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Abstract: Currently, mobile networks and their 

applications have been developed quickly. Mobile 

users not only request various types of information, 

but also demand on Quality of Service (QoS). One of 

the measures to improve QoS is to apply mobile users’ 

location prediction method. Mobile users’ location 

prediction applications include automatic bandwidth 

adjustment, smart handover etc. To further improve 

QoS, we propose a new algorithm named 

UMP_Add_New algorithm which helps us avoid 

scanning of full database again. This algorithm mines 

the new dataset (new transactions are added to the 

database)In addition, to improve the accuracy of 

mobile users’ location prediction, we propose a data 

classification method by time. The experimental 

results show that the UMP_Add_New algorithm has 

implementation time less than the UMPMining 

traditional algorithms did. Accuracy of the prediction 

by our method was also improved significantly. 

Keywords: Location prediction, cellular networks, 

Mobility prediction, Data mining, Quality of Service. 

I. INTRODUCTION 

Currently, with rapid development of cellular 

communication networks, many people use their 

mobile devices to search for information on the 

internet. Almost everyone has a mobile device such as 

mobile phones, mobile tablets, notebook, etc. Many 

people also search for information as traveling all over 

the world. At about 6.8 billion mobile phones are used 

around the world in 2013 at the rate of 96, 97% of the 

world population [1]. Therefore, the big question for 

mobile operatiors is how to ensure the quality of 

service of mobile networks to meet customer’s 

demands. 

In cellular communication networks [2], a mobile 

user can move from one location to another one, 

which is a neighbor cell in the network. When mobile 

users move like that, the location of mobile users will 

be constantly updated to Visitor Location Register 

(VLR) [3-5] of the system. VLR is an intermediate 

database to store temporary information about mobile 

users in the service area of Mobile Switching Center 

(MSC). Mobile users’ location information then is 

transferred to home location register (HLR). The HLR 

is a database which is a long-term storage of mobile 

users’ information. The movement history of mobile 

users is extracted from the log files and stored in the 

HLR of the MSC. The historical data is used to 

predict the mobility of mobile users. 

Some researchers applied the data mining 

techniques and other methods with the aim of solving 

the problem of cell communication networks, such as 

mobility, disconnect, long delay time, handover, 

bandwidth continuously changing... However, these 

methods have long execution time, offline running. 

Therefore, to further improve the quality of service of 

the mobile networks, we propose new contributions as 

follows: 

 We propose the UMP_Add_New algorithm to 

avoid scanning of the full database again. This 

algorithm mines the new dataset (new 

transactions are added to the database). Therefore,  

mobile service providers (MSPs) can supply their 

applications more efficiently.  

 We propose a method to improve the accuracy of 

mobile users’ mobility prediction (data 

classification by time). 

Our paper is organized as follows. In section 2, we 

present related works. In section 3, we present our 

proposed algorithm. In section 4, we propose a new 
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method to improve the accuracy of mobile users’ 

mobility prediction. The results of the experiments are 

presented in section 5. The conclusion is given in 

section 6.  

II. RELATED WORKS 

The techniques which mine the movement patterns 

of mobile users is mentioned in the article [6-9], 

The articles propose the movement patterns mining 

algorithms of mobile users.  the movement rules from 

these patterns, and the next location prediction of 

mobile users. 

With experiment results of [12], the prediction 

accuracy is 70%, while [10] is 20% and [11] is 52%. 

The algorithm in [13] applied the Apriori algorithm 

in grid computing, but this paper does not take into 

account the network topology while creating the 

candidates. 

In [14], Byungjin Jeong applied the UMPMining 

algorithm to perform the decision smart handover for 

reducing the number of unnecessary handover in 

architecture Macro/Femto-cell networks. 

Vincent Etter et al. [20] have built user-specific 

models that learn from their mobility history. 

Authors developed several mobility predictors, 

based on graphical models, neural networks, and 

decision trees. Their prediction reaches an average  

accuracy of more than 56% (the users' next destination 

in Nokia MDC dataset). 

Ying Zhu et al. [21] proposed a mobility 

prediction method. This is the first one to extract the 

feature data like visit location, Bluetooth, address 

book, call log etc. 

Authors proposed a method that applied fuzzy 

logic technology to predict next location of mobile 

user. Their experimental result shows that maximum 

accuracy is up to 72%. 

However, to evaluate efficiently the accuracy of 

methods, we should use a similar dataset. In addition, 

authors in [20], [21] hadn’t given a new solution when 

having more new transactions.  

In [22], Anastasios Noulas et al. applied two 

supervised learning models, based on linear regression 

and M5 model trees. Authors studied the problem of 

predicting the next venue which a mobile user will 

visit by exploring the predictive power offered by 

different facets of user’s behavior. However, this 

method can’t apply to cellular networks due to dataset 

in [22] was created in user check-in data generated in 

Foursquare (Foursquare is one of the most popular 

location-based services, with more than 20 million 

users as of April 2012.). This data is different from 

data of cellular networks. In cellular networks, mobile 

users can move to one cell among six cells neighbor, 

while in Foursquare, mobile user can check-in 

anywhere  in the world. 

To improve the quality of service (QoS) for 

mobile networks, in [15], authors presented two new 

algorithms (Find_UMP_1 and Find_UMP_2). The 

Find_UMP_1 algorithm reduces the runtime of the 

UMP Mining algorithm [12] (down 25.18% runtime) 

and the Find_UMP_2 algorithm reduces more runtime 

than the Find_UMP_1 algorithm (down 66.82% 

runtime). However, to improve further the quality of 

services, we propose a new algorithm named the 

UMP_Add_New algorithm. This algorithm has the 

runtime reduction (66.54%) in compare with the 

Find_UMP_2 algorithm (see experimental section 5). 

Following is the algorithm that we propose: 

III. THE UMP_ADD_NEW ALGORITHM 

In this part, we develop the incremental algorithm 

[16-18] to find the frequent set from  large and 

changable database. Firstly, we explore the formal 

concepts and the Galois lattice, which were given by 

Will (1982). R. Godin (1995) proposed his 

incremental algorithm to find the formal concepts and 

build “Hasse” chart for the concept lattice. This part 

surveys the relation between the concept set and the 

frequent set (large set), which apply Godin’s concept 

creation algorithm. 

The basic concepts are presented as follows: 

Definition 1: Concept Context 

Given O is a non-empty limited set of objects and I 

is a non-empty limited set of binary attributes. –Let R 

be  a two-subject relation on O and I, R  O  I.  
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A triple (O, I, R) is a concept context. Table 1 is an 

example of a concept context. 

Table 1. A concept context 

 i1 i2 i3 i4 

o0 1 1 0 0 

o1 1 1 1 0 

o2 1 1 1 0 

o3 1 0 1 1 

 

Definition 2: Galois Connection 

Given a data mining context (O, I, R), consider 

two functions  and , defined as follows:    P(I)  

P(O) and  P(O)  P(I):   

Given S  I, (S) = {o  O   i  S, (o, i)  R}  (1) 

Given X  O, (X) = {i  I   o  X, (o,i)  R} (2) 

Where P(X) is a set of subsets of X. A pair of 

function (, ) is defined in such that way called  

Galois Connection. 

(S) value denotes a set of transactions that have 

common all cells in S. (X) value denotes a set of 

cells that have in all transactions of X. 

Definition 3: Formal Concept  

 Given the concept context (O, I, R) and (, ) is 

the Galois Connections, a pair (X, S) with X P(O) 

and S P(I) such that X = (S) and S = (X) are the 

formal concept of (O, I, R), in which X is called 

“extent” and S is called “intent” of the concept (X, S). 

Denoted  B(O, I, R) is the formal concepts set, 

which is created from (O, I, R). 

Example 1: The formal concepts of the concept 

context in table 1 are: C1 = ({o0, o1, o2, o3}, {i1}); C2 = 

({o0, o1, o2}, {i1, i2}); C3 = ({o1, o2, o3}, {i1, i3}); C4 = 

({o1, o2}, {i1, i2, i3}); C5 = ({o3}, {i1, i3, i4}); C6 = (, 

{i1, i2, i3, i4})  

Property 1: The set X and the set S of the formal 

concept (X, S) is the closed set. 

Indeed, X = (S) and S = (X).  

Where h =  o  and h’ =  o .  

Therefore, X = (S) = ((X)) = o(X) = h’(X) (3) 

and            S = (X) = ((S)) = o(S) = h(S)        (4) 

Definition 4: Concept Lattice  

Given context (O, I, R), (, ) is the Galois 

connection. In B (O, I, R), we define an order relation 

“” such that C1 = (X1, S1) and C2 = (X2, S2) then  

                    C1  C2  X1  X2                  (5) 

The above definitions lead to the basic theorem of 

Wille to confirm that (B (O, I, R), ) is a complete 

lattice.   

Theorem 1:  

Given a concept context (O, I, R), call B (O, I, R) 

is a set of all formal concepts of (O, I, R) and “” is 

an order relation of concepts, then (B (O, I, R), ) is a 

complete lattice in which the operation “join” and the 

operation “meet” are defined as follows: 

 jϵJ (Xj, Sj) = (h’( jϵJ Xj),  jϵJ Sj)    (6) 

 jϵJ (Xj, Sj) = (( jϵJ Xj), h( jϵJ Sj))    (7) 

Where J is an index set of all formal concepts of 

(O, I, R). 

If C1  C2, then concept C2 is ancestor of C1 and C1 

is descendant of C2. If C2 is a direct superior of C1, 

then C2 is father of C1 and C1 is child of C2. We can 

use “Hasse” chart to perform the concept lattice. If C1 

is child of C2, then C1 will have an edge join to C2.  

( , {i1, i2, i3, i4})

({o3}, {i1, i3, i4})({o1, o2}, {i1, i2, i3})

({o0, o1, o2}, {i1, i2}) ({o1, o2, o3}, {i1, i3})

({o0, o1, o2, o3}, {i1})C1

C2 C3

C4
C5

C6

 

Figure 1. The “Hasse” chart of the concept lattice  

Figure 1 is the “Hasse” chart of the concept lattice 

corresponding with the context in Table 1. 

Definition 5: Frequent Concepts and Maximum 

Frequent Concept on “intent”. 
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Given the context (O, I, R) and the formal concepts 

set B (O, I, R). Concept C = (X, S) is a frequent 

concept on minimum frequent threshold minsupp  

(0, 1] if and only if |X|/|O| ≥ minsupp.  

Denoted FC (O, I, R, minsupp) is the frequent 

concepts set on threshold “minsupp”. 

Concept Cm = (Xm, Sm)  FC (O, I, R, minsupp) is 

maximum frequent concept in “intent” if not exist 

concept Cn = (Xn, Sn)  FC (O, I, R, minsupp) such 

that Cm  Cn and Sm  Sn. If threshold minsupp = 0.5 

then C1, C2, C3, C4 are the Frequent Concepts, in 

which C4 is the Maximal Frequent Concept on 

“intent”. 

Use algorithm to create the concept lattice to find 

the frequent set (large set) 

This part presents the idea of Godin to build the 

incremental algorithm, which creates the concept 

lattice from the data mining context, in which there 

are clauses 1, 2, 3 as follows: 

Clause 1: 

If we insert a node N = ({o*}, ({o*}) into lattice 

L, then all nodes (X, S) of lattice L, with S  ({o*}) 

are updated to (X  {o*}, S). 

Clause 2: 

If (X’, S’) = inf {(X, S)  L | S’ = S ({o*})} 

and not exist (E, S)  L, then they will create a new 

node (X’, S’), that is calculated as above. The element 

(X, S) is called the birth element of new concept. The 

birth element is child of a new node. 

Clause 3: 

Father of node (X, S) is a new node or a repaired 

node (X’, S’) such that (X’, S’) = sup {(X, S)  L | S’ 

 S}. 

Based on the above results, R. Godin (1995) built 

the incremental algorithm to create the concept lattice 

from the formal context. To find the frequent set, this 

algorithm was improved in which the concept (X, S) 

of the Godin algorithm changed into (|(S)|,S),   

where |(S)| is the number of transactions containing 

the cell set of cellular networks. 

The following is the UMP_Add_New algorithm 

applied for the mobility matrix of mobile users: 

UMP_Add_New algorithm 

Input: minsupp: minimum support threshold,  
           Mdd: mobility matrix,  
           G: mobile coverage graph  
Output: New large set: L 
 

1. If i=1 then       //the first run 

2.   L =         //initially the large set is empty 

3.   Find_L1() //finding the large candidates have length-1 

4.     for (k=2; Lk-1; k++) do 

5.       Find_Lk()        // create Lk from Lk-1 

6.       L = L  Lk 

7.     endfor  

8. Else                  // from the second run 

9.   Find Cinew and Linew 

10.   for each  (c  Cinew)  

11.    if  c  Ci   then        // old candidate sets 

12.      supptotal=s.supp + c.supp //s  Ci and s = c 

13.      s.supp = supptotal 

14.      if supptotal >= minsupp then 

15.           if c  Li then      // old large sets       

16.             l.supp = supptotal   //l  Li;  l=c=s 

17.            else  // c  Li 

18.               Li = Li  c 

19.               Find_Lk() 

20.            endif   

21.      else //    c  Ci  

22.            Ci = Ci  c 

23.            if  (c.supp >= minsupp)  then 

24.                 Li = Li  c 

25.              Find_Lk() 

26.            endif 

27.       endif 

28.    endif 

29. Endfor 

30. Endif 

31. return L 

We develop the incremental algorithm to find the 

large sets from the mobile database. The proposed 

algorithm is named UMP_Add_New. To avoid 

scanning of full database again, this algorithm 
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executes to mine the new dataset (new transactions are 

added to the database). The purpose of this algorithm 

is to reduce the execution time of mining the mobile 

user’s movements. Therefore, the mobile service 

providers (MSPs) can supply their applications more 

efficiently. 

While running the UMP_Add_New algorithm for 

the first time (i = 1), we find the candidate set Ci and 

the large pattern Li are stored in an array. While 

running this algorithm for the second time or more (i 

> 1), we use the old result table and insert new results 

in it. 

The Find_L1() function (line 3) and the Find_LK() 

function (line 5, 19 and 25) are also the same as [15]. 

Find_L1 Function:  find L1 
Input:  minsupp: minimum support threshold; 

           Mdd; mobility matrix; G: mobile coverage graph 

Output: L1: large set has length-1 

1. L1 =          

2. For each (i  I  and j  field of Mdd) //i: cell ID 

and it is also a column of Mdd 

3.       S={s | s  Mdd and sij  0} 

4.       For each s  S 

5.              s.count = s.count + 1 

6.       Endfor 

7. Endfor 

8. L = {s | s  C1, s.count ≥ minsupp} 

9. L1 = L1  L 

10. Return L1 

 

Find_Lk (Lk-1) Function:  create Lk from Lk-1 
Input:   Lk-1: large set has length-(k-1); graph G;  

             Mdd: mobility matrix  

Output: Lk: large set has length-k 

1. Lk =  

2. For (each X  Lk-1) do 

3.    For (each Y  Lk-1 and X  Y) do  

4.       S = X  Y           

5.       S = {s1,s2,…,sk-1,sk}   //sk: a set of cells has link 

with sk-1 of G 
6.       if (|S| = k and SP(S) ≥ minsupp) then  

7.                  Lk = Lk  {S} 

8.        Endif 

9.     Endfor 

10. Endfor 

11. Return Lk  

The old result table is the candidate sets Ci and the 

large patterns Li. This algorithm uses the previous 

results and takes update to the mobility patterns as 

follows: 

- Finding the candidate patterns (Cinew) from the 

new dataset. 

- The support value is calculated for each sequence 

c  Cinew,  if the minsupp value is satisfied. 

- Update the candidate patterns (if c.supp ≥ 

minsupp) to the old candidate patterns (Ci, Li). 

- Returning the new large set: L. 

IV. IMPROVING THE ACCURACY OF 

PREDICTION 

To improve the accuracy of prediction, we 

perform the data classification by time of the input 

data as follows: 

As shown in Figure 3, data from Home Location 

Register (HLR) are transferred to the time 

classification module. This data is classified into three 

classes as follows: 

-  Morning class:     0:00   12:00  

-  Afternoon class:  12:00  18:00  

-  Evening class:     18:00   24:00  

Data from HLR

Time Classification

The mobility prediction

Begin

End
 

 

Figure 3. Input data classification flowchart 
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By the data classification as above, we show that 

the accuracy of the mobility prediction is increased 

significantly as in section V.2 

V. EXPERIMENTAL RESULTS 

V.1. The UMP_Add_New Algorithm 

In this section, we consider the performance of the 

UMP_Add_New algorithms and compare it with the 

performance of the Find_UMP_2 algorithm [15] in 

terms of the execution time. 

Our experimental environments are given in Table 

2. Training dataset and Testing dataset used form [19]. 

Training dataset: the number of UAPs. Training 

datasets include three sets given in Table 3 
(1) 

Table 2. Experimental environments 

Name Parameter 

Processor Intel Core i3-2330M, 
2.20GHz 

RAM 4 GB 

Operating System 32-bit  

Programming 
language 

Microsoft Visual Studio 2005 

Database 
management 
system 

SQL Server 2005 

Table 3. Training datasets 

Name Number of transactions of 
mobile users 

Dataset 1 56198 

Dataset 2 68787 

These datasets are the actual database of mobile 

users. The database is transformed from the User ID 

to the integer n (n = 1, 2, 3 ...) and they cannot be 

decoded to protect customer information. 

- The testing dataset is UAPs; it is used to evaluate 

the accuracy of the users’ mobility prediction. 

Testing dataset contains 7207 transactions of 

users. 

                                                      
(1)

 Appendix in References 

The number of Base Transceiver System (BTS): 351. 

 When not applying the algorithm 

UMP_Add_New: 

Each update a new dataset, we perform as follows: 

- Database (total) = database (old) + database (new) 

- Running the Find_UMP_2 algorithm for database 

(total). 

 When applying the UMP_Add_New algorithm: 

We perform as follows: 

- Get the old results (Ci, Li). 

- Running the UMP_Add_New algorithm for the 

new database and update the result with the old 

results  new results. 

 

To compare the results of the two methods above, 

we have the actual results as follows: 

- Database (old): dataset 1 (the number of records is 

56 198). 

- Database (new) dataset 2 (the number of records 

is 68 787). 

- Database (total): dataset 1 + dataset 2 (the number 

of records is 124 985) 

- The execution time is 214 seconds. 

 

When running UMP_Add_New algorithm, the 

execution time is 90 seconds (down 57.94%), ss 

shown in Figure 4. 

 

 
 

Figure 4. The execution time of two algorithms 
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V.2. Data classification by time 

The common training dataset has 1179034 records. 

The testing dataset has 250403 records. They are 

devided as follows. After these datasets through the 

time classification module, they are classed as  in 

Table 4: 

Table 4. The time classification of the training and 

testing datasets 

 Morning 

class 

Afternoon 

class 

Evening 

class 

Training 

dataset 

507030 443293 228711 

Testing 

dataset 

30464 107281 112658 

 

After standard, the input data, we have the training 

dataset and the testing dataset as follows: 

 

Table 5. The standard data  

 Morning 

class 

Afternoon 

class 

Evening 

class 

Training 

dataset 

18662 14347 5581 

Testing 

dataset 

237 1846 2024 

 

 Changing of the recall values according to the 

minsupp values: 

When changing the minsupp value, then the recall 

value changes as in Figures 5-7: 

- Morning classified dataset: 

 

 
 

Figure 5. Compare the recall (morning class) 

 

With the morning classification, the recall values 

are improved at the first minsupp values from 0.5  

1.3. (Rate increased from 5% to 6%).   

 

- Afternoon classified dataset: 

 

 
Figure 6. Compare the recall (afternoon class) 

 

With the afternoon classification, the recall values 

are improved at the minsupp values from 0.5  1.5 

and from 2.5  3.5 (rate increased from 1% to 37%).   

 

- Evening classified dataset: 

 

 
Figure 7. Compare the recall (evening class) 

 

With the evening classification, the recall values 

are improved at the minsupp values from 0.5  3.5. 

(Rate increased from 47% to 518%).   

 Changing of the precision values according to the 

minconf values: 

When changing the minconf value, then the 

precision value changes as shown in Figurers 8-10: 
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- Morning classified dataset: 

 

 
 

Figure 8. Compare the precision (morning class) 

 

When the morning classification, the precision 

values are also improved at the first minconf values 

from 1  6 (rate increased from 0.1%  13%).   

- Afternoon classified dataset: 

-  

 
 

Figure 9. Compare the precision (afternoon class) 

 

With the afternoon classification, accuracy rate 

increases the precision values from 0.15%  17%. 

- Evening classified dataset: 

 
 

Figure 10. Compare the precision (evening class) 

 

With the evening classification, accuracy rate 

increases  the precision values from 0.6%  4.9%. 

VI. CONCLUSION 

The UMP_Add_New algorithm is used to increase 

the speed of the Find_UMP_2 algorithm [15] as 

adding new data.  

Benefit of the application of the UMP_Add_New 

algorithm is  that, the system can run “online” in real 

time to ensure QoS (to monitor instantaneous flow 

from which the mobile service providers can adjust 

the network bandwidth effectively implement). 

In addition, we also propose a new method to 

improve the accuracy of the movement predicted of 

mobile users by the input data classification over time. 

The experimental results also show that the accuracy 

of prediction has increased significantly 
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APPPENDIX: The dataset used for experiments 

 The dataset used for our experiments was chosen at 

around Binh Duong province of Vietnam with 

information as follows: 

- The number of Base Transceiver System (BTS):  

351. 

- The number of mobile users: 45462. 

- Training dataset 1: 1179034 records. After the data 

normalization (as follows), the User Actual Paths 

(UAPs) dataset is 56198 records.  

- Training dataset 2: 1467884 records. After the data 

normalization, the UAPs dataset is 68787 records.  

- Testing dataset: 250403 records. After the data 

normalization, the UAPs dataset is 7207 records. 

 

 To mine data from the HLR (Home Location Register), 

we perform the data normalization through four steps 

as follows: 

Step 1: exchange data from a text file into a structured 

data file (database) 

- Data from the Home Location Register (HLR) with the 

following text: 
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 -122- 

0,452028500564855,84945859880,353191034572720,2011

1001,082142,43,0985477139,MTC,848,5924,,,,717,17522,,

,,0,4A40EB0B11,0,2011-10-01 08:21:42 

0,452022020361130,84915749135,356919030975830,2011

1001,082123,62,01234348491,MOC,,,769,1666,,712,12442

,,,,1,35414F04A7,0,2011-10-01 08:21:23 

… 

Step 2: Linking cell_ID 

In the log file retrieved from the HLR, each BTS has a 

cell_ID, which links into a BTS management file of the 

province.  

Step 3:  Extracting some necessary fields of this dataset 

for data mining. 

Step 4: Filter out records that have only one cell (mobile 

users do not move). 

After four steps for the data normalization, we get the 

following database: 
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