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Abstract. In recent years, smartphones have become prevalent. Much 
attention is being paid to developing and making use of mobile 
applications that require position information. The Global Positioning 
System (GPS) is a very popular localization technique used by these 
applications because of its high accuracy. However, GPS incurs an 
unacceptable energy consumption, which severely limits the use of 
smartphones and reduces the battery lifetime. Then an urgent 
requirement for these applications is a localization strategy that not only 
provides enough accurate position information to meet users' need but 
also consumes less energy. In this paper, we present an energy-efficient 
localization strategy for smartphone applications. On one hand, it can 
dynamically estimate the next localization time point to avoid 
unnecessary localization operations. On the other hand, it can also 
automatically select the energy-optimal localization method. We 
evaluate the strategy through a series of simulations. Experimental 
results show that it can significantly reduce the localization energy 
consumption of smartphones while ensuring a good satisfaction degree. 

Keywords: smartphone, energy efficiency, localization, mobile 
applications 

1. Introduction 

With smartphones being increasingly pervasive in the past few years, lots of 
Location-Based Applications (LBAs) have been developed to meet the needs 
of human life. Those currently popular LBAs include mobile social networking, 
mobile search, healthcare, traffic monitoring [1, 2, 3], etc. 

The core enabler of LBA is the localization technique, which is used to 
obtain position information. A great number of wireless localization techniques 
have been outlined by Liu et al. [4], among which GPS is preferred to other 
techniques such as WiFi and GSM based positioning system, because of its 
higher accuracy. However, GPS is extremely energy-hungry, which will largely 
shorten battery lifetime of smartphones when GPS based LBAs are running. 
This particular theory has been validated by tremendous experimental results 
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[5, 6, 7]. Meanwhile, how to get position information with minimal energy has 
become one of the primary issues for recent research studies. 

Numerous solutions have been proposed to address the problem of high 
localization energy consumption of GPS. They are mainly classified into three 
categories. The first category is to replace GPS with other methods which are 
more energy-efficient but less accurate, such as WiFi [8, 9] and GSM [10] 
positioning system. The second category is to avoid unnecessary GPS 
localization operations. For instance, it requires no localization operation 
when the user is stationary or the user does not move beyond the limited 
range during a particular period. The third category is to adopt the hybrid 
method which continuously switches among multiple localization techniques. 

In this paper, we present an energy-efficient localization strategy for 
smartphone applications based on the following three observations. First, 
LBAs do not always require the highest accuracy and their accuracy 
requirements will vary as the user moves in general. For example, location-
based social networking application can change accuracy requirement 
depending upon the positions of users. Proximity can be efficiently perceived 
using method proposed by Kupper and Treu [11]. This method calculates the 
required accuracy limit for each user by utilizing the distance between them. 
The accuracy limits might range from 10 meters, if the users are close, to 
several kilometers if they are far apart. Since the application accuracy 
requirement is relaxed as the user moves, a less accurate but more energy-
efficient localization method can be selected. Second, it is always not 
necessary to locate the user again if it has been away for some time while not 
beyond the accuracy limited range. Hence, during the particular period, it 
needs not to locate the user and a waste of energy is avoided. Third, most of 
the time, it is easy to obtain the velocity of a user. We have observed that the 
accelerometer is often used with the method proposed by Brezmes et al. [12, 
13] to detect whether a user is stationary or not. At this time, we can leverage 
accelerometer to determine velocity cheaply. In addition, we can also obtain 
velocity by interacting with intelligent public transport system when we are on 
a bus. 

Based on the above observations, our proposed scheme is designed to 
save energy in two main respects. On one hand, it can reduce localization 
operations by dynamically estimating the localization time point. On the other 
hand, it can select the energy-optimal localization method. 

This paper makes the following contributions: 
1) We present an energy-efficient localization strategy for smartphone 

applications which minimizes the energy consumption while satisfying the 
application accuracy requirement. 

2) We evaluate the effectiveness of the proposed strategy through 
simulations. Experimental results show that our scheme significantly 
outperforms the existing GPS method. 

The remainder of the paper is organized as follows: Section 2 presents the 
related work, which is followed by the introduction of our energy-efficient 
localization strategy in Section 3. In Section 4, we evaluate the performance 
of the proposed strategy. Section 5 concludes the paper. 
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2. Related Work 

Recently, with the ever-increasing quantities of LBAs of smartphones, GPS 
has been frequently used in various applications because it is highly accurate. 
However, GPS is exceedingly energy-hungry. This will largely shorten battery 
lifetime of smartphones when LBAs are running. 

To solve this problem, many previous works have already studied 
alternative localization methods to replace the GPS technique. Otsason et al 
[14] presented a GSM-based indoor localization system. WiFi positioning 
systems were proposed by Khan and Akidi [15]. Additionally, a great number 
of other techniques such as Bluetooth [16, 17, 18], UWB [19, 20], and RFID 
[21, 22], are also used to determine the position information. Nevertheless, 
most of those methods are less accurate. 

Some other works focus on how to improve GPS and combine GPS with 
other methods to conserve energy and prolong battery life. Zhuang et al [23] 
presented a localization framework for smartphone applications, which also 
overviewed energy-efficient localization techniques. Kjargaard [24] 
summarized many energy-saving methods for smartphones from different 
levels. Abdesslem et al. [7, 25, 26] used an accelerometer to detect whether 
the user is stationary or not. If the user has been stationary for a long time, 
GPS is not necessarily used during this period. These works effectively 
avoided unnecessary localization operations when the user is in static state. 
Paek et al [6] presented a rate-adaptive GPS-based positioning system. 
Compared to duty-cycled GPS, this work dynamically estimated the user's 
velocity depending on the location-time history of the user. In fact, it leveraged 
user's daily living habits. Kjaergaad et al [26] used the user's velocity 
measured by GPS to estimate the localization time point, which is more 
inaccurate compared with our velocity sampling algorithm. Farrel et al [27] 
considered to reduce GPS energy consumption by assuming that the 
localization operation is only required when the user enters a specified area. 
Constandache et al [28] added consideration for given energy budget to the 
problem of localization. Lin et al [29] presented a Bayesian estimation 
framework to model users' locations and sensor errors. However, the energy-
optimal localization method is not always selected. 

3. Energy-Efficient Localization 

3.1. Overview 

We consider LBAs of smartphones equipped with GPS, WiFi, and GSM 
positioning interfaces. As the user moves, LBAs need to continually determine 
and update positions. When the user is stationary, we can use the method 
proposed by Huang et al [25, 26, 27] to detect the static state and reduce 



Haifeng Liu, Feng Xia, Zhuo Yang, and Yang Cao 

ComSIS Vol. 8, No. 4, Special Issue, October 2011 1120 

unnecessary localization energy consumption. Hence, we only consider 
energy-efficient localization when the user is always in mobile state. 

Application accuracy requirements vary as the user moves. We assume 
that we can obtain the application accuracy requirement anytime, and let at be 
the application accuracy requirement at time t. If there are multiple 
applications at the same time, at will be equal to the minimum value of 
accuracy at time t. 

Further, for GPS, WiFi, and GSM positioning systems, we make the 
following assumptions. The energy consumption per localization operation for 
the three systems is a constant value, which is denoted with Eg, Ew, and Em 
respectively. Additionally, the localization accuracy is also constant, 
respectively denoted with ag, aw, and am. Moreover, the process of localization 
is assumed to occur instantaneously. 

As for the user's movement in a period of time, let ET denote the total 

energy consumption for duration T, and itE  denote the energy consumption 

at time ti, which is the i th localization time point. ET can be defined as follows. 

 ,3,2,1      321  iEEEEE ittttT                         (1) 

In order to minimize the total energy consumption ET, we propose an 
energy-efficient localization strategy, whose flow chart is depicted in Figure 1. 

 

 

Fig. 1. Flow chart of our energy-efficient localization strategy 

Our solution considers conserving energy consumption in the following two 
respects. First, we avoid unnecessary localization operations by dynamically 
estimating the next localization time point and sampling velocity. If the user 
has been in movement for some time within the range of application accuracy 
limit, it is not necessary to locate the user. Second, when it is time to locate 
the user again, we use the energy-optimal method by calculating the average 
energy consumption of each strategy and selecting the least one. 



An Energy-Efficient Localization Strategy for Smartphones 

ComSIS Vol. 8, No. 4, Special Issue, October 2011 1121 

3.2. Estimating Localization Time Point 

To avoid unnecessary localization operations, we sample velocity to compute 
the movement range of the user and dynamically estimate the localization 
time point. It shall be the time to locate the user again as long as the user 
moves beyond the application accuracy limited range. 

It is assumed that we can obtain the velocity of a user anytime because of 
the observation that it is easy to determine velocity when an accelerometer is 
used to detect whether the user is stationary or not. Furthermore, it can also 
be based on other observations. For example, we can use the bus's velocity 
as a user's velocity by interacting with intelligent public transport system when 
the user is on a bus, or use GPS to determine velocity when it is being used 
to get position information. In addition, we let v(tij) denote the sampled velocity 
at time tij, where i and j are defined as the i th time in localization and the j th 
time to sample velocity respectively. 

The detailed process of estimating localization time point is described as 
follows. 

 
Algorithm 1. Estimating localization time point 

1.  At localization time point tij, ser 0ir ; 

2.  Compute 
)()1()()( )1)(1(  jieijije tvtvtv 
; 

3.  Obtain ita , select itM  using Equation (4); 

4.  Compute 
)()( ijeMts tvaat iti 
; 

5.  Set 
1 jj

, 
( 1)   (0 1)ij i j st t t       ; 

6.  Compute 
)()1()()( )1(  jieijeije tvtvtv 
; 

7.  Compute 
( )   (0 1)i i e ij sr r v t t       

; 

8.  if 
)( iti Mt aari 
 then 

9.         go to step 5; 
10.  else 

11.       return ijt
; 

12.  end if 

 

In the algorithm, itM  is defined as the method selected at localization time 

point ti. It can be obtained from Equation (4), which will be described in the 
following subsection. ve(tij) denotes the velocity estimated by the Exponentially 
Weighted Moving Average (EWMA) method, during the interval between two 
consecutive velocity samplings. ri, which represents the estimated movement 
distance since the localization time point tij, can be obtained from multiplying 
ve(tij) and the particular interval. The coefficient α is a factor ranging from 0 to 
1. A higher value of α means a closer velocity estimated to the current 
velocity. Additionally, β is a factor used to adapt the time point of the next 
velocity sampling. When the coarse localization interval ts is computed, we 
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sample velocity after ts ×β
 
and compute velocity estimated by EWMA method 

to determine movement distance. By using this method, we can dynamically 
estimate the localization time point. 

Also, parallel to the process, we need to monitor the application accuracy 
requirement. Whenever it changes, we must go back to step 1 to locate the 
user again. 

3.3. Selecting Localization Method 

The objective of this subsection is to select the energy-optimal localization 
method, which satisfies the application accuracy requirement when it is time 
to locate the user again. Some researchers [29] directly select the method 
that consumes the lowest energy. However, it is not always the best. 
Generally, the lower energy a method consumes, the less accurate it will be. 
For example, it is known that GPS is highly accurate compared with other 
localization methods, while its energy consumption is extremely high. If it is 
used to locate a user, it will take shorter time for the user to move beyond the 
application limited range. In contrast, it will take longer time. Let Elow denote 
the energy consumed by a low energy-consuming method, and Ehigh for a high 
energy-consuming method, and their time interval between two consecutive 
localization operations can be denoted with Tlow and Thigh respectively. If two 
applications using the two methods run at the same time, the total energy 

consumptions, 1
lowE , and 2

highE  can be calculated as follows. 

T
T

E
E
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low

low 1                                                        (2) 

T
T

E
E

high

high

high 2                                                     (3) 

It is obvious that if lowlowhighhigh TETE  , then 12
lowhigh EE  . Therefore, 

based on the above theory, we present our selection method using Equation 
(4), where GPS, WiFi, GSM positioning methods are respectively represented 
by symbols g, w, and m. 


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                        (4) 

Mt is selected from the set of  localization methods {g,w,m} at time t,  which 

is the method that produces the minimum ratio of TE . 

4. Performance Evaluation 

In this section, we provide a simulation study of the energy-efficient strategy 
to assess the performance of the proposed algorithm. The following two 
metrics are considered in our simulations. 
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Total energy consumption: This is the total energy consumed by LBAs 
during the period that application is running. 

Satisfaction degree: This is the ratio of the time that the evaluated location 
satisfies the application accuracy requirement to the total time that application 
is running. 

4.1. Settings 

To evaluate the performance of our strategy, the following mobile pattern is 
considered. 

The time unit is defined as one second, and the minimum and maximum 
velocity are set to 1m/s and 10m/s respectively for a mobile user. Let v(t) 
denote the velocity of an user at time t. We further assume that the 
acceleration changes every T1 seconds, detailed in Equation (5). 

1

0  1             ( -1) 1 /

  mod 0    ( ) 1  0           ( -1) 10 /

1,  0  1      

or if v t m s

if t T then a t or if v t m s

or otherwise




   
               (5) 

where a(t) denotes the acceleration at time t. When t is equal to the integer 
times of T1, a new acceleration is generated at once. When v(t-1) is equal to 
the minimum velocity 1m/s, the acceleration is equal to either 0 or 1. Likewise, 
when v(t-1) is equal to the maximum velocity 10m/s, the acceleration is equal 
to either 0 or -1. In other cases, the acceleration is equal to one of the set {-
1,0,1} randomly. The velocity v(t) is computed by Equation (6). 


0mod  if            )1(  
0mod  if  )()1(  

)(
1

1





Tttv
Tttatv

tv                                 (6) 

The simulation runs 3600s. The application accuracy requirement is 
changed every 600s as 500m, 300m, 150m, 120m, 80m, and 50m. For GPS, 
WiFi, and GSM, using the data from previous work [26], accuracy is 10m, 
50m, and 150m, and energy consumption is 1425mJ, 545mJ, and 20mJ, 
respectively. The acceleration generates again every 3s, using Equation (5). 

4.2. Result Analysis 

Using the mobile pattern above, we evaluated our strategy, as shown in 
Figures 2, 3, 4, and 5. 
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Fig. 2. Energy Consumption of GPS versus our strategy (α=0.5) 

Figures 2 and 3 depict the total energy consumption and the satisfaction 
degree of our strategy and GPS, respectively, when α used in EWMA method 
is set to 0.5 and the value of β ranges from 0.1 to 1.0. We observed that as β 
increases, the total energy consumption is reduced, as shown in Figure 2, but 
the satisfaction degree is also lowered, as shown in Figure 3, for both our 
strategy and GPS. The reason is that, with the increasing value of β, the 
interval of velocity sampling will also increase, then the localization operation 
after the user is beyond the application accuracy limit occurs repeatedly. In 
other words, the interval of two consecutive localizations is prolonged so that 
the frequency of localization operation is reduced, which leads to reduce 
localization energy consumption. At the same time, the satisfaction degree is 
lowered for the same reason. These results prove the effectiveness of our 
estimation method of the localization time point. 
 

 

Fig. 3. Satisfaction Degree of GPS versus our strategy (α=0.5) 

Compared with GPS, our energy-efficient localization strategy conserves 
more energy. The reason is that our strategy is designed to select the energy-
optimal method. Commonly, the selected method is less accurate than GPS, 
but the interval of two consecutive localizations is shorter than the one based 
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on GPS. As a result, the time point we estimate to locate the user again is 
more accurate and the corresponding satisfaction degree is better. This is 
proved by the simulation results. 

 

 

Fig. 4. Energy Consumption of GPS versus our strategy (α=0.3) 

Figures 4 and 5 show the simulation results when α is set to 0.3 and the 
value of β ranges from 0.1 to 1.0. They also proved the effectiveness of our 
strategy. 

 

 

Fig. 5. Satisfaction Degree of GPS versus our strategy (α=0.3) 

As shown in the figures above, we found that the simulation results seem 
not to be affected by the value of α. This is because that the acceleration in 
our simulation is not changed significantly. In fact, the smaller α will be better 
when the acceleration increases as the user moves, because the previous 
velocity is more useful to estimate movement distance. Otherwise, the larger 
α will be better. For example, assuming the time interval is one second, and 
there are four velocities {2,4,8,16} in four intervals. Therefore, the acceleration 
is {0,2,4,8}, implying that the acceleration becomes larger and larger. The 
moving distance is 2+4+8+16=30. We sample two velocities at the starting 
time and the ending time, which are 1m/s and 4m/s. The estimated moving 
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distance is (2×0.5+16×0.5)×4=36 when α is equal to 0.5, 
(2×0.7+16×0.3)×4=24.8 when α is equal to 0.3, and (2×0.9+16×0.1)×4=13.6 
when α is equal to 0.1. As α is set to an appropriate smaller value, the 
estimated velocity and moving distance are more effective and closer to the 
real values. 

5. Conclusions 

In this paper, we presented an energy-efficient localization strategy for 
smartphone applications. It is designed to conserve energy mainly in the two 
respects below. First, it dynamically determines the next localization time 
point and sample velocity. This is intended to reduce energy consumption by 
avoiding unnecessary localization operations. Second, it selects the energy-
optimal method to help reduce energy consumption when the estimated 
localization time point comes. We have evaluated the performance of the 
proposed strategy through a series of simulations. The results show that it can 
significantly reduce energy consumption and improve satisfaction degree. 
One of our future works is to apply some other advanced techniques, 
Bluetooth for example, to achieve further improvement. Another is to consider 
how to collaborate on localization with users in the vicinity. 
 
Acknowledgement. This work was partially supported by the Natural Science 
Foundation of China under Grant No. 60903153, Zhejiang Provincial Natural Science 
Foundation of China under Grant No. Y108685, the Fundamental Research Funds for 
Central Universities (DUT10ZD110), the SRF for ROCS, SEM, and DUT Graduate 
School (JP201006). 

References 

1. B. Hoh, M. Gruteser, R. Herring, J. Ban, D. Work, J. Herrera, A. Bayen, M. 
Annavaram, and Q. Jacobson. Virtual Trip Lines for Distributed Privacy-Preserving 
Traffic Monitoring. In Proceedings of ACM MobiSys'08, Breckenridge, CO, USA. 
(2008) 

2. P. Mohan, V. N. Padmanabhan, and R. Ramjee. Nericell:Rich Monitoring of Road 
and Traffic Conditions Using Mobile Smartphones. In Proceedings of ACM 
SenSys'08, Raleigh, NC, USA, 323-336. (2008) 

3. J. Yoon, B. Noble, and M. Liu. Surface Street Traffic Estimation. In Proceedings of 
ACM MobiSys'07, SanJuan, PuertoRico, 220-232. (2007) 

4. H. Liu, H. Darabi, P. Banerjee, and J. Liu. Survey of Wireless Indoor Positioning 
Techniques and Systems. IEEE Trans. Syst., Man, Cybern. C, Appl. Rev., Vol. 37, 
No. 6, 1067-1080. (2007) 

5. Y. Wang, J. Lin, M. Annavaram, Q. A. Jacobson, J. Hong, B. Krishnamachari, and 
N. Sadeh. A Framework of Energy Efficient Mobile Sensing for Automatic User 
State Recognition. In Proceedings of 7th International Conference on Mobile 
Systems, Applications, and Service (MobiSys'09), 179-192. (2009) 



An Energy-Efficient Localization Strategy for Smartphones 

ComSIS Vol. 8, No. 4, Special Issue, October 2011 1127 

6. J. Paek, J. Kim, and R. Govindan. Energy-Efficient Rate-Adaptive GPS-based 
Positioning for Smartphones. In proceedings of 8th International Conference on 
Mobile Systems, Application, and Services (MobiSys'10). (2010) 

7. F. B. Abdesslem, A. Phillips, and T. Henderson. Less is More: Energy-Efficient 
Mobile Sensing with SenseLess. In MobiHeld'09: Proceedings of the 1st ACM 
SIGCOMM Workshop on Networking, Systems, and Applications for Mobile 
Handhelds. ACM, 61-62. (2009) 

8. P. Bahl and V. N. Padmanabhan. RADAR: An In-Building RF-based User Location 
and Tracking System. In INFOCOM, Vol. 2, 775-784. (2000) 

9. A. LaMarca, Y. Chawathe, S. Consolvo, J. Hightower, I. Smith, J. Scott, T. Sohn, 
J. Howard, J. Hughes, F. Potter, J. Tabert, P. Powledge, G. Borriello, and B. 
Schilit. Place Lab:Device Positioning Using Radio Beacons in the Wild. In 
Proceedings of the Third International Conference on Pervasive Computing. 
(2005) 

10. G. Sun, J. Chen, W. Guo, and K. J. R. Liu. Signal Processing Techniques in 
Network-Aided Positioning: A Survey of State-of-The-Art Positioning Designs. 
IEEE  Signal Processing Magazine, Vol. 22, No. 4, 12-23. (2005) 

11. A. Küpper and G. Treu. Efficient Proximity and Separation Detection among 
Mobile Targets for Supporting Location-based Community Services. ACM 
SIGMOBILE Mobile Computing and Communications Review, Vol. 10, No. 3, 1-12. 
(2006) 

12. T. Brezmes, J.-L. Gorricho, and J. Cotrina. Activity Recognition from 
Accelerometer Data on A Mobile Phone. In Proceedings of IWANN'09, 
Salamanca, Spain. (2009) 

13. N. Győrbíró, Á. Fábián and G. Hományi. An Activity Recognition System for 
Mobile Phones. Mob. Netw. Appl., Vol. 14, No. 1, 82-91. (2009) 

14. V. Otsason, A. Varshavsky, A. LaMarca and E. de Lara. Accurate GSM Indoor 
Localization. UbiComp 2005, Lecture Notes Computer Science, Vol. 3660. 
Springer-Verlag, Berlin Heidelberg, 141-158. (2005) 

15. A. U. Khan and M. Al-Akaidi. A Distributive Algorithm for WLAN Localization. In 
proceedings of 6th IEEE International Conference on Emerging Technologies. 
(2010) 

16. P. Prasithsangaree, P. Krishnamurthy, and P. K. Chrysanthis. On Indoor Position 
with Wireless LANs. In Proc. IEEE Int. Symp. Pers. Indoor, Mobile Radio 
Commun., Vol. 2, 720-724. (2002) 

17. A. Kotanen, M. Hännikäinen, H. Leppäkoski, and T. D. Hämäläinen. Experiments 
on Local Positioning with Bluetooth. In Proc. IEEE Int. Conf. Inf. Technol.: Comput. 
Commun., 297-303. (2003) 

18. J. Hallberg, M. Nilsson, and K. Synnes. Postioning with Bluetooth. In Proc. IEEE 
10th Int. Conf. Telecommun., Vol. 2, 954-958. (2003) 

19. M. Kuhn, C. Zhang, B. Merkl, D. Yang, Y. Wang, M. Mahfouz and A. Fathy. High 
Accuracy UWB Localization in Dense Indoor Environments. IEEE Int Conf UWB,  
Vol. 2, 129-132. (2008) 

20. R. Zetik, J. Sachs, and R. Thoma. UWB Localization-Active and Passive 
Approach. In Proc. 21st IEEE IMTC, Vol. 2, 1005-1009. (2004) 

21. M. Bouet and A. L. dos Santos. RFID tags: Positioning Principles and Localization 
Techniques. Wireless Day 2008 (WD08), 1-5. (2008) 

22. J. Zhou and J. Shi. RFID Localization Algorithms and Applications-A Review. 
Journal of Intelligent Manufacturing, Vol. 20, No. 6, 695-707. (2009) 

23. Z. Zhuang, K.-H. Kim, and J. P. Singh. Improve Energy Efficiency of Location 
Sensing on Smartphones. In proceedings of 8th International Conference on 
Mobile Systems, Application, and Services (MobiSys'10). (2010) 



Haifeng Liu, Feng Xia, Zhuo Yang, and Yang Cao 

ComSIS Vol. 8, No. 4, Special Issue, October 2011 1128 

24. M. B. Kjærgaard. Minimizing the Power Consumption of Location-based Services 
on Mobile Phones. IEEE Pervasive Computing. (2010) 

25. C.-W. You, P. Huang, H. Chu, Y.-C.Chen, J.-R. Chiang and S.-Y. Lau. Impact of 
Sensor-Enhanced Mobility Prediction on the Design of Energy-Efficient 
Localization. Elsevier Ad Hoc Networks, Vol. 6, No. 8, 1221-1237. (2008) 

26. M. B. Kjærgaard, J. Langdal, T. Godsk, and T. Toftkjær. EnTracked: Energy-
Efficient Robust Position Tracking for Mobile Devices. In Proceedings of 7th 
International Conference on Mobile System, Applications, and Services (MobiSys). 
(2009) 

27. T. Farrell, R. Cheng, and K. Rothermel. Energy-Efficient Monitoring of Mobile 
Objects with Uncertainty-Aware Tolerances. In  IDEAS'07: Proceedings of the 
11th International Database Engineering and Applications Symposium, 129-140. 
(2007) 

28. I. Constandache, S. Gaonkar, M. Sayler, R. R. Choudhury, and L. Cox. Enloc: 
Energy-Efficient Localization for Mobile Phones. In INFOCOM Miniconference'09. 
(2009) 

29. K. Lin, A. Kansal, D. Lymberopoulos, and F. Zhao. Energy-Accuracy Aware 
Localization for Mobile Devices. In proceedings of 8th International Conference on 
Mobile Systems, Application, and Services (MobiSys'10). (2010) 

 
 
 
Haifeng Liu received B.E. degree from Dalian University of Technology, 
China, in 2009. Currently he is a Master student in School of Software, Dalian 
University of Technology. His research interests include mobile computing 
and green computing. 
 
Feng Xia is an Associate Professor and Ph.D Supervisor in School of 
Software, Dalian University of Technology, China. He is the (Guest) Editor of 
several international journals. He serves as General Chair, PC Chair, 
Workshop Chair, Publicity Chair, or PC Member of a number of conferences. 
Dr. Xia has authored/co-authored one book and over 100 papers. His 
research interests include cyber-physical systems, mobile and social 
computing, and intelligent systems. He is a member of IEEE and ACM. 
 
Zhuo Yang received B.E. degree from China Jiliang University in 2004 and 
MSc degree from Nanyang Technological University, Singapore in 2007. She 
has been a Engineer in School of Software, Dalian University of Technology, 
China, since 2009. Her research interests include mobile computing, software 
test and quality assurance. 
 
Yang Cao is a senior undergraduate in School of Software, Dalian University 
of Technology, China. Her research interests include wireless networking and 
mobile computing. 
 

 
Received: April 30, 2011; Accepted: June 22, 2011. 

 
 


