-Apriori is faster than Apriori Algorithm 
under the same conditions. It is because the former 
adopts optimized algorithm to reduce the candidate 
attribute sets generated by joining operation, so as  
to improve the speed. 

b. Comparison of running time and minimal 
support level  

Record number is set as 100. Comparing Apriori 
Algorithm with ATNSOA-Apriori Algorithm, we can 
get a result shown in Fig. 3.  

 
 

 
 
Fig. 3. Relationship of running time and support level. 
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It is obviously that execution speed of ATNSOA-
Apriori is faster than Apriori Algorithm. The later 
need to scan the database when generating frequent 
item-sets, while the former only need to scan 
database for one time. Therefore, cost of Apriori 
Algorithm is bigger and execution time is longer. 

 
 

5. Conclusions 
 
For characteristics of data set of airport noise 

monitoring points, this paper proposes a new 
association rules mining method called  
ATNSOA-Apriori Algorithm which is based  
on Apriori Algorithm to mine association rules  
of monitoring points data set. At last, the proposed 
algorithm is tested and verified its effectiveness by 
historical noise data set of a domestic airport. 
Experimental results show that the mining 
association rules can predict noise value  
of monitoring point accurately. 
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