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Abstract— The proliferation of smart phone technologies 

and the advancements in wireless mobile networks opens a new 

horizon for research in the area of Wireless Sensor Networks 

called Smart Phone Based Wireless Sensor Networks-SWSNs. 

The latest smart phones available in the market today are 

equipped with cutting-edge sensing technology and high-end 

processors. These smart phones can replace the traditional WSN 

data collection nodes to collect potential sensor data. Smart 

phone users can collaborate to form participatory sensing group 

where individual user contribute to the data bank. Due to the 

dynamic nature of smart phone nodes their deployment for 

community formation is a challenge which needs to be addressed. 

To get better results the quality and accuracy of the data 

collected from the participants need to be improved. We propose 

an efficient technique called Enhanced Participatory Sensing 

EPSA for improving the participatory sensing process in a 

sensing community. We also developed an Android Application-

SMARTSENSE which runs on EPSA algorithm. The 

experimental results, combined with simulation results, 

demonstrate that our algorithms achieve reliable participatory 

computing with very low system overhead. It also shows that this 

algorithm collects better quantity and quality data and consumes 

less battery power for data collection and data sharing compared 

to the traditional algorithms. 

  

 

Keywords— SWSNs, Participatory Sensing, SMARTSENSE, 

EPSA 

I.  INTRODUCTION  

Device manufacturers are quickly bringing smart phones 

onto the market that have ever richer capabilities, in terms of 

computational power, connectivity and sensor availability. For 
example the latest Samsung Galaxy S7 Smartphone is 

equipped with 1.6GHz octa-core processor, 12-megapixel 

camera, Wi-Fi, GPS, Bluetooth, NFC, and 4G. Sensors used in 

the phone are Proximity sensor, Ambient light sensor, 

Accelerometer, and Gyroscope. There is huge density of such 

powerful smart phone devices carried around by the people, 

particularly in urban environment and they can be used for 

crowd sourcing [1]. Data collected through traditional sensor 

network [2] do not have much significant effect on our day to 

day life where people are not part of the sensing group. 

Participatory sensing [3],[4] is a promising sensing model that 
enables collection, processing, distribution and analysis of the 

phenomena of interest by ordinary citizens through their 

handheld sensing devices. A participatory sensing community 

is easy to establish because it use open source software’s and 

it doesn’t require much training for participants to use.  

It has enormous usage in many applications, such as smart 

transportation and air quality monitoring [5]. However, there 

is a risk that participants may submit low quality, misleading, 

inaccurate, or even malicious data if participatory sensing 

campaign is not launched effectively [6],[7].Even though 

participants contribute data, the quality of the contributed data 

in terms of accuracy, resolution, frequency and timeliness may 
vary significantly as different contributors have different 

sensors, Smartphone models and mobile data tariffs. 

Therefore, it has become a significant issue to establish an 

efficient participatory sensing campaign [8],[9] for improving 

the data quality. 

In this paper we consider the smart phone as the 

participatory sensing device and explore its capabilities for 

efficient data collection through better sensing community 

formation [10]. We have addressed the following challenges in 

the proposed EPSA techniques. EPSA-I addresses the problem 

of efficient deployment of data collection nodes. EPSA-II 
addresses the problem of efficient community formation and 

EPSA-III addresses the problem of optimized power 

consumption for smart phones. We also developed an android 

application for smart phones called SMARTSENSE which 

makes use of the proposed EPSA algorithm. 

II. RELATED WORK 

There are many research conducted in the area of 
improving the efficiency and quality of cooperative data 

collection. To collect data effectively from the chosen area 

sensors must collaborate with each other and share their data. 

Even though the cooperative data sharing increases the 

knowledge of the sensor about the sensing environment it 

creates the overhead of communication and network 

operation. In other words, collaboration and data sharing 

invokes a cost-quality tradeoff in the network.  The research 

paper “Cost-Quality Tradeoff in Cooperative Sensor 

Networking” [11] addresses this issue.  In the research work 

“Power allocation for cooperative broadcast channel with 
shared channel quality indictors” [12] cooperative power 

allocation is investigated in a two-transmitter multi-receiver 

broadcast multiple input single output (MISO) channels. 

“Wireless network traffic and quality of service support: 

trends and standards” [13] discuss about cutting edge 

approach for the provision of quality of service in wireless 

local area networks. Air pollution has been a global challenge 

for environment protection. Effectively collecting and 

scientifically visualizing the air quality data can better help us 
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monitor the environment and address related issues. A smart 

sensor system for air quality monitoring and massive data 

collection [14] presents a smart sensor system for air quality 

monitoring which consists of three units: the smart sensor unit, 

the Smartphone, and a server. Smart phone based live QOE 

Measurement [15] addresses the issue how to accurately and 
efficiently collect QoE data from a point near the user is 

always a technical challenge to the operators. The way QoE 

related information submitted to the management system is 

important because the volume of the data may be excessive 

enough to interfere with the ordinary chargeable services. Data 

Quality and Query Cost in Pervasive Systems [16], Enabling 

data quality notification in cooperative information systems 

through web based service architecture [17], cooperative 

adaption to quality of service using distributed agents [18] etc 

are some other efforts made in these field.   

III. PROBLEM STATEMENT AND PROPOSED APPROACH 

TO SOLUTION 

 
Figure 1: Architecture of participatory sensing community 

 

Figure 1 shows the architecture of the participatory 

sensing campaign. The participatory sensing campaign can be 

launched by the organizers who decide the topic for campaign. 

Participants in the potential area can join the campaign 

voluntarily by using their smart phone. Prior to the data 

collection SMARTSENSE application must be installed in the 

participants android smart phones. Data collected by the 

participants will be received by the centralized application 

servers. At the server data is analyzed, processed and the 
results either in textual form or graphical form will be sent 

back to the participants or to the campaign owners.   

Figure 2 shows five layer architecture of EPSA-I, II, III. 

EPSA-I deals with efficient smart phone deployment for the 

sensing campaign by maximizing sensing coverage. EPSA-II 

addresses methods for increasing user availability for 

community formation and increasing the user trust through 

ranking. EPSA-III deals with energy optimization techniques 

for conserving smart phone battery. The data communication 

layer includes the wireless mobile data transmission networks. 

Servers at the data processing layer analyze and process the 
received sensing data including data aggregation, redundant 

data filtering, as well as data mining. By processing the 

obtained sensing data, some relevant services can be provided, 

such as early warning of traffic jam and climate forecast. 

IV. DESIGN 

EPSA-1

EPSA-2

EPSA-3

Efficient smart phone deployment through Sensing coverage 

maximization

Efficient community formation considering user availability and 

user ranking

Saving energy by battery power optimization in smart phone

Data processing layer

Data communication layer

 
Figure 2: Layers of EPSA-I, II, III 

 

 

A. EPSA-I: Efficient deployment of data collection nodes 

We consider static and dynamic deployment of sensor 

nodes. Our target is to achieve maximum utilization factor α 

for the smart phones. It includes maximization of coverage 

area for participatory sensing and reducing the number of 

smart phones used in the campaign. For this we consider an 

A*A area where the smart phones are to be deployed. The 

maximum utilization factor   α is given by  

αmax= 
A

N∗πr2 

 

Where A is the area for smart phone deployment and N is the 

number of smart phones available in the area A and r is the 

sensing radius. We assume that the sensing region as a 

hexagonal area to maximize the coverage. Algorithm 1 

discusses efficient smart phone deployment. 

This algorithm is used to get an optimized deployment 

scheme with relatively high utilization factor α, in the area 

under consideration including Hot Spot Regions R, and Smart 

Phone P. We consider a Hexagon-based static deployment 
algorithm for the region ri for gaining the maximum coverage 

ci in R. The centroid (x, y) and radius r′ of ci are calculated. 

We evaluates the probability of coverage Pxy of each point     

(x, y) dominated by each smart phone Pi. If Pxy is greater than a 

given threshold, then the point (x,y) is covered by Pi. 

Otherwise, the Hot Spot Region Coverage ri is viewed as a 

new “virtual sensor”, then we use Virtual Force Algorithm 

(VFA) [19] to adjust the positions of these sensors in order to 

cover the given area as much as possible.  

 

Definition 1: Virtual Force of Smart Phone 
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The resultant virtual force 𝑉𝑓     is determined by the vector sum 

of all the forces acting on the Smart Phone pi, is given by, 

 

𝑉𝑓𝑖
      =  𝑉𝑓𝑖𝑗

      + 𝑉𝑓𝑖𝑅
        + 𝑉𝑓𝑖𝐴

          𝑘
𝑗=1,𝑗≠𝑖              

 

Where 𝑉𝑓𝑖  represent the virtual force between smart phone Pi 

and smart phone Pj. 𝑉𝑓𝑖𝑅
         is the virtual repulsive force between 

smart phones and obstacles. 𝑉𝑓𝑖𝐴  shows the virtual attractive 

force between smart phones and the sensing area. 𝑉𝑓𝑖𝑗  is 

calculated considering the distance threshold between smart 

phones Dt and the radius of sensing region r as follows. 

 

𝑉𝑓𝑖𝑗 =

 
 
 

 
 𝑉𝑎 𝐷𝑖𝑗 −𝐷𝑡       𝑖𝑓 𝐷𝑖𝑗 > 𝐷𝑡

0   𝑖𝑓        𝐷𝑖𝑗 = 𝐷𝑡                     

𝑉𝑟
𝐷𝑖𝑗

 , ᵞ𝑖𝑗 + PI       𝑖𝑓  𝐷𝑖𝑗 < 𝐷𝑡

  

 

Where Dij is the Euclidean distance between smart phone Pi 

and Pj. Va and Vr denote the coefficients of virtual forces. 

Value of PI is 3.14.  
 

Algorithm 1: Efficient smart phone deployment algorithm 

Data: Consider the area A (width×height), Hot Spot Regions 

R = {r1,r2,…rn}, Smart Phones P = {p1,p2,…pn} 

Result: An efficient Deployment of smart phones  

begin  

for ri ∈ R do  

     Considering the hexagonal shape for the region,      

     Divide the region ri by hexagonal points 

            Find the Centroid (x,y) and radius r′ of the Coverage ci;  

       end  

Set loop = 0  

Set Max = MAX  

for loop < Max do  

for any point (x,y) ∈ A, x ∈ [1,width],y ∈ [1,height] do  

     for pi ∈ P do  

           Pxy ← (pi,(x,y)) 

     end 

     if coverage requirements are met then  

          Break from the Loop;  

           end  

     end  

     /* Regard Hot Spot Region Coverage ci as a "Virtual" 

sensor */ 

for pi ∈P do 

𝑉𝑓𝑖𝑗
       ←(r,Va,Vr,Dt Di j) 

𝑉𝑓𝑖𝐶
        

 ←(r, r’, Va,,DiC) 

𝑉𝑓     i,R ←(VnegR, Dt Di,R) 

𝑉𝑓     =    𝑉𝑓𝑖𝑗
      + 𝑉𝑓𝑖𝑅

        + 𝑉𝑓𝑖𝐶
         , 𝑗 ∈𝑘

𝑗=1,𝑗≠𝑖  𝑖,𝑘 , 𝑗 ≠ 𝑖 

end  

for pi ∈ p1,p2,··· ,pk do 

𝑉𝑓 𝑖
       virtually moves pi to its next position 

end  

Set loop = loop+1 

end 

end 

B. EPSA-II: Efficient community formation 

1. Identifying the genuine participants   

It is important to identify the genuine and trustworthy 

participant in a participatory sensing campaign. There are 

algorithms which measure the trust value of the participants 

[20] based on his previous contribution to participatory 

sensing.  Consider the scenario where the participant is a first 

timer and no historical data regarding his previous 

contribution is available. To address this problem for first time 

participants we collect their Aadhar number [21] as identity 

proof. We also analyze how many people are reporting the 

correct data based on trust value assigned to the participant. If 
we choose a specific user and look at all of the trust ratings 

assigned to that person, we can see the average opinion about 

the person’s trustworthiness.  

 

2. Quality of data collection 

For measuring the quality of information received we first 

need to ensure that whether the Target Event (TE) has really 

occurred or not. Following event detection theory [22], we are 

concerned with the detection accuracy of the system whose 

Data Quality (DQ) is reflected in the degree of confidence that 

an event of interest has occurred. We develop the relationship 

between the DQ of an individual contribution to the target DQ 

of the system in terms of the target probabilities of detection 

and false alarm, Pd and Pf, respectively.   

 

Algorithm 2: Data Quality measurement 

Let: H0 and H1 be the hypothesis that the event is absent and 
event is present respectively in a participatory sensing 

campaign. 

P(H1)=p and P(H0)=1− p, where 0 <p<1 

if si be the individual signal contribution by any participant i 

then 

si =   
ni  𝐢𝐟 TE is absent

f(di) +  ni 𝐢𝐟 TE  is present
  

/*where ni=N(0,σ  ) is the noise seen by contributor i that 

follows a normal distribution with zero mean and standard 

deviation σ;  

di is the distance between contributor k and the TE;  
f is a function that monotonically decreases with increasing 

di.*/ 

for each sampled signal si, participant i makes a per sample 

binary decision  

 

Bi = 
0 𝑖𝑓 𝑆𝑖 <  𝑇𝑖 
1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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/*where Ti is the per-sample threshold of contributor i.*/ 

Compute the per-sample probability of false alarm 𝑝0
𝑖  by 

contributor i is given by [9] (1)  

 

𝑝0
𝑖  =P(Bi=1|H0)=Q(

𝑇𝑖

σw
)                             (1) 

 

/*where Q(x) is the Gaussian Q-function of a standard normal 

distribution*/  

Compute the per-sample probability of detection 𝑝1
𝑖  at 

contributor i (which is dependent on the distance di between 

contributor i and the TE) using (2) 

 

𝑝0
𝑖 =p(Bi=1|H1) = Q(

𝑇𝑖−𝑓(𝑟𝑖 )

σw
)                     (2)       

    

A specific DQ metric used in decision fusion applications is 

the log-likelihood ratio Si which characterizes the Data quality 

(DQ) in terms of the certainty of the presence or absence of 

the TE at a sensor node i, given by  

 

Si=log 
𝑃(𝑏𝑖 |𝐻1)

𝑝(𝑏𝑖 |𝐻0)
                                            (3) 

 

where H1,0 corresponds to the case that the TE is actually 

present or absent, and bi = {1,0} corresponds to node i’s 

decision on whether the TE is present or absent, respectively. 

Eqn. (3) can be evaluated from Equations (1) and (2). 

 

 

Contributor k contributes a decision Bi and provides a DQ 

measure qi which reflects his certainty on the presence or 
absence of the event. We use the quantity Si given by Eqn. (3) 

above to be the DQ measure qi of the contribution from 

contributor i, which can be evaluated either by the contributor 

himself or the service provider.  

C. EPSA-III: Energy optimization techniques for smart 

phones 

Energy consumption in smart phones happens mainly in 

two ways. 1) Energy consumed for making audio/video calls, 

browsing, gaming and other regular usages. 2) Energy used for 

sensor data collection and transmission. Usage of GPS for Geo 

tagging the event recorded and wireless interface through 

Bluetooth can also reduce the battery life of smart phones.  

At different battery levels, a Smart Phone (SP) has 

different valuations of the remaining energy in its battery. The 

energy stored in the battery is generally more valuable when 

the battery level is low. Hence, we define the unit energy cost 

Ei for each SP, with i ∈  I as a function of its battery level Li, 
i.e.,  Ei = f(Li), 

 

where Li ∈ [0,Lmax] is the battery level of SP i with its range 

from zero to the maximum storage Lmax and f : [0,Lmax] → [0, 

Emax] is a monotonically decreasing function of Li whose 

range is from zero to the maximum energy cost Lmax > 0. 

In order to motivate the helping SP’s participation in the 

cooperation, if a helping SP j ∈ Hi is selected by the source SP 

i ∈ Ks as the relay SP, it will receive a price pi for transmitting 

with data rate D(ri). The payment can be in the form of currency 

or credits in a multimedia application. Hence, the utility of 

helping SP j ∈ Hi by participating in the cooperation is    pi – 

LjEj
(C,R), where Ej

(C,R), is the energy consumption for 

transmitting with data rate D(ri). Furthermore, the helping SP 

has a reservation utility of ǫ ≥ 0 for accepting the request. 

That is, helping SP j ∈ Hi will only accept the relay request 

from source SP i ∈ KS if pi − LjEj
(C,R)  ≥ ǫ. Therefore, the 

utility of the helping MT j ∈ Hi for source SP i ∈ KS is the 

difference between the price and the energy cost if the 

difference is larger than ǫ and zero otherwise, which is defined 

as 

 

U= 
𝑃𝑖−LjEj

(C,R)
, 𝑖𝑓   𝑃𝑖−LjEj

(C,R)
≥   ǫ 

0,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                             
   

 

For the source SP i ∈ Ks, if there is at least one helping SP 

accepting the price pi, the cost of the source SP i ∈ KS is the 

sum of the price pi and the energy cost by direct transmission 

LiEi
(C,S) .Otherwise, it needs to directly transmit to the BS with 

rate at the cost of Li. Thus, the energy cost of source SP i ∈ 

KS is  

 

Ci = 
𝑃𝑖 + 𝐿𝑖  𝐸𝑖

(𝐶𝑆)
, 𝑖𝑓 Ǝ𝑗 ∈ Hi , Pi − 𝐿𝑖  𝐸𝑖

(𝐶,𝑅)
≥ ∈

𝐿𝑖𝐸𝑖                ,      𝑜𝑡ℎ 𝑒𝑟𝑤𝑖𝑠𝑒                                                        
 𝐷 ,𝑆   

 
 

 

To ensure the mutual benefits of the source SP i ∈ Ks and 

relay SP j ∈ Hi in the cooperation, the price Pi should satisfy 

the following inequality 

 

ɛ ≤ Pi  ≤ Li Ei
(D,S) –Li Ei

(C,S)
 

 

where inequality (a) ensures the utility increase of the helping 

SP’s in the cooperation and inequality (b) ensures cost 

reduction for the source MT. Note that LiEi 
(D,S)

  ≥ ǫ must hold 

for the feasibility of the CT mode. That is, the value of the 

energy consumption by direct transmission at the source SP 
must be larger than the reservation utility of the helping SP. 

 Figure 3 shows the scenario of direct transmission versus 

cooperative data transmission. The decision to make direct 

data transmission depends on the values of prize and data size 

information received at the smart phones nodes. Once these 

constraints are satisfied if other supporting SP’s are available 

for data transmission cooperative data transmission is done. If 

the cost constraint is not satisfied or no supporting SP’s are 

available direct data transmission is done. 
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Smart Phone SP want to transmit data

Is direct transmission

 costlier than 

cooperative 

transmission?

Do direct data transfer
Do cooperative data 

transfer

Hand over price and data size 

information to supporting SPs

Supporting SP verify its 

constraints 

Check any other supporting 

SP available

NO

NO

yes

yes

Figure 3: Efficient cooperative data transmission 

 

D. Our Android Application for Data Collection 

We have developed a unique android application called 

SMARTSENSE to implement the above proposed efficient 

community formation techniques. SMARTSENSE app can 

collect sensor data like GPS data, micro phone data, camera 

images and accelerometer data. The data collected by this app 

is saved to our database at a remote location. The collected 

data is analyzed at the remote server which prepares a 
consolidated report on data analysis done. The graphical 

representation of the data analysis shows the accuracy of the 

data collected and different level of measurements. For 

experimental purpose we requested 25 people around 

Bengaluru city to install SMARTSENSE app on their 

SMSUNG GLAXY S7 smart phone. The operating system 

used on the smart phone is android OS v6.0 Marshmallow. We 

asked the participant to collect the noise pollution data from 

different parts of the city.  

Figure 4 shows the snapshot of SmartSense android app 

developed. To use this app the participants need to register by 

providing a valid email id to log into the application first. 
Once logged in he needs to select the options available from 

the menu bar for participatory sensing. The data collected 

through this app will be sent to the server at the remote 

location through the network. This data will be process and the 

results will be shared with the participants and also used for 

further studies. 

 

 
 Figure 4: Screenshot of SmartSense Android app 

V. RESULT ANALYSIS 

We analyzed the energy consumption of different 

applications the smart phone is running. Voice calls and 

data streaming applications consume more power than our 

SMARTSENSE application. We compare the 

performance of VFA algorithm against the EPSA I 

Algorithm with the help of simulations. The experiments 

for VFA are conducted in the monitoring area of 400×400 
m2 with 28 smart phones used.  

 
           Figure 5: Initial Smart Phone deployment  

 

Figure 5 shows the initial random deployment of 

smart phone users for data collection. In this the sensing 

area is not efficiently covered by the participants. The 

initial deployments were optimized by VFA and figure 6 

shows the final deployment of smart phones. The sensing 

area is completely utilized in this method. The utilization 
factor for each smart phone is calculated as, 

 

η= 
4002∗0.97

28∗3.14∗502 =0.706 
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        Figure 6: Final Smart Phone Deployment 

 
            Figure 7: Network Coverage of Smart Phones 

 
Figure 7 shows the increase in the network coverage 

due to the efficient deployment of data collection nodes. It 

can be seen that the network coverage increases from 

75% to 96% of the monitoring area using VFA.  

The EPSA-I algorithm is simulated with the same 

monitoring are and considering 30 smart phones to be 

deployed. We also consider Hot Spot regions for good 

quality data sensing. Figure 8 shows the optimized smart 

phone deployment using EPSA-I. 

 
Figure 9: Optimized Smart Phone deployment using 

EPSA-I. 

 

The Smart Phone utilization can be calculated as, 

 

η= 
4002∗0.96

30∗3.14∗502 =0.652 

 

It can be seen that the utilization decreases with 

EPSA-I method which saves time and reduces power 

consumption. 

 

 
Figure 8: Expected cost of the single source MT versus its 

battery level under different schemes. 

 

The simulation setup is shown as follows. We consider 

the simulation under the following 5 schemes: Direct 

Transmission (DT), Full Cooperation under Complete 

Information with Non-Splittable Data, Full Cooperation under 

Complete Information with Splittable Data, Partial 

Cooperation under Incomplete Information, with Non-
Splittable Data, Partial Cooperation under Incomplete 

Information with Splittable Data. From figure 6 it is clear that 

our cooperative data transfer performs better than direct data 

transmission. Moreover, cooperative communications is more 

effective when the battery level of the source Smart Phone 

(SP) is low. This is because when the battery level of the 

source SP is high and cost for direct transmission is low, it is 

less likely to seek help from the other SPs. 

VI. CONCLUSION 

Smart Phone based wireless sensor networks is a 

promising and recent technology which can be incorporated 

for cooperative data sharing. Our studies concentrate on 

improving the efficiency of cooperative data sharing. We 

proposed an Enhanced Participatory Sensing Algorithms 

(EPSA). We also developed an android app called SmartSense 

for participatory data collection which works on EPSA 

algorithm. The simulation results show the improvement in 

efficiency of cooperative data sharing using smart phone 
sensing. The future scope of this work is to use the 

cooperative sensor data analysis to monitor and predict the 

behavioral parameters of people. 
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