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The quality of data and its sensing cost is the important concern for task allocation in
crowd sensing. The sensing capabilities of a device to send the collection of sensor data to
a cloud requires crowd sensing in order to receive reliable data. Crowd sensing is used in
many areas such as traffic monitoring, smart cities, health care, transportations,
environmental monitoring and many more. Most of existing works are only based on
assumptions in task scheduling about the number of candidate users and are mainly
performed optimization of single task allocation. If the candidate users are few, then the
completion of task with in the schedule can be difficult for many sensor applications. In
this work, we proposed a social network-based task allocation scheme for the optimization
of multi task allocation. The main idea of the proposed work is to maximize the task
completion within the allocated schedule. It is evident that the task scheduling algorithms
are NP-hard and we introduced a decreasing threshold task allocation (DTT) and fast
greedy selections (FGS) algorithms along with Crow COOT Foraging Optimization
(CCFO) algorithm to allocate the tasks parallelly with maximum efficiency. The proposed
algorithms such as C-DTT (CCFO-DTT) and C-FGS (CCFO-FGS_ are used for the
efficient allocation of tasks. The combination of these algorithms can be helpful in
selecting the candidate users who will perform the completion of maximum tasks. Due to
the selection of proper users in each round, the time consumption of the tasks to be
completed is greatly reduced. The experimental results also indicates that the proposed
work performs well in the optimization of multi task allocation than the other state of the

art models.

1. INTRODUCTION

Mobile crowd sensing has become more popular recently
due to the exponential growth of the mobile devices and the
communication standards. In crowd sensing, sensory
applications are playing vital role in sending the sensed data
of the mobile users to the cloud. This platform should support
ubiquitous nature so that the transfer of sensed data can be
handled in a smooth way during the sensory analysis [1, 2].
There are enormous crowd sensing applications have been
emerged in many fields such as transportation, pollution
monitoring, emergency care, ecological monitoring, and
intelligent transport systems [3, 4]. This platform can also be
helpful in collecting the user’s information that will be useful
for location-based services. The tasks in this context can be
distributed either by human intelligence or by crowd. The
process of crowd sensing can be categorized into 4 stages such
as creation of new tasks, allocation of tasks, execution of tasks
and integration of data. However, task allocation is considered
as the primary task since it determines the quality of sensor
and the sensing cost. Unlike wireless sensor network, here the
efficient users who are qualified for completing the tasks are
only selected so that the task can be completed in a limited
time. There are many task allocation schemes are existed [5-
10]. In the existing works, the quality of sensor and the sensing
cost can be minimized by selecting the users from a large
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candidate pool and thus the data quality can be maintained.
However, the crowd sensing is used in enormous applications
for the collection of sensed data and the required candidate
users may not be available for any applications. These are due
to the fact that the task allocations are done with few users and
they may not enable their location services. Because of this
reason, crowd sensing platform will strive to complete the
tasks with few numbers of users. In crowd, a greater number
of opinions, independent computation, division of the work
among crowd, gathering the sensor information to produce
meaningful data makes the process smarter. Crowd sensing
and computing are merged to provide a unified framework and
generate many applications that are required in our day-to-day
life. Social networks are helpful in allocating sensing tasks by
propagating the information to the users. They can build a
social relationship among others and the sensing tasks can be
assigned to the users. There are several benefits of using social
network for allocating tasks. Sensing tasks can be greatly
reduced by recruiting a few seed to propagate the task
information. Based on the friendship, the user can help their
friends to process the sensing tasks. Therefore, the sensing
nature can be raised in the task allocation method using social
networks. However, the users will not share their location
information if they are not registered in the platform that can
avoid the risk of data leakage. With the inspiration of this
platform, the work aims to assign the tasks with the help of
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social network. The work first analyzes the issues in existing
task allocation schemes. Then, we created a multi task
allocation with limited candidate pool. The existing works are
focused on decreasing the computational cost, and
communication cost. However, there should be a balanced
mechanism to achieve this so that the platform could be better
in large scale task allocation. The main aim of this paper is to
improve the allocation of task using an optimized CCFO
algorithm and to reduce the computational complexity with the
help of DTT (decreasing threshold task allocation) and FGS
(fast greedy selections algorithms). The main reason for the
improvement of our work is due to the selection of proper
users in each round and hence the time consumption of the
tasks to be completed is greatly reduced. The rest of the
sections are organized as follows: section 2 describes the
existing works available for crowd sensing, their meris and
demerits. In section 3, the proposed multi task allocation based
time optimization framework is introduced. Section 4 discuss
the results obtained by the proposed work. Section 5 concludes
the work.

2. RELATED WORK

Task allocations have been considered as a significant
problem recently by various researchers. Single task allocation
and multi task allocation are the existing solutions for task
allocation problems. In single task allocation problem, the
candidate users are few and the recruitments are minimum.
Zhang et al. [11] proposed single task allocation problem
where proper users are selected based on the time constraints,
location and the behavior of users. The main idea of the paper
is to maximize the spatial coverage by selecting the
appropriate users. However, the paper does not focus on the
task allocation with maximum candidate pool. Due to this, the
efficiency of the proposed method could not be achieved.
Wang et al. describes the task allocation process based on
single task framework and the budget constraint is used in the
work to increase the quality of coverage. Even though, the
work reduces the recruitment cost, the set of users in candidate
pool does not guarantee the predefined requirements. Multiple
tasks can be allocated after the growth of crowdsensing.
Optimization of tasks allocation should be considered with
several factors such as spatial and temporal granularity
property while performing multiple task allocation. Yu et al.
[12] introduced a 2 stage multi task algorithm where users can
perform the tasks without the need of location information.
The work claims that the number of candidate users can be
minimized in the allocations. However, it is unclear that the
proposed algorithm performs task allocation well with
minimum users for the large number of tasks to be allocated.
The heterogeneous nature of sensing devices is considered in
[13] where the work utilizes particle swarm optimization
algorithm (PSO) for the selection of users in order to increase
the quantity of completed tasks. In contrast to this method,
authors of the study [14] proposed a 3-stage task allocation
method where the same data property are shared between
different tasks. This method considers the spatial and temporal
properties along with data property of sensory data. Based on
the above studies, we understand that most of the studies
focused on speed up the process of completing the tasks under
participant selection task. This might cause two issues:
participant may not select the location information remotely.
They may not be interested with a greater number of tasks. To
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overcome these issues, the authors [15] proposed introduced a
SAT framework to complete the several assigned tasks. Here,
each participant is assigned a task under SAT. However, the
research done by the author is under assumptions that there are
sufficient candidate users for completing the tasks. They are
not suitable for multi task allocation if the required number of
tasks to be completed is increased because these tasks are large
and a greater number of users may require. We also observed
that most of the multi task allocation techniques satisfy only
one objective. However, two objectives such as incentives to
the participants and quality utility needs to be satisfied for any
multi task allocation framework and appropriate constraint
must be found. Therefore, it is necessary to satisfy the two
objectives by optimizing them to achieve better results in multi
task allocation. In our previous work we used Crow COOT
Foraging Optimization (CCFO) algorithm where the best
candidate is chosen based on the fitness function. In the
proposed work, we have focused on improving the objectives
such as incentives and quality utility for the allocation of
multiple tasks with minimum number of users in the candidate
pool. We also used two greedy algorithms such as DTT and
FGS along with CCFO to solve the constrain method in multi
task allocation.

3. THE PROPOSED MODEL

The work design optimization model for crowd sensing
where the users such as PUs and SUs are distributed among
the networks and encouraged by the social relationship and
incentives. After that SH is used to perform a coordination for
sensing the data in order to prevent high sensing cost. PU and
SU are mobile users including friends and strangers for a
certain region. To find the status of any primary user, SR will
gather information via social circle. Here the friends in the
circle will help the SR and they will get help from SR in future.
By these kinds of processes, they build a strong relationship
among all the users. To join the network, the users should
request SR and they will be allowed inside the network after
the reputation value of the users is verified. Therefore, the
selection of the users is based on their reputation values. This
reputation value is calculated from the past contributions of
the users. Figure 1 shows the system model where F1 - F6 are
friends and S1 to S10 are strangers, PU - primary user, SR-
Sensing Requestor, SU - secondary user, SH- Sensing helper.

[ Incentives ]

F6'SH?

S8 SH6

Social network based relationship

Figure 1. System model

After defining the system model, we then formulate the
multi task problem as a first part for this platform. In crowd



sensing, platform and the users are the important entities. All
the task such as T, T, ..., Ty are published by the platform and
they are assumed to be spatial-temporal tasks are denoted by
Ai, Ay, ..., Ay and the sub areas are denoted by Sy, So, ...,Ss.
The tasks are usually transfers sensor data and the users may
require consumption of different resources. In multi task
model, the incentives are allocated by the platform and it is
denoted by I, I, ..., In. The capabilities of all the users should
be predefined so that the tasks can be perfectly assigned to
each user and the maximum tasks can be allotted to the users
with low capability value. However, to avoid any
discrepancies of the data which are received from the users,
minimum threshold tasks need to be maintained which is
denoted as minTh;, for the task T; it means that each area A;
should have sensed by minimum number of threshold value.
To check if the minimum value is satisfied or not, the work
uses the following formula

x _ [0 G{;(H*) < minTh, O
b 1,G/5(H?) = minTh,
Then the sensing quality can be can be increased as
e ;» ety
SWV) =——"-7= @)
V) I+j

S(V) denotes the sensing quality with regards to vector
allocation V. Sensing quality should be estimated for the
appropriate selection of participants in sensing tasks and the
interested participants to be selected are denoted as a Vector
V={V1, V2, ..., Vm}. The total quality can be defined as

j
TQ(V) = Z wrX S(V) (3)

The above formula represents the mean of sensing quality
and the weights are denoted as w. whenever the candidates
finished the tasks that are allotted to them, the users are eligible
for incentives and the incentive for task t can be defined as
follows

INt(V) = I, (V) * N @)

Even though the system model can be applied for the
optimization of multi task allocation, the expected number of
users to complete the tasks cannot be determined. The work
mainly focused to limit the overall incentives with limited
number of users. We introduced a probabilistic model to
predict the expected number of users then the problem is
transformed to improve the overall quality and incentives with
limited number of users. The required number of users can be
computed as

t
Ul.j UE Z My p * Ny (%)
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The sensing quality for the number of tasks can be defined
as follows
Xy Zyeiy

m+n

ES(V) = (6)
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where ey ,, represents the expected number of data that does
not exceeds the threshold value. Therefore, the expected tasks
that can be completed are identified with two stages. First, the
expected users who will complete the maximum tasks are
selected. Then, the users who cannot complete the assigned
tasks are identified.

Algorithm 1: C-DTT
Input: S; Social network, C: candidate users, Ti: number of
tasks
Output: Expected users for task completion Ti
1. U<o
2. While |U|<C
a. fors&S|Udo
b. s emax {@(US{s}) — o(U)}
i IfAS|U)>0

c. Uet
d. S <{IS||U]}
e. Else
1. If Af(S|U)=0
fo U« U\{s}
1. Endif
ii. Endif
g.  End for
h.  Tasks Ti for the completion
3. End while
4. Return U

The integration of CCFO and decreasing threshold task
allocation algorithm aims to find the expected number of tasks
completed by the candidate users. The algorithm first assigns
the tasks to the users in the candidate pool. Here all the tasks
are evaluated to find the maximum incentives for the
completion of all the allocated tasks. The marginal value is
calculated for the incentives and this will be identified as the
maximum threshold value. After identifying the threshold, the
algorithm assigns all the qualified tasks to the available users
and thus the tasks are completed with minimum incentives.
We further introduced fast greedy selection algorithm that will
identify the set of tasks that the users can complete. The
algorithm consists of 2 phases. In the first phase, the algorithm
will select the tasks to be completed. Here, sensing tasks are
completed by selecting the users who can have the ability to
complete the tasks. In the second phase, the pending tasks
needs to be completed by the rest users. However, all the
important tasks are completed in the first stage itself and only
the parts need to be done in the second stage. Algorithm for C-
FGS is given below.

Algorithm 2: C-FGS
Input: Social network, C: candidate users, Ti: number of
tasks
Output: Expected users for task completion Ti
1. U< /=0
2. c&f=0do
a. fors €S| Udo

b. s <max (number of complete}

3. if max (number of complete} ==
a f=1
4. Endif
i IfANS|U>0
b. U<t
c. S<{SIU}}
d. Else



1. IfAf(S|U)>6
e. U «U\{s}
1. Endif
ii. Endif
f End for
g Tasks Ti for the completion
End while
if |U<C
U <« U\{s}
End if
Return U
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4. RESULTS AND DISCUSSION

The performance of the proposed algorithm is evaluated by
setting up the network topology where the candidates are
distributed among the networks in the region of 5 x 5 km to
determine the quality of sensing. As a first part of the work,
the work uses Monte Carlo simulation to find the values such
as mean, run time and objective function. We made an
assumption that there are 200 tasks to be done and the
threshold value is set based on the number of available
candidate users. The proposed algorithm is evaluated by
varying the number of candidates. The overall quality of the
system is increased when the number of tasks getting increased
and the quality is still higher in fewer candidates. Therefore,
the algorithm works well even in limited number of users in
the candidate pool. The run time analysis is shown in Figure 2
by comparing the proposed algorithm with SGA, and LDTT.
The running time is also decreased when the algorithm is
compared with other state of the algorithms. The expected
number of tasks are analyzed by increasing the number of
users such as C-FGS, LDTT and SGA as shown in Figure 3.
The reason for the increased run time of the existing works is
due to the fact that they are taking much computational
processes for the allocation of tasks.

40
35
30
25
20

CFGS
15

Functional value

LDTT

== c.o1T

30
Run Time

Figure 2. Comparison of run time analysis

From Figure 3, we observed that the number is increases
when the number of candidates is also increased. It is
acceptable because a large number of users can complete a
greater number of tasks in a stipulated time. The proposed
algorithm shows the good performance in the completion of
tasks even in the limited number of users when compared to
the traditional algorithms such as SGA, DTT, LDTT, and FGS.
From Figure 4, we observed that the proposed C-FGS (COOT-
fast greedy selection) algorithm outperforms the other
algorithms and it assigns increased number of task when it is
60 and 200. Therefore, it is confirmed that C-FGS achieves
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highest allocation tasks The experimental analysis shows that
the C-FGS algorithm improves the overall quality of the task
allocation scheme and it achieves good results for the users in
terms of assigned tasks and un assigned tasks.
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Figure 3. Analysis of completion of task by increased users
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Figure 4. Variation of number of tasks

5. CONCLUSIONS

Most of existing works are only based on assumptions in
task scheduling about the number of candidate users and are
mainly performed optimization of single task allocation. If the
candidate users are few, then the completion of task with in the
schedule can be difficult for many sensor applications. The
proposed work in this paper aims to improve the quality of
multi task allocations in mobile crowd sensing environment.
The important objective of the work is to build a social
network-based task allocation in crowd sensing. The eligible
users are chosen for task completion based on their
relationship in the social network. In this work, the sensing
users are having cordial relationship in the network such as
friendship, membership which can be helpful to assign the
tasks to the users who is having good reputation values. The
proposed work is compared with the state of the algorithm and
it is observed that the work outperforms other algorithms in
terms of running time, functional value and number of task
allocations. However, there should be a privacy while
choosing the sensing users to safeguard their private
information. It is also important that the false identification



reputation values should be avoided. As part of future work,
we plan to propose a secured task allocation model by
considering the above points in to account.
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