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Abstract 

Due to advances in mobile networks and smartphone popularity in recent years, users 

can now connect to the internet anytime from anywhere and social searches are becoming 

popularly. Unlike conventional web searches, the social search provides optimal search 

results according to user preferences. In this paper, we propose a mobile social search 

method based on popularities and user preferences. The popularity is calculated by 

collecting the visiting records of users. The user preferences are generated by the actual 

visiting information among the search results. We process a skyline query to extract the 

meaningful information from the candidate objects with multiple features. The proposed 

method ranks social search results by combining user preferences and popularity with the 

skyline query processing mechanism. To show the superiority of the proposed method, we 

compare it with the existing method through performance evaluation. 

 

Keywords: Social search, Social network, Location based service, Popularity, User 

preferences 

 

1. Introduction 

The rapid development of wireless communication technology and smart phones 

makes it possible to access the internet anywhere and anytime. Since most of the mobile 

devices are equipped with GPS functions, it is easy to obtain the location information of 

mobile users. Recently, mobile social network services are growing quickly due to the 

ubiquity of mobile users. The location based mobile social search is very important for the 

mobile users of mobile social network services. Different from traditional web searches, 

the mobile social search analyzes user preferences from various social network services 

and then takes into account them to search the optimal results for users. The social search 

in mobile environments has important location issues such as how to maintain the recent 

locations and how to rank search results by using location information. Different from 

conventional computing environments, the mobile computing environments should view 

the search results in a mobile phone with a small screen size. Therefore, efficient filtering 

methods are important for mobile social searches [1- 3]. 

Recently, various studies have been conducted to provide effective social search 

services. The popularity and experts rating are used for improving social searches [1]. 

Popularity is evaluated by analyzing contents published in social network services and 

historical searching keywords. The related experts are selected based on the obtained 

keywords. The rating information about the selected experts is used for improving social 

searches. However, the problem is that the popularity and experts rating cannot represent 

personal preferences of each mobile user. The existing social search methods based on 

user preferences were proposed to improve social searches. In order to do this, user 

behaviors can be obtained by analyzing social data collected from social network services. 

The related social data within a specific period has to be collected [7-8]. If enough related 
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social data cannot be collected, the accuracy of social search results will be affected. In 

[9], the profile information of users is used for social search. In this method, when 

performing mobile social searches, the profile information of users is considered. The 

problem is that most of the user profile information is not changed from the first time they 

are registered in spite that user preferences may change when time passes. Therefore, 

profile information of users also cannot represent user preferences well. 

User location information can be collected and used from social network services. 

Since the location information is highly related with user privacy, some anonymous data 

collection techniques [4-5] are used to collect user location data. The location data used in 

social search services is different from that used in location search services [6]. Location 

search services need to search precise location data, while social search services utilize 

location to search social data but do not need to collect precise location data. 

In order to resolve the problems of the existing methods, in this paper, we propose a 

mobile social search method that considers popularity and user preferences. The 

popularity is calculated by collecting real visiting records of users in the social network 

services. The user preferences are evaluated by analyzing the social data such as 

published contents, tags, and email of users in social network services. We process a 

skyline query to extract the meaningful information from the candidate data sets with 

multiple features. The proposed method ranks search results by combining user 

preferences and popularity with the skyline query processing mechanism. 

The remainder of this paper is organized as follows. Related work is covered in Section 

2. We present the proposed method in Section 3. Experiment evaluations are presented in 

Section 4. Finally, Section 5 contains our conclusions and future works. 

 

2. Related Work 

In order to support social searches, user preferences are important to be obtained. 

Generally, user preferences are obtained by analyzing collected social data. The 

implicit social data collection methods obtain social data from user life with the 

approval of users. Social data is collected to evaluate user preferences, such as 

emails, messages, location information, and various actions from social network 

services. In [7], SLANT was proposed to search results by using user information 

collected from emails and twitter, such as analyzing the keywords and links in email 

bodies and follower information. The hot search keywords of historical social search 

results in social network services can be obtained. In SLANT, social data can be 

collected only when getting approval from users because of privacy problems. In 

order to obtain user preferences reliably, social data needs to be collected at least 

one month from the time when getting approval from users. 

In order to reduce the period time of data collection, explicit data collection 

methods evaluate user preferences by collecting user profile data from register 

information of users. The user preferences are used to improve social searches. In 

[9], user social data was collected by using explicit data collection methods when 

users join social network services. The user similarity is computed by taking the 

keywords of user profile information. Users are assigned to different groups 

according to their user similarity. The user information of the same group is used to 

improve social searches. For instance, if user j has profile information such as 

keywords a, b, c, and d, and user i has profile information such as keywords c and d, 

the user similarity between user i and user j is 0.5. Like this, the user similarity is 

computed by using the profile information when a new user joins a social network 

service. The problem is that user profile information is not changed when time 

passes but user preferences are changed. Therefore, this method cannot represent 

user preferences well. 
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3. Proposed Social Search Method 
 

3.1. System Structure of the Proposed Method 

In this Section, we propose an efficient social search method in location based mobile 

services. The proposed method consists of four steps. First, the candidate location sets are 

generated by analyzing historical search keywords. The unavailable locations are removed 

during the first step. Second, the popularity of each location is evaluated by using the 

access records of users that can be obtained from the existing social network services. 

Third, the meaningful locations are selected by using the skyline query processing 

mechanism and the user preferences are evaluated by using the weight values of the 

selected locations. Finally, the mobile social search results are provided to the users 

according to ranking values that are computed by combining the popularity and user 

preferences. 

Figure 1 shows the system structure of the proposed method. The collector module is 

used to gather user information from the social network services. User information, 

location, search results, and visiting records of users are collected and stored in databases. 

The location data is stored only when the data is not in the server or update is needed. The 

unique ID is assigned to the location data when the location is generated for the first time. 

The related data about the location data are stored in the databases, such as position 

coordinates, shop name, type, and price. If the visiting positions already exist in the 

database, only the user visiting information is recorded, which includes user ID, position, 

and time information. Mobile users use mobile devices to search the requested contents. 

There are four modules used to process search queries from mobile users. The query 

processor module is used to evaluate keywords, time, and location from mobile users. The 

candidate generator module is used to evaluate suitable candidates and popularity values. 

The skyline module is responsible for assigning weight values according to user 

preferences. The ranking engine module is used to compute the final social search results 

according to the popularity generated from the candidate generator module and user 

preferences generated from the skyline module. 

 

 

Figure 1. System Structure of the Proposed Method 

3.2. Database Schemas 

Figure 2 shows the database schema of the proposed method. The collected user social 

data, location data, and visiting records are stored in the database. Some Tables are used 

to store the collected data. The location Table is used to store the detailed information of 

each location, such as the unique ID, name, location coordinates, category, and the 

specified parameter value. In order to improve efficiency, the location data are managed 

hierarchically. The user record Table is used to store visiting information of each user. It 

consists of time, location ID, and feedback. The user Table is used to store the 
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information of user preferences. Each weight value Wi represents user preferences 

according to different attributes. The weight value Wi is updated by using the existing 

feedback data of the user record Table. The user preferences are computed by the 

equation (1), where k is the total number of feedbacks within the most recent T period and 

di is the value of the ith parameter which can be computed by equation (2). In equation 

(2), ni is a normalization value aivi of collected data vi by feedback. ai is a parameter to 

make the normalization value of each attribute within a range 0~1. vi represents the 

attributes (prices, distances) of locations based on the real visiting locations of users. 

 

 

Figure 2. Database Schema 

                                                                                         (1) 

 

                                                                                   (2) 

 

For example, Figure 3 shows 3 feedback data collected from users. Normalized user 

feedback data are the normalization values of user feedback data. The feature value of 

each attribute is computed by equation (2). The user preference is computed by equation 

(1) based on the feature value. 

 

 

Figure 3. Feedback Data Collected from Users 

3.3. Candidate Result Generation 

In the proposed scheme, a visit time is included and transferred with the search 

information. Therefore, the search efficiency can be increased by applying a method of 

assigning a high weight to publicly popular locations in the search time slot utilizing a 

mixed model. The utilization of time information can produce three positive effects. First, 



International Journal of Multimedia and Ubiquitous Engineering 

Vol.10, No.12 (2015) 

 

 

Copyright ⓒ 2015 SERSC      359 

the hours of operation of the search location can be utilized in the search process. These 

can be inferred through the visit records of a corresponding time slot by checking user 

visit records within a valid time range in the search time. Therefore, locations that a user 

cannot visit within the expected visit time slot are excluded from the candidate group 

based on operating hours. Second, effective processing results in response to 

comprehensive queries can be provided. As shown in Figure 4, the most active check-in 

records occur between 12:00 and 20:00. The expected value of a comprehensive keyword, 

such as Restaurant, differs slot by slot when the time is divided into 12:00 to 14:00, 14:00 

to 18:00, and after 18:00. It may be a simple location search for regular meals or a 

location search including Café or Bar depending on the search time. That is, if a query 

requires a wide range of search results, the number of locations to be searched can be 

reduced. Third, unnecessary computations can be decreased. The amount of accumulated 

check-in information collected continuously within a specific period is enormous. 

Therefore, it would take a great deal of time to sort out the rankings of candidates based 

on the assignment of user preference and public popularity scores in each module. 

Therefore, the utilization of time information only exploits check-in information within 

the valid range so that it can reduce the number of candidates, thereby increasing the 

search efficiency and computation speed. 

 

 

Figure 4. Gowalla User Check-In Record by Time 

It is vital to create an appropriate candidate group in order to provide search results 

required by users. Figure 5 shows a candidate-generation process. First, it extracts 

location information that includes a core keyword in the location category information in 

the unit-region Table that corresponds to a user’s current location. Locations that have no 

visit records within the search time are removed from the temporarily generated candidate 

group based on the time information specified by a user. This is because the businesses in 

the removed locations are regarded as not operating in the specified time. Through this 

process, a final candidate list is generated to provide search results. For example, 

assuming that a user called User34 arrives at a meeting place one and a half hours earlier 

than the appointment time, which was 16:00, and searches for a suiTable café nearby to 

wait until the appointment time, he will send a query to the server in the following form: 

<User34, cafe, 36.002453, 145.356363, 20131102T123124>. The server then identifies 

his current location through geocoding based on the latitude and longitude sent by the 

user. Through the location hierarchy structure, the city where the user is currently located 

is searched, and the locations that have cafés in the sub-category field are searched from 

the corresponding city Table. Once an initial candidate list is generated via the search 

keyword, the time information of 14:00 is extracted from the search time 

“20131102T143124.” Locations for which no check-in records are found within the valid 
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time period based on 14:00 are removed from the candidate list. In this way, locations that 

are currently operating can be checked, and nearby cafés that can be visited are included 

in the final candidate list. 

 

 

Figure 5. Candidate Group Generation Process 

In the proposed scheme, the time information v  used to check the operating hours can 

be calculated via Equation (3). A weight is assigned within a valid range of 1
u  and 2

u  

with respect to the past visit times )O(t
i  of each location i

O  based on an expected visit 

time )r(t . Here, 1
u  and 2

u  are values specified by repetitive experiences. If there are no 

visit records within a valid range, locations are removed from the candidate group. They 

are taken into consideration to calculate a popularity score )O(P
i  through weights by 

utilizing time information v  only when visit records are found. 
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3.4. Ranking Algorithm 

The proposed scheme performs a four-step processing procedure to return appropriate 

results to users based on data collected continuously. Once an appropriate candidate group 

is selected based on the user’s current location, popularity and user preference scores are 

calculated via the candidate generator and the skyline process, respectively. The ranking 

engine assigns a final score i
S  through Equation (4) by taking the popularity and user 

preferences. Here, )O(L
i  is the location weight, )O(P

i  is the popularity, and   is the 
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weight for each in a candidate group i
O . The weight   is determined by the search 

frequency. The candidate group is rearranged based on the final score, and the final result 

is returned to the user. 

 

))O(P(Max

)O(P
)(

))O(L(Max

)O(L
S

i

i

i

i
i   1                            (4) 

 

The Query Processor extracts core keywords and coordinates information from the user 

search query. In this way, a candidate group is selected based on the user’s current 

location. The information of the selected candidate locations is calculated as a score in 

which public popularity is considered during the recent period T based on a search period. 

Equation (5) calculates popularity. Here, C  is the number of total visitors of total 

candid )Q(t ate locations during the recent period T , while m  is the number of visitors of 

the corresponding candidate location i
O . The popularity is calculated by assigning a 

higher weight to a more recent visit record 
)O(t

ij  of location i
O  from the query time. In 

addition, a higher weight is given to visit records that have times closer to the search time 

through the time information weight v  according to the search time. 
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The Skyline Module selects objects that are not dependent on specific attribute values 

among search target objects that have multiple attributes. Through this process, 

unnecessary locations can be removed in advance, and priority is given by extracting only 

meaningful locations to users. Therefore, a location weight is calculated by considering 

user preference information with respect to objects selected through the skyline. Equation 

(6) calculates )O(L
i . Here, k

w  is user preference information, while k
n  is a normalized 

attribute value of locations collected through feedback. 
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The Ranking Engine sums popularity scores and location weights, thereby assigning 

rankings and returning the results. Here, a ratio   of popularity score and location weight 

is reflected through the actual search frequency a
f  divided by the search frequency 

threshold t
f , as shown in Equation (7). The constant   that is applied to the calculation 

of   is a value calculated via performance evaluation in various environments. If user 

preference information exceeds the constant value   of the equation, search results in 

which only user preference information is considered (i.e., not general popularity) are 

provided. Therefore, to adjust this, the actual search frequency a
f  should not be 

accumulated such that it exceeds the search frequency threshold t
f , and the applied 

proportion should be limited by the constant  . 
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Figure 6 shows a Top-3 processing procedure in the social search. Generally, search 

results provide all results related to a keyword. As shown in Figure 6(a), nearby 

information is searched based on the location of a user who requests a search from the 

Candidate Generator. Here, locations that have no visit records within a corresponding 

time slot are removed from the candidate list based on the time information transferred by 

a user. Based on the search keyword and time and location information, A, B, C, and D 

are extracted. Then, the weights and popularity of each location considering the search 

time are calculated. The more recent the visit, the higher the weight assigned to calculate 

public popularity. Similarly, the closer the time of the visit to the time requested by a user, 

the higher the weight assigned. The Skyline Module selects locations A and C that are not 

dependent on specific attributes among extracted locations and calculates a location 

weight by considering user preferences. In the Ranking Engine, popularity )O(P
i  and 

location weight )O(L
i  are summed to calculate a final score, as shown in Figure 6(b). The 

proportions of popularity and location weight vary depending on the user’s search 

frequency. If the user’s search frequency shows a 65% utilization rate during a unit 

period, the proportion of location weight exceeds that of public popularity. Based on this 

result, a final rank is given for each location, thereby providing A, C, and D to the user. If 

the user requests additional information using a scroll, locations with rankings lower than 

B are provided. 

 

 

(a) Candidate Generator and Skyline Process 

 

(B) Ranking Engine 

Figure 6. Social Search Processing Procedure 



International Journal of Multimedia and Ubiquitous Engineering 

Vol.10, No.12 (2015) 

 

 

Copyright ⓒ 2015 SERSC      363 

4. Performance Evaluation 
 

4.1. Experiment Environment 

In order to show the superiority of the proposed method, we compare it with the 

existing method [1] through performance evaluation in the same experimental 

environment. In [1], the objective popularity and experts rating are used for a social 

search. However, user personal preferences are not considered during a social search. By 

the experimental results, we can see the objectivity of [1] and identify the advantage of 

the proposed method which uses user preferences by using the average value of each 

attribute of the results in [1]. We conducted our experiments on a desktop PC running on 

Windows 7 professional. The PC has an Intel core i5-3570K 3.20GHz CPU and 8GB 

memory. All of the experiments were coded in Java 7.0, and MySQL databases were used 

to store the experimental data. The characteristics of experimental check-in data are 

shown in Table 1, which is collected by using Gowalla APIs in Stanford University. The 

price information is not included in the original data set and the random price data is 

added. Gowalla is a mobile application used to support location based social services. In 

the experiment, the value of β in equation (3) is set to 0.7, which is selected by 

performing several experiments in the environment shown in Table 1. 

Table 1. Gowalla Check-In Data 

Attribute Value 

No. of total users 196,591 

No. of total check-ins 6,442,890 

Collection duration Feb. 2009–Oct. 2010 (20 months) 

Registered locations 24,533 

 

The initial values used in the experiment are shown in Table 2. User preference is 

assigned by using price and distance. In order to show the flexibility of the proposed 

method, the experiments are performed under various types (type1 - type8) of user 

preferences. The search location is 10011 14th St New York in USA, and the search 

radius is within the New York City. 

As shown in Table 2, the same user preference and various search frequencies are 

assigned to type 1, 3 and type 2, 4. Conversely, the same search frequency and various 

user preferences are used from type 5 to type 8. Neutral user preference and extreme user 

preference are assigned for type 5 and type 6, that is to say, users’ preference focuses on a 

certain aspect, such as distance or price. For type 7 and type 8, the user preference is not 

slanted. According to the search location, 707 candidate locations are collected around it. 

In the experiment, the top-20 results are evaluated from the collected 707 candidate 

locations by performing the existing method and the proposed method. 

Table 2. Performance Evaluation Setup Values 

    Attribute 

Type 
Price Distance 

Search 

frequency 

Type 1 0.3 0.7 0.8 

Type 2 0.7 0.3 0.8 

Type 3 0.3 0.7 0.2 

Type 4 0.7 0.3 0.2 

Type 5 0 1 0.6 

Type 6 1 0 0.6 

Type 7 0.5 0.5 0.6 
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4.2. Evaluation Results 

Figure 4 shows the top-20 results of a mobile social search. By comparing types 1, 3 

and types 2, 4, we can see that the user preference is consistent with search frequency. A 

high search frequency implies that the user preference focuses on low prices or short 

distances. Conversely, a low search frequency implies high prices or long distances, 

which is consistent with general user patterns. Since neutral user preferences and extreme 

user preferences are assigned for type 5 and type 6, the differences of the price and 

distance of search results are distinct. Conversely, since the user preference of type 7 and 

type 8 is not slanted, the differences of the price and distance of search results are 

negligible. Since the existing method did not consider user preferences, the price and 

distance of search results are high. 

 

 

Figure 7. Average Ranking According to Various Types 
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Figure 8. Average Network Traffic 

4.3. Network Lifetime 

Figure 9 shows the network life with or without conventional compression algorithms. 

FM (Flooding Method) is an aggregation algorithm based on TAG. To evaluate - the 
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existing compression algorithms, [5] is applied. In the result, the network lifetime of our 

proposed algorithm is prolonged by about 30%. In case of our proposed algorithm with 

the existing compression algorithm, it shows additional energy-efficiency. 
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Figure 9. Network Lifetime 

5. Conclusions 

In this paper, we have proposed a feedback diffusion algorithm based on the variant of 

Huffman coding, called sHuffman. While existing algorithms just exploited local 

distribution, our proposed scheme compresses sensor readings efficiently from global 

distribution. In order to show the superiority of our approach, we compared it with the 

existing aggregation algorithms in terms of the lifetime of the sensor network. As a result, 

our experimental results have shown that the whole network lifetime was prolonged by 

about 30% and we can improve energy efficiency by utilizing existing compression 

algorithms in parallel. Also, we confirmed that it is possible to efficiently collect data by 

utilizing an error of the sensor network and an error bound of the sensor data. In the 

future, we will apply our algorithm to the real sensor network applications. 
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