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Abstract—Mobile Crowd Sensing (MCS) has emerged as a
novel paradigm in massive data collection, which leverages many
individual mobile devices (called workers) to collect data. MCS
platform utilizes the collected data to construct various services
for service requesters, thus obtaining profit based on the data
values contributed by workers. However, untrustworthy data
would greatly reduce the data value, leading to a decline in
platform profit, so it is crucial for the platform to recruit high-
trust workers and collect truthful data, thereby providing high-
quality service and obtaining high profit. To address this problem,
we propose a Maximize Profit Scheme, called MPS, for MCS
platforms, which consider that the data value declines as data
trust decreases and discounts over time. MPS scheme is the
first work that systematically addresses the impact of untruthful
data on the platform profit, which is not well addressed in
previous research. First, we utilize historical data of trusted
workers as truthful data to identify the truth of data, which is a
low-cost method. Then, a trust-discounting and time-discounting
value model is proposed, which is more practical than previous
methods. Based on the proposed value model, we propose a novel
worker recruitment strategy combined with a trust-related and
time-dependent reward threshold, which prioritizes workers with
high trust and low latency, thereby promoting the data value of
workers and maximizing the platform’s profit. By comparing the
MPS with existing schemes, the experimental results show that
our MPS can achieve better performance in terms of total profit.

Index Terms—Mobile Crowd Sensing, maximize profit, truth
discovery services, data truth discovery, trust and time-
discounting.

I. INTRODUCTION

OBILE Crowd Sensing (MCS) recruits ubiquitous mo-

bile devices and leverages their spatial and temporal
coverage to collect and process data, performing complex data
collection tasks and enabling a variety of novel services or
applications that are provided to users [1], [2], [3]. A MCS
model usually consists of three parts: the platform, the service
requesters, i.e. users, and mobile devices, i.e. workers [4],
[5], [6]. The platform is usually located in the cloud and is
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responsible for publishing tasks and recruiting mobile workers
to collect sensory data [7]. Generally, smartphones, mobile
vehicles, laptops or wearables equipped with sensing devices
act as workers, capable of collecting and sensing data [4],
[5]. Based on the data collected, the platform constructs the
desired service or application for users, and users pay fee
to platform for purchasing the service [4], [8], [9]. A wide
variety of services and applications has emerged in recent
years [10], including AirVisual for air quality detection [11],
Waze for navigation [12], NoiseTube for noise level detection
[13], Sensorly [14] for network coverage mapping, Geograph
[15] for street view collection, etc.

Maximizing profit of the platform is one of the key issues
in MCS [4], [16], [17]. In MCS, the platform recruit workers
to collect data [4]. As workers collect data, they consume
resources such as time, bandwidth [18] and device battery
[19]. Therefore, the platform gives rewards to compensate for
the loss of workers, thereby motivating workers to actively
participate in data collection [20], [21]. If the service fee paid
by the user is higher than the total budget of the platform, the
platform can obtain positive profit, otherwise the platform will
subside or even die. The key factor for the platform to attract
users to purchase services is the high quality of the services.
The premise of high-quality service is that the service should
be authentic. Otherwise, even if the service has less latency
or higher coverage, false service is still worthless to users,
and the service purchase fees paid by users to the platform
are very minimal. Therefore, it is necessary to identify the
truth of various services constructed by the platform, that
is, truth discovery service. Since the services are constructed
based on data collected by workers, the key to truth discovery
service is to identify the authenticity of the data, i.e., data
truth discovery, thus enabling the platform to accurately collect
high-quality data from a large amount of data.

To improve data quality, some researchers have proposed
many incentive mechanisms, which intend to incentivize work-
ers to report higher quality data by increasing rewards [21],
[22], but it is difficult to identify the authenticity of the data.
The premise of high-quality data is that the data should be
truthful [10], [18], [23]. However, there are some untrustwor-
thy workers or even malicious workers in the actual network.
Malicious workers are unwilling to spend the cost to collect
truth data, but report false data to cheat the reward, and even
submit malicious data to attack the platform. As shown in
Fig. 1, false data submitted by malicious data will lead to
the services have low credibility, low value or even invalid
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Fig. 1. The issue of malicious data and time impacting service quality.

[18]. Therefore, to ensure the healthy development of the
platform, one is to identify the truth of the data [18], [23], [24],
thus enabling the platform to recruit high-trust workers. The
other is to accurately evaluate the data value, thus enabling
the platform to collect high-value data to maximize profit
[9]. However, these problems have not been well resolved in
previous studies.

For data truth discovery issues, most of the existing research
obtain the estimated true value in the following ways [18],
[24], [25]. For the same task, the platform assigns n workers
to collect data [23], [25], and takes the average value [23]
or weighted sum [25] or median [23] of the n data as
the true value. The main drawback is that if there are too
many malicious workers, the estimated true value is still
malicious data, allowing malicious workers to fool or control
the platform at will. An effective way to verify the truth of the
data submitted by workers is to compare the data submitted by
workers with the real data [24], [26]. But this type of method
needs to obtain the real value of the data, which is challenging.
In addition, even if real data can be obtained, such as sending
dedicated devices like drones, the cost of the MCS system is
too high to fail [24], [27]. Therefore, how to conduct low-cost
truth discovery is a challenging issue.

Another problem is how to calculate the value of data [9],
[28]. There are some ways to measure the data value assuming
the system can recognize the quality of the data. But in the
actual network, it is very difficult to judge whether the data
is truthful [18], [21]. So it is even more difficult to identify
the multi-dimensional quality of the data, which leads to the
method of calculating data value by data quality is hard to
implement in practice. Many researchers have realized that
many factors affect the data value, such as data submission
time. In Fig. 1, the earlier the data is collected, the higher its
value. As time passes, the data value is constantly attenuated.
Zheng et al. [9] design a participant selection mechanism with
time-discounting values. However, this method does not take
into account the negative impact of false data on the data
value. The property of trust-discounting value introduces new
challenges in data value assessment.

In most studies, it is believed that the collected data can con-
tribute positive value to the services contruction [4]. However,
in an actual MCS, malicious data with low trust will sharply
drop the platform’s profit. More seriously, if the malicious
workers reach a certain large proportion, the profit may be
negative. Therefore, when calculating the value of data, it is

necessary to consider the negative effect caused by malicious
data. In addition, data value is related to time and trust, among
which the data trust is the most influential factor. How to
accurately measure the value of data is an urgent problem to
be solved.

To tackle the above challenges, we first propose a low-
cost data truth discovery method to identify the trust of the
data, which is the most influential factor in the data value,
thus overcoming the shortcoming that MCS cannot really
select the credible data in previous studies. Then a Maximize
Profit Scheme (MPS) is proposed, which considers the impact
of time and trust on the value of data, truly reflecting the
platform’s profit. In summary, the contribution of our work
are as follows:

o« We consider that the data value declines as trust de-
creases and discounts as time goes by. As far as we
know, our scheme is the first work that systematically
addresses the impact of untruthful data on the profit of the
MCS system. We propose a trust-discounting and time-
discounting value model, which is more practical than
previous methods.

o We use historical data that trusted workers submit after
the task deadline as truthful data to verify the data sub-
mitted by unknown workers for the same task, which can
effectively identify the truth of the data and the trust of
workers, thereby preventing the platform from collecting
untrustworthy data. Since data value of historical data
itself is low, the platform only needs to pay rewards for
lower historical data, thus reducing the trust verification
cost of the platform. We give the maximum proportion
of identifying workers when the platform’s profit reaches
the maximum.

o Considering the time-discounting and trust-discounting
properties of workers, a novel worker recruitment algo-
rithm is proposed, which introduces the trust-bid ratio
and efficiency of workers to prioritize workers with
high trust and low latency. We also propose a reward
threshold optimization algorithm that combines trust and
time to calculate the rewards received by workers, which
promotes workers to provide high-value data, thereby
maximizing platform profit.

o The experimental results of this paper prove that the
proposed MPS can not only effectively identify the cred-
ibility of workers in a wide range, but also increase the
platform revenue at a low cost. By comparing proposed
MPS with several existing solutions, we show that our
design can achieve better performance in terms of the
total profit. Compared with the TDM scheme, the MPS
increases the total platform revenue by 31.37%-81.11%,
and compared with the Random scheme, MPS increases
the total revenue by 10.31%-74.81%.

The rest of this paper is organized as follows. The related
works are reviewed in Section II. The system model and
problem statement are presented in Section III. Section IV
introduces our novel MPS which includes data truth discovery
service, trusted and timely workers selection scheme. Then,
Section V provides the performance analysis. Finally, the
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conclusion and future work are given in Section VI.

II. RELATED WORK
A. Workers Selection and Incentive Scheme

Workers recruitment is one of the most important research
goals in the MCS [29], [30], [31], [32]. There are different
worker selection strategies according to different research
goals [33], [34], [35]. In some studies, the platform requires
the number of workers selected to reach a specified number
[4]. The most commonly used method is the game method,
which is mainly divided into user-centric and platform-centric
methods. In the user-centric methods, workers submit their
bids to the platform, and then the platform selects game
winners based on the workers’ bids [27]. If workers report
high prices while other workers’ bid are low, workers with
low prices are more likely to be selected by the platform,
but platform’s revenue is relatively small [27]. The other is
the platform-centric methods [27], [36]. The platform gives a
price for workers to report data. If the price is relatively high,
many workers are willing to participate in data collection. It is
easy for the platform to receive enough data [27] but the cost is
relatively high. If the price drops to a certain level, the workers
receive very little compensation and are no longer willing to
collect data. Therefore, there is a game process between the
platform and workers, and finally the game reaches a balance.

The platform not only needs a certain number of workers,
but also requires workers to provide high-quality data [37],
[38]. The quality of data has different definitions in different
studies [39], [40], [41]. Tham etc. al [39] used the Quality of
Contributed Service (QCS) as the evaluation index. QCS is
defined as the data contribution to the services constructed by
the platform. If the data plays a large role in the platform’s
services, then its QCS is a large value [39]. However, in many
studies, QCS is a relatively abstract concept and difficult to
calculate accurately in practice [39]. Song et al. [40] uses
Quality-of-Data (QoD) to measure the quality of data. They
divided the sensing region into many grids. If a worker collects
data for a grid with no data or very little data, QoD of the
worker will be larger, thus covering more monitoring areas.
The work of Ren et al. [16] is similar. The platform pays
lower rewards for workers in the city center to save costs and
increases the reward for workers in remote areas to motivate
them to actively collect data, so as to increase the coverage of
the data and services quality. Some researchers have proposed
some strategies to select data based on the data value. Zheng
et al. [9] proposed that the value of data is time-discounting
value, i.e., the value of each mobile worker’s contribution
decreases as time goes by. But their study assumed that the
data submitted by workers was truthful. However, data value
primarily depends on the truth of the data. Only the data is
credible or worker is trustworthy, data is valuable. In our paper,
we propose a data value evaluation model which combines
trust and time to recruit high-credibility and low-latency data,
thus maximizing platform profit.

B. Data Truth Discovery in MCS

Truth discovery is also becoming more and more important
with the development of MCS recently [18], [24], [25]. Most

studies believe that the data reported by workers is true.
However, with the deepening of research, researchers find
that MCS is different from previous studies. In a general
platform, the devices are owned by the platform itself and
the perceived data is controlled by the platform, so the data
obtained is credible. However, in MCS, mobile devices usually
use a participatory perception approach to collect data [4],
[18]. Some dishonest workers may submit false data to save
data-aware costs and defraud rewards [24], [25].

Researchers have proposed many data truth discovery ap-
proaches. The most commonly used methods are as follows.
(1) Average method: taking the average value of n data as the
truth data. (2) Median method: taking the median of n data as
the truth data. (3) Weighted average method [25]. Sun et al.
[25] believed that n data obey normal distribution. Data closer
to the center value is closer to the truth data, and is assigned a
larger weight, while the data that is far from the normal center
is assigned a smaller weight. Then the estimated truth data is
obtained after weighting. (4) Vote method [23]. Experts vote
on n data, and the data with the most votes is the truth data”
[23]. The above methods need to hire n workers to collect data,
resulting in the cost of the system increasing exponentially.
Second, these methods can only obtains estimated truth data.
Moreover, these methods are vulnerable to attacks.

Some researchers have utilized emerging technologies such
as drones for data truth discovery [24], [29], [35]. In the
research of Huang et al. [24], the platform dispatches drones
and workers to collect data at same data collection points.
The data collected by drones is truthful data, then the data
collected by the workers is compared with data of the drone.
If the data is consistent, the data reported by workers is trusted,
thus increasing the trust of workers, and vice versa [24], [35].
Through this process, some highly trusted workers can be
obtained. The truth data reported by trusted workers can also
be used as a standard to verify the data of other workers with
unknown trust. Thus, more workers’ trust can be obtained.
However, this method is only suitable for scenarios where
drones can collect data, which limits its application scope and
spends high cost. Therefore, finding a universally applicable
and lower-cost truth discovery method is an important issue
to be solved in this paper.

III. SYSTEM MODEL AND PROBLEM STATEMENT
A. System Model

We consider a typical mobile crowdsensing system, as
shown in Fig. 2, which consists of a service provider (usually
the crowdsensing platform) service requester (users), and
mobile devices (workers). First, users request services such
as environmental monitoring or noise pollution monitoring in
Region of Interest (Rol), which is divided into m discrete
Points of Interest (Pols). Then platform recruits a group of
workers to collect sensing data of Pols, and then provides
services to requesters based on the sensing data. The major
notations used in the paper are listed in Table 1.

Definition 1 (Task): The platform aims to collect data for
m Pols, with data collection from one Pol as a task. Thus, the
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Fig. 2. Worker recruitment workflow in the Mobile Crowd Sensing.

platform issues m Pol-related sensing tasks [9], [42], [43]. The
set of sensing tasks is denoted as M = {1,2,...,m},r € M.
We consider time-sensitive tasks, all of which have a deadline
T,. Tt is the deadline of the task r. Assuming the start time of
the task is 7%, then the data is valid which is submitted within
the range [T, 7T.]. Without Loss of Generality, we assume
Ts=0and T, =T, Vr € M.

Definition 2 (Workers): There are n workers in Rol, denoted
by N = {wy,wa,...,wn}, w; € N. w; can accomplish
a set of tasks, denoted by M; = {ry,ro,...,m}. |M;| €
[Fmin, Fmaz)- Each worker collects a data when performing
a task. Before the platform recruits workers, each worker ¢
submits its bid 6; = (a;, ¢;, M;) to the platform [30], [43]. a;
is the arrival time of worker 4, which is in the range [0, T},,42)-
The time T for a round of data collection process is divided
into [ stages, denoted as {1,2,..., |log, T| + 1} (introduced
in section IV-D) [9], [40]. ¢; is the reported cost that the
worker performs a task in M;. The cost ¢; does not exceed
the range [Cinin, Cmaz). Considering the individual rationality
of workers, ¢; is the minimum reward that w; receives from
the platform. We assume that the time it takes each worker to
collect data can be ignored since it is much smaller than that
of the worker arriving at the Pol in magnitudes [9]. Hence,
the decay in data value comes from worker arrival time.

Definition 3 (Data Value): We use v] to represent the
data value contributied by worker 7 of executing task r. The
platform has a price for each task, which is the maximum
value of the data, denoted by v,,4,.. We consider time-sensitive
services and the platform expects to collect data as early as
possible to get a higher profit and provide the better services
to the requester. However, there is a delay between the arrival
time of workers and the start time of tasks, leading to the delay
of the collected data. As time passes, the data value would
decrease. Besides time, the data value would be affected by
the trust of the workers collecting the data. The higher the
trust of the workers, the higher the quality of the collected
data, and thus, the higher the data value.

Definition 4 (Marginal Value): We denote that worker 7 can
perform a set of tasks M. The data value V;(S) contributed
by worker ¢ to the platform is the sum of the data values v] of
all tasks in M;. However, due to the potential overlap between
tasks that workers can complete, one worker’s collected data
for a specific task has already been submitted by an existing
recruited worker, resulting in a small marginal contribution,

TABLE I
DESCRIPTION OF MAJOR NOTATIONS

Notations Description
M, m task set, number of tasks
N, n worker set, number of workers
M;, Ms task set completed by worker i, task set completed by the
recruited workers set S
a;, b;, ¢; arrival time, departure time, reported cost of worker %
T, t; deadline of each task, data submission time of worker %
B, vmaz budget of the platform, maximum value of the task
4 value of data collected by worker ¢ for task r
vi(¢,T) trust-time function of data value
Vi marginal value of worker ¢
S set of workers recruited by platform
i reward of worker ¢ for submitting timely data
C7, Ciotqr  total inspection cost, total cost
p platform profit
a, B trust decay factor, time decay factor
X, W trust recognition rate, error threshold
A @ parameter of adjusting the trust decay magnitude, weight
decay factor
VI, ’H; data collected by worker ¢ for task r, historical data collected
by trusted worker j for task r
BWs set of trusted workers
i j‘ direct trust and comprehensive trust value of worker ¢
S?, Sa set of workers with known trust value, set of workers whose
trust value is greater than the threshold
Sk, ST set of workers arriving in stage x, set of workers that
complete task 7
Nk reward factor of stage k
T average trust value of workers in set S*
ph; reward of w; for submitting historical data

which we define as the marginal value. In such cases, the data
value participating in the overlapping task is 0. As a result,
the total data value provided by a worker would decrease.
Assuming that S represents the set of workers recruited by the
platform, and 7 is a newly recruited worker by the platform,
then the marginal value of worker 7 is defined as follows:
Vi(8) =V(SUi) = V(S). (D
The marginal value is the sum of the data value of each
valid Pols. Valid covered Pols are obtained by removing the
already covered points from the set of Pols covered by worker
1. Assuming that the set of Pols covered by the recruited work-
ers is represented as Mg = {Mi, Ma,..., M;+},it € S,
and the set of Pols covered by the newly arrived worker
i is represented as M;, then the set of valid Pols, af-
ter removing the overlapping points is given by M; =
{IM\{z|r € Ms N M,;}. Therefore, the marginal value of
worker 7 is calculated as follows:

Vi= Z vl M = {M\{z|]xr € Ms N M;}.  (2)

remM;

B. Theat Model

In our model, the threats to MCS stem from low-quality
data attacks reported by malicious workers, which include
Malicious Data Attacks (MDA) and False Data Attacks (FDA)
[28], [30]. In FDA, workers are unwilling to invest time or
effort into collecting data but submit false data at a low cost to
gain rewards from the platform. In MDA, an attacker controls
workers to report malicious data, aiming to manipulate the
system or degrade the quality of services.
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C. Problem Statement

We denote the set of selected workers as S. The profit Q,,
of the platform is the sum of the marginal data value of all
workers recruited, as in Eq. (3).

Q=D Vi=) > . 3)
€S €S reM;

We comprehensively considers the positive effect of worker
trust on data value and the reverse effect of data submission
time on data value. That is, the data value increases with
the increase of worker i's trust 7;, and decreases with the
delay of data submission time ¢;. We give the specific time-
trust function v;(¢,7) of data value in section IV-C. In the
following sections, v} and v;(t,7) are used to represent data
value, and we will no longer distinguish between them.

The platform has a total budget B which is used to reward
workers and verifying the truth of the data. The former is
called the reward cost and the latter is called the inspection
cost C7. The total reward cost of the platform is »_, g ps.
> ics Pi +C7 < B. If the total cost of the platform reaches
the budget, the platform stops recruiting workers. The platform
expects to maximize the profit, i.e., maximize the total data
value provided by the recruited workers, under the budget
constraint. The research objective is expressed as Eq. (4).

max Q, = mamz Z v
€S reM;
s.t. Zpi +Cr <B. 4)
=

IV. OUR PROPOSED MPS
A. Research Motivation

The data value decays as the trust of workers decreases.
For a worker’s trust value 7;, we use a numeric value in the
range of [0, 1] to denote it, from very untrustworthy 0, neutral
0.5 to very trustworthy 1 [44]. The lower the worker’s trust
level, the higher the probability that the submitted data is not
trustworthy, and therefore the lower the data quality and the
lower the data value used for platform building services. When
T; = 1, the data value reaches the maximum value, v; = Upqz-
When 7; decreases from 1 to 0, the data value also gradually
decreases. When 7; = 0, it means that the data is completely
false and we consider v] = 0.

The data value decays over time. For time-sensitive appli-
cations, the earlier the data is submitted, the higher the data
value. Similar to Ref. [9], when a worker w; moves to Rol at
time a; and submits data at time ¢, the contributed data value
to the platform equals v; multiplying a time discounting factor
B~ de., vi(t) = v; x 7%, B > 1. We assum that workers can
submit data once they are selected, so ¢ is the arrival time of
workers, i.e., t = a;. Whent = 0, v;(t) = Usnae- As € increases
from O to deadline T', the data value gradually decines. When
t =T,v;(t) = vnin. When t > T, the data is invalid and the
data value decreases rapidly to 0.

The trust recognition rate x of the system is defined as
the ratio of the number of workers whose trust have been
recognized to the total number of workers. Initially, as the

X op Optimal recognition ratio
Qo Ma;

Number of
recruited workers

Xop X
Trust Recognition Ratio

Fig. 3. Platform profit and trust recognition ratio.

trust recognition rate increases, the platform can select highly
trusted workers, so the profit continues to increase, as does
the cost and the number of workers recruited. However, since
the budget of platform is limited, when the recognition rate
continues to increase, the inspection cost becomes too high,
fewer workers can be recruited, so and profit begins to decline.
In the Fig. 3, the platform profit first increases and then
decreases as the trust recognition rate increases. There is an
optimal trust identification rate X, that allows the platform
to select as many highly trusted workers as possible under a
limited cost to maximize the platform profit.

In our proposed MPS, we first propose a low-cost trust
identification method in section IV-B, which utilizes historical
data as the truthful data, thereby obtaining ground truth data
of tasks at low cost. By comparing workers’ reported data
with ground truth data, a trust evaluation method is proposed
to calculate workers’ trust degree, thereby obtaining highly
trustworthy workers. Then in section IV-C, we establish the
mathematical relationship between data value and worker’s
trust, time to accurately calculate the data value of workers.
In section IV-E, we propose a worker recruitment strategy to
recruit high-value workers by computing the trust-bid ratio
and the value-cost ratio of workers. On the one hand, MPS
can reduce the cost of truth discovery, and on the other hand,
MPS can increase the data value by recruiting highly reliable
workers, thereby maximizing the profits of the platform.

B. Truth Discovery Service Based on Data Truth Discovery

This paper adopts a data truth discovery method to identify-
ing the truth of servics, which is a low-cost method to obtain
the trust of workers. Data truth discovery can identify trusted
data, allowing the platform to collect highly credible data
to construct high-quality services. On the other hand, it can
also identify false services constructed with malicious data,
thereby discarding untrustworthy services. Since each task has
a deadline T, if the worker arrives after the deadline of the
task, the worker’s data has become invalid for the platform and
the data value is very low. We call the data perceived by the
worker after the deadline as historical data. Here, we utilize
historical data to conduct trust detection.

Since trusted workers have a high probability of submitting
data with a small difference from the true value, the data
collected by trusted workers can be considered truthful [2],
[24], [28]. When the platform recruits unknown workers to
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Fig. 4. Truth discovery using historical data.

perform tasks, from the workers’ bids, platform knows that
there are trusted workers and unknown workers who can
perform the same tasks. But trusted workers arrive after the
deadline, the platform still recruits these workers to submit
historical data of all tasks it can accomplish. After receiving
historical data, the platform compares it with the data reported
by workers to identify the authenticity of the data of the same
task submitted by unknown workers. Historical data is not
used to constitute services, so the platform only needs to
give lower rewards to obtain evidence of trust verification,
thereby reducing the cost of trust evaluation. There are a very
small number of high-trust workers such as Unmanned Aerial
Vehicles (UAVs) known to the platform before truth discovery,
which is called Baseline Workers (BWs) [22], [28], [35]. BWs
are highly trustworthy and the data collected by BWs is used
as ground truth data.

As shown in Fig. 4, each grid represents a task. A worker’s
movement trajectory passing through the grid indicates that
the worker can perform this task. Worker A is trustworthy
and worker B is unknown. The set of tasks that worker A can
perform is M, = {r1,ro,73,74,75,76}, and the set of tasks
that worker B can perform is My = {ry, 73,73, 74,75 }. From
Fig. 4, the overlapping task set of worker A and B is Mjy,.
Mobile worker B submit the data of task r; — 75, and the
platform evaluates the authenticity of the data and computes
the trust of worker B using the historical data of worker A.
Assuming the set of submitted data by an unknown worker
w; is denoted as V; = {V},VZ ..., VF}. The bid of trusted
worker w; shows that the task set overlaps with the task set
of w; but w; arrives later than deadline. Then wj; is recruited
to submit the historical data H; = {H},..., H¥,... . 1]} to
the platform. Based on the difference between trusted data and
reported data, the direct trust degree 77, of w; after completing
the kth subtask is calculated using Eq. (5):

|v1{c*%:’,€‘ . k k
ik e = o, if |V —H| < w.
Tp" = vk sk 5)
e = i |VE—HE > .

Where w is the the threshold of the difference between
real-time data and historical data and A is a constant, which is
used to adjust the trust decay magnitude. If [VF — H¥| < o,
the greater the difference, the greater the decrease in trust;
when the difference exceeds the threshold, we consider the
data deviation is very large, and the trust degree drops rapidly.

The comprehensive trust degree of w; after the latest 7 is

Go= T T TS ), where T5" is the direct trust

Algorithm 1 Trust recognition algorithm for workers
Input: ¢, h, w, A,
BWs: set of baseline workers, M pg: set of tasks of BWs,
ST the set of workers to be verifited,
V;: the set of data submitted by w;;
Output: 74: the set of workers’ trust values of S7;
Ta + 0;
for worker w; € ST do
for data V¥ submitted by w; for rj, do
if the baseline workers BW; participate in the task
7, and submit the data ’Hf for task 7 then
Platform compare V¥ and HF¥;
Using (5) to compute the direct trust 75;
else
Trusted workers w; have also performed task 7
but did not submit data in time;
9: Platform requests w; to submit historical data H¥
and gives w; rewards;
10 Using (5) to compute the direct trust 74;
11: end if
12: Using (6) to calculate comprehensive trust 7;
13: Ta+TaU {Tj},
14:  end for
15: end for
16: return 7y4;

BNz

® W

obtained from task r closest to the current time. The closer
to the current time, the more weight is given to direct trust
value, which is calculated by a weight decay function h(z), as
in Eq. 7. Then the comprehensive trust degree 77 of w; after h
tasks is as Eq. (6). ¢ is a constant and h(z) is a weight decay
function that is used to reduce the weight of earlier tasks, i.e.,
h(z) > h(x+1). The algorithm of trust verification is shown
in Algorithm 1.

= ZemM0)TD ©)

1, when x = r.
h(z) = (7
h(z+1)x¢, whenl<z<r.

Theorem 1: The trust of workers Tj‘ is in the range of [0,
1].

Proof: In order to prove that ’Tj‘ is in the range of [0,

1], we need to show that 7'5’“ and h(x) are both in the range

of [0,1]. For the Tik , the data of the worker compared to the

baseline data has two results. (a) When |VZ”C ”Hf| < 1w, 0<
[VE—2¥| 1 _"’f‘”"f‘ ik
Lol 2 <e < 1, thus 0 < 75" < 15 (b)

\’“H’“\
vvhen|V’C Hk|>w )\xw>1 0 < e X

1 thus 0 < '7'1 < 1 In summary, the direct trust value 7'1
1s in the range of [O 1].

Next, we prove that 0 < h(z) < 1. When z =r, h(z) =1
When 1 <z < r, h(z) is equal to the weight of the next task
multiplied by a constant between 0 and 1. And the maximum
weight of the next task is 1, thus 0 < h(z) < 1 is proved. 7'1 o
and h(x) are both in the range of [0,1], so 0 < h(z) X '7-1 <
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Algorithm 2 Data Value and Rewards Calculation

Input: 7" deadline of a task, S: the set of selected workers,
Ta: the set of workers’ trust value, ST the set of verifited
workers, {0;,0;,...,0,}: bid of workers;

Output: 7, p;.

1 SP o+ 0

2: for a worker j € S do

3: if T..1 < a; < T,. then

4: = S}CU U {]},

5:  end if

6: fora worker i€ Sy do

7. T _ 1657’“ TA :

8: pmax—max{b,g CopEh
9 pmmfmm{bl,bz ..,b}

. _ I/T Prma ZLES"” 'U1(t T)
10: nn - 11—k X Prmin X Zzes;jb 5
11: pi = 77”(5’7);

12:  end for
13: end for

14: return p;;

1. The average of the sum of the r times products is also

between 0 and 1, ie., 0 < M < r. Therefore,
based on the above derivation we can prove that the trust of
workers 74 is in the range of [0,1]. ]

After workers report data to the platform, the platform
adopts the truth discovery method based on historical data
to verify the trust of workers. Before the first round of worker
recruitment starts, the trust of all workers is unknown, after
the first round of recruitment, some workers report data to
the platform, the platform selects some workers in the set
S as the verified workers and adds them to the set S7.
We consider the trust to be constant once verified. In the
second round of worker recruitment, the platform increases the
trust recognition rate and expands the validation for unknown
workers excluding already validated workers.

C. Data Value

The data submitted by workers to the platform contributes
a certain data value to the trusted service construction. In this
section, we introduce the mathematical model for calculating
the value of data. The value of worker ¢’s data decays over
time as the data is submitted. In our model, we assume that
the time each worker takes to perform a task can be ignored
since it is far less than that of the worker arriving a Pol in
magnitudes [9], [45], so the time of data submission is the
arrival time, i.e., t; = a;. The later the arrival time of the
worker, the more the data value decays. The data value decay
function over time is expressed by Eq. (8).

Ui(t) = Umaz X 5_“ = Umaz X ﬁ_ai- (8)

Where ( is the value decay factor. The larger the value of
0, the faster the value decay. On this basis, we integrates the
effects of time and trust degree on data value. When 0 < 7; <
0.5, the data value grows slowly because the trust value is low,
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Fig. 5. Impact of trust value and arrival time on data value. (a) Trust value
and data value. (b) Arrival time and data value.

and when 0.5 < 7; < 1, the data value grows faster and tends
to the maximum value. As 7; increases from O to 1, the value
of data shows a trend of first growing slowly and then rapidly.
Based on Eq. (8), we propose a trust-time function of data
value v; (¢, T) for workers, as in Eq. (9).

V(6 T) = Va8~ X (% arctan(a x (T4 —0.5)) + %). ©)
« is the trust decay factor, which determines the data value
that a worker gains (or loses). Let t; = 0, v;q. = 100, Fig.
5a shows the data value increases with trust for o = 10, 20,
and 30, respectively. The larger the value of «, the more the
data value grows. Let 7; = 0.7, Fig. 5b shows the data value
decays with the increase of arrival time for 5 = 1.01,1.05, 1.1.
In the beginning, the value decays fast and then becomes slow.
The larger the value of (3, the more the data value decays. As
can be seen from Fig. 5a, the function arctan(-) of Eq. (9)
is a monotonically increasing function , and when Tf4 — 0,
vi(t, T) = 0; T4 — 1, vi(t,T) = Umaa, Which satisfies the
demand that a worker with the high trust has a higher the
data value. In the first round of worker recruitment, whether
a worker is selected depends on the arrival time of the worker
due to ’Tj‘ = 0.5,Vi € N, which is fair for each worker at the
beginning of worker selection. In particular, if the platform
has residual costs to recruit workers whose trust is unknown
we regard its trust level as 0.5, i.e., v;(t,T) = vaazﬁ
If the worker arrives after the task deadline, we consider the
data value to be 0, i.e., when ¢t > T, v;(¢,T) =

D. Inspection Cost and Reward Cost of the Platform

The total budget 5 of the platform is used to reward workers
and identify the trust of workers, which are called reward costs
and inspection costs respectively. Next, we give the calculation
method of two types of costs.

(1) The inspection cost Cy of the platform is the reward
paid to trusted workers for collecting historical data. In the
previous method, when w; uploads real-time data of task r, the
platform should recruit trustworthy worker to collect truthful
data of task r, and then identify data trust by comparing the
real data. This method is not only slow to gain trust, but also
leads to extremely high verification costs, while the platform
pays the remuneration much less for historical data than for
real-time data and can obtain real evidence of data verification,
thereby greatly reducing the inspection cost of the platform.
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Fig. 6. Illustration of a multiple-stage arriving process when 17" = 10, 20, 50.

When a worker 7 with unknown trust submits the data of
task 7 in time, the platform requests trusted workers to submit
historical data of task r and give payment ph;, which is
calculated by Eqgs. (10) and (11).

ph: — Unjax X pave . (10)
p’f‘ pmaw
or V(8T

p, = gy il T), (1n)

ZiGST bi

S" is the set of workers that can perform the task r, and
pr is the average efficiency of workers in S”, calculated by
Eq. (11). pmae is the maximum efficiency of workers in S”
and pg.e 1s the average of the efficiency of all workers in S
Assume that the set of tasks that a unknown worker ¢ overlaps
with trusted worker is R;. Trusted worker submits historical
data for task » € R, and the platform rewards ph], so the
total cost for identifying w; is the sum of the rewards paid to
all historical data in task R;, i.e., CiT = ZTERi ph; . When
the trust recognition rate of the system reaches Y, the platform
identifies multiple workers, which is in the set ST, so the total
inspection cost of the platform is as Eq. (12).

Dicsr bi

cxX — Z Z phr Z Z Umaz Pave

ieST reR; ieST r€R; mawx
(12)

(2) The total reward cost of the platform is the reward
paid to all recruited workers. The rewards of workers are
proportional to the value of their data. Workers with high data
value will be paid more. The reward cost of recruiting worker
1 is p;, calculated by Eq. (13).

[ ta .
]./ﬁ Pmazx ZiES}C" Vi (t’ T)
e = ) (14)
l— kK Pave ZiES}C" bi
o esp bt D Th (o
ave |Spp " syl

Note that if % < b;, we consider the reward to be equal
to the worker’s cost b;, i.e., p; = b;. Thus, the reward received
by each worker is not less than the data collection cost that he
or she pays, and the utility of worker i € S, u; = p; —b; > 0,
thus guaranteeing individual rationality of the mechanism.

Ties virt,T)

8

Algorithm 3 Workers Selection Algorithm
Input: S7, B, T, Q, {6;,6,,...,0,}: bid of workers;
QOutput: The set of selected workers
S;

1: S« 0,840, SY« 0

2: for each worker i € S7 do

3 if Tj > Qand a; <T then

4: Sa=84 U {i}

5:  end if

6:  while S4 # 0 do

7: 14 argmaxaTb ;

8: 1fzjesp7+C7—+pz<Bthen

9: S=8S U {’L}

10: end if

11: Sa=8a\{i}

12:  end while

13: end for

14: 0 ), copi +C7 < B then

15:  for each worker i* € N\S7 do

16: if af <7 and ”*(”—) > 1 then

17: S =8 U { ]}

18: end if

19: end for
20:  while S¥ # () do

21: J* eargmax%'

22: if Y . cspi +Cr +pj- < B then
23 S=8S U {j*}:

24: end if

25: SU} — S'll)\{j*}’
26:  end while

27: end if

28: return S;

In Eq. (13), n, is the reward factor of stage . The worker
recruitment time 7 is divided into [ stages, [ = [log, T'| + 1,
ie., k€ {1,2,.., |logy T, [log, T'| + 1}. The time range of
the wth stage is [T 1,Tx]. T, = [2¢F! x T/2llog2TI+1 )
[9], [43], [44]. Fig. 6 shows the stage division when T =
10,20, 50. S} is the set of workers with the arrival time in
Piesw vi(t,T) .
W’ which
is the average efficiency of workers in stage K. Pmaz 1S the

maximum efficiency of workers in S}’ and pq.. is the average
of the efficiency of workers in S{°. 7. is the average trust of all
workers in S}Y. Eq. (13) shows that the higher the average trust
value and the earlier the arrival time, the smaller the reward
factor, so the larger the reward, which satisfies the demand that
a participant’s high data value will increase his/her reward.
Data value and cost calculation method is as in Algorithm 2.

stage x among all workers N. p, =

E. Workers Selection Strategy

When recruiting a new mobile worker, the platform cal-
culates whether the total cost exceeds the budget B. If the
remaining cost is not enough to pay the reward to the newly
recruited worker, the platform ends the worker recruitment.
Workers are divided into workers with known trust and work-
ers with unknown trust. The platform prioritizes those workers
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with high trust, and then uses the remaining cost to select
workers with unknown trust. Below we describe the process
of selecting different types of workers for the platform.

1) Strategies for selecting workers with known trust: The
platform first selects the worker i (i € S7) with Tj > Q
and adds worker 7 the candidate set S4. € is called the trust
threshold. As can be seen from Fig. 5, when Tj =05 v, =
%vmam, which is called the critical value. When Tj\ > 0.5, the
value of the data is greater than the critical value and growing
rapidly, so we take 2 = 0.5. The workers in the candidate set
should satisfy the following conditions:

Sa=8U{i}, st.T§ >0.5and a; < T. (16)

Workers with higher trust and early arrival time can provide
higher data value, and the cost declared by workers is the
lowest reward cost, so the lower cost, the lower reward cost
paid by the platform. Therefore, these workers are preferred
among candidates to obtain the maximum data value. We

define the Trust- Bid Ratio (TBR) of workers as aT—g‘ The
platform selects workers in descending order according to the
TBR. Workers are sorted according to TBR, as in Eq. (17).
The platform prioritizes the worker ¢ with the highest TBR.
When worker ¢ is recuited, if the total cost does not exceed
the budget, the worker is the winner and is added to the set
S, and vice versa to end the worker recruitment.
) J n
Ta o T o TA
a; bz a; bj

36 Jy . ,m € Sa. 17)
anby
2) Strategies for worker selection with unknown trust: In
the initial stage, the trust recognition rate is low, and the
number of workers identified with trust is small, so when the
platform has finished selecting the appropriate workers with
known trust, there may be remaining cost to be able to select
workers with unknown trust. For such workers, the platform
tends to recruit workers with high data value and low cost. We
define the efficiency p of a worker as the ratio of data value

vi(t, T) to cost by, i.e.,
V; (t, T)

p=—F—

b, (18)

The platform judges whether a worker i (i € AN\S7)
satisfies the constraints: a; < T, p; > 1. p; > 1 is to ensure
that the platform’s profit (i.e., v;(¢,7T) — b;) from worker 4
to be greater than 0. A is the set of all workers and S7 is
the set of workers with verified trustworthiness. Workers that
meet the above constraints are added in the set S, and then
the efficiency of the workers in S™ is sorted in descending
order, as in Eq. (19). The platform selects workers from high
to low efficiency. Each time a worker is selected, platform
calculates whether the total cost paid exceeds the budget. If
not, w; can be selected, and then select the next workers until
the total cost reaches the budget and the workers recruitment
is stopped. The workers selection is as in Algorithm 3.

v+ (E,T) .
>M,z+,...,n+€5’w.

b+
(19)

Ui+ (t, T) >

Ui+ (t7 T)
bi‘F ~

bj+

TABLE II
EXPERIMENTAL PARAMETERS SETTINGS

Parameters Default value
Number of tasks m 100
Number of workers n 50
Deadline of each task T' 20
Maximum value of the task vyqz 100
Budget of the platform B 5000
Cost range of workers c; [20, 50]
Number of tasks of worker ¢ [1, 5]
Time-discounting factor 3 1.01
Trust-discounting factor « 20
Data error threshold w 2

Trust decay rate A 1.2

TABLE III
REWARD FACTORS WHEN PROFIT IS MAXIMIZED

Parameters 71 12 73 un 5
Pmazx 4.401 4.662 3.989 4.662 3.488
Pave 2.589 3.157 2.796 1.468 2.330

Pmaz [ Pave 1.699 1.477 1.426 2.615 1.497
Pr 2.441 2.948 2.577 1.439 2.200
Ta 0.702 0.793 0.770 0.542 0.737
Nk 1.181 1.372 1.591 3.469 4.470

V. PERFORMANCE EVALUATION

A. Experimental Settings

To evaluate the performance of our profit maximization
mechanism, we implement a simulation experiment with the
following experimental setup. The parameters used in the
experiment are listed in Table II. The total number of tasks
m = 100 and the total number of workers m = 50.
The deadline of each task T' = 20, which is divided into
|logy T'| + 1 = 5 stages. The number of tasks m,; that each
worker ¢ can perform does not exceed [1, 5], and then m; tasks
are randomly selected from M to generate the set of tasks for
worker 7. Total budget of the platform is B = 5000 and sensing
cost ¢; of each worker for each task satisfies 20 < ¢; < 50.

We simulate collecting temperature data from different
region as data collection tasks, and the data collected by
the workers is in [10, 30]. The error threshold between the
reported data and truth data is set as @ = 2. We use following
metrics to evaluate the effectiveness of proposed MPS.

(a) Total Profit, is the sum of the marginal data values
of the recruited workers. Our goal is to maximize the total
profit of the platform and obtain the optimal recognition rate
corresponding to the maximum profit.

(b) Trusted workers’ Ratio (TR), is defined as the ratio of
the number of trusted workers to the number of all workers.

(c) Task Implementation Ratio (TIR) and Worker Selection
Ratio (SR). TIR is the ratio of the number of tasks that can
be completed by the recruited workers to the total number of
tasks, while SR is the ratio of the number of recruited workers
to the total number of workers.

(d) Budget Utilization Ratio (BUR), is defined as the ratio
of the total cost of recruiting workers to the total budget.
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Fig. 7. Impact of trust recognition rate on platform profit. (a) Total profit and
total cost. (b) Data value and cost for individual workers.

IS

B. Impact of Trust Recognition Ratio on Total Value

Fig. 7 illustrates the variation of data value and total cost
under different trust recognition ratios when B = 5000,n =
50, m = 100. In Fig. 7, as the trust recognition rate increases
from 0.1 to 1, the total data value of the platform first increases
slowly and then decreases, and is higher than the total cost.
When x = 0.8, the platform’s profit reaches its maximum
value, and when x > 0.8, the profit starts to decrease. Table
IIT shows the reward factor when profit is maximized. The
total cost of the platform in each round is close to the total
budget, indicating that the platform has a very high budget
utilization ratio. Compared to the total reward cost, the total
inspection cost of the platform is very low. Fig. 7b shows the
data value and cost for individual workers when y = 0.1. The
inspection cost of a single worker is also very small compared
to the rewards received by the worker, which indicates that our
proposed data truth discovery method is a low-cost method.

Fig. 8 shows the impact of trust recognition rate on different
indicators such as TR and TIR. In Fig. 8a, as the trust recog-
nition rate increases, the platform is able to recognize more
trustworthy workers, so the value of TR gradually increases
to 0.8, and the average trust value of recruited workers and
the trust level of all workers in the system gradually increases
from 0.5 to more than 0.7. As shown in Fig. 8a, when the value
of x is small, the reward cost used for worker recruitment is
sufficient and the trust value of the worker is unknown, the
reward cost is also low and more number of workers can be
recruited, so the TIR and SR values are maintained at 0.9. But
as the value of yx increases, the platform is able to recruit more
high trustworthy workers but also pays a higher reward cost,
and fewer workers are recruited, and there is a clear trend of
decreasing TIR and SR values. Fig. 8b demonstrates the trust
values of all workers in the MCS when x = 0.1 and x = 1.
When y = 0.1, 90% of the workers’ trust is unknown which
is 0.5. When all the workers’ trust is identified, the workers’
trust is concentrated above 0.7, and the trusted workers’ ratio
of MCS system is higher than 70%, which shows that our trust
recognition scheme is effective.

C. Optimal Trust Recognition Ratio

In this section, we evaluate the optimal trust recognition
ratios under different budgets. As shown in Fig. 9a, by
increasing the budget, the platform has more cost to spend on
trust verification, so the trusted ratio of the system continues
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to increase, and the optimal trust recognition ratio gradually
increases from 40%. When the budget is large enough such
as B = 6000, the platform has the ability to verify the trust
values of all workers with x,, = 1 and is able to reach
the maximum profit. The changes in TIR and SR values are
consistent with an overall increasing trend with the increase of
the budget. Fig. 9b shows the optimal recognition rate when
B = 3000. Due to the low budget, the platform can only obtain
the trust of some of the workers. The total profit shows a trend
of increasing and then decreasing, and the profit reaches the
maximum when x = 0.5. As the recognition rate increases,
the profit gradually decreases as the inspection costs increases.
The task completion rate and worker selection rate change
simultaneously, showing a slow decline trend overall.

D. The Effects of System Parameters on Total Profit

In this section, we evaluate the impact of trust recognition
ratio on the platform’s total profit under different system
parameters, such as budget, number of workers or number
of tasks, etc. As shown in Fig. 10a, with a fixed number of
workers (n = 50), we set the budget is increased from 4000
to 7000. When the budget is small such as B = 4000 and
B = 5000, the platform’s profit increases and then decreases,
while as B increases, the profit rises continuously as the
recognition rate increases, which is due to the fact that the
platform has enough cost to recognize the trustworthiness of
more workers.

If the number of workers increases from 40 to 120 with a
limited budget that is set to B = 8000, it can be seen from
Fig. 10b that the higher the number of workers, the higher the
profit. This means that given a sufficient budget, the platform
is able to detect the trustworthiness of all workers, and the
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number of highly trustworthy workers selected by the platform
is also increasing, so the profit will continue to rise.

We next consider the evaluation results about the effect of
number of tasks and task deadline 1" on the total value. As
in Fig. 10c, we set n = 80,8 = 8000, and the total number
of tasks increases from 50 to 200. We can see a significant
increase in profit, which is due to the fact that the number of
tasks increases, the overlap of tasks that can be performed
between workers becomes less, and the marginal value of
the workers becomes larger, which increases the revenue of
the platform. Fig. 10d shows the platform’s revenue under
different task deadlines. The shorter the task deadline, the
platform is able to recruit workers submitting data earlier, so
the less the data value decays. As T' decreases, the total value
will be higher than the that with a larger task deadline. In Fig.
10d, the platform’s profit first rises and then declines when
T = 50. This is due to the fact that the platform allows later
arriving workers to participate in the data collection, which
provide low data value, so as the recognition rate increases,
the platform’s revenue instead starts to decline.

E. Impact of System Trust Ratio on Profit

In this section, we discuss the impact of the trust ratio (TR)
of the MCS system on the value of the data and SR. We set
the four distribution ratio of trusted workers in the networks,
as shown in Fig. 11a. The more trusted workers distributed in
the system, the more trusted workers the platform can recruit,
and thus the higher the data value. When TR = 0.5, the number
of trusted workers is small and the total profit of the platform
is the lowest. As TR increases, the profit rises significantly.
When TR = 0.7, the platform’s profit is the highest.
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Fig. 12. Impact of varying budget and number of workers on Budget
Utilization Ratio. (a) The impact of budgets. (b) The impact of number of
workers.

In Fig. 11b, the average trust values of workers selected
under different TR values are relatively stable. When TR =
0.7, the average trust value is maintained at 0.8, and as the TR
value decreases, the average trust value has a small decrease
but is able to stay above 0.7. This shows that even though the
TR decreases, the worker selection strategy still selects highly
trusted workers and screens out the lowly trusted workers,
and thus the average trust value can maintain a high value.
The above results show that our scheme is able to accurately
distinguish between trusted and malicious workers, and can
also select high-quality workers to increase the profit of the
platform. For the worker selection ratio, the larger the TR
value, the more highly trusted workers can be selected, hence
the larger the value of SR. When the TR value is fixed,
the worker selection ratio increases as the budget increases
because the platform is able to reward more workers to
participate in the task. As the TR value decreases, the number
of trusted workers in the system is then reduced, and there
are fewer candidate workers that meet the requirements for
worker recruitment, so the SR value is lower.

F. Budget Utilization Ratio

Fig. 12 shows the variation of budget utilization ratio when
the cost changes from 4000 to 13000 and the number of
workers changes from 40 to 140. As shown in Fig. 12a, when
the number of workers is fixed, the BUR decreases as the cost
increases. This is because that the data value provided by a
fixed number of workers is limited, which indicates adding
more budget may not improve the platform’s revenue. When
the budget is small, the costs are fully spent on recruiting
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workers and the budget utilization rate is above 0.8, while
as the budget increases, more redundant costs are incurred,
resulting in low utilization rate. In Fig. 12b, under the fixed
budget, the BUR rises with the number of workers. This is
because the platform is able to recruit more credible and low-
latency workers, but also needs to pay more reward costs, so
the platform has a higher budget utilization rate.

We also evaluate the impact of varying budget and number
of tasks on marginal data value. In Fig. 13a, when the number
of tasks is fixed, the platform revenue may not improve
significantly as the number of workers increases. Fig. 13b
also shows that with a constant number of tasks m = 100,
if the budget of the platform is increased, the marginal value
of the data is close and there are no major improvements.
This is because considering the marginal data value of the
workers, the platform does not double count the value of data
that has already been submitted by other workers. When the
number of tasks is small, the tasks performed by a new worker
overlap significantly with the tasks of recruited workers, so
the marginal value contributed by this worker is very small,
and thus expanding the number of workers or budgets may
not improve the platform’s profit. But if the number of tasks
is increased, the overlap between the workers is reduced. so
there is a significant rise in platform’s profit in Fig. 13a.

G. Platform Profit Comparison

In order to verify the effectiveness of the proposed MPS, we
compare the profit of MPS with that of the following schemes.

(1) Time-Discounting Mechanism (TDM) [9]. TDM pro-
poses a time-discounting value model to measure the value of
the collected data, i.e., v;(;) = v; x Bt The total value is
Vrpm = Yy, es Vilti) = D, s vi x 871 S is the recruited
workers set. TDM does not identify the credibility of the data
and and total budget is spent on recruiting workers.

(2) OMZ [43] and Singer Mechanism [46]. Workers selec-
tion in the above two schemes is similar to MPS. The biggest
difference is the calculation of the reward factor for each stage.
In OMZ, the reward factor is the average value in the data
value-cost ratio of the selected workers, while in the Singer
scheme, the reward factor is the maximum value in the data
value-cost ratio of the selected workers.

(3) Random mechanism. The platform randomly selects
workers until the platform’s budget is exhausted.

(4) Optimal solution (OPT). In OPT, each worker is highly
trusted and the latency of the data is O.
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Fig. 14. Profit comparison of MPS and the other schemes [9], [43], [46]. (a)
Profit comparison of Manuscript with TDM [9]. (b) Impact of reward factor
on profit compared with OMZ [43], Singer [46].

T
2 3
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We compare the platform profit of MPS with OPT, TDM [9],
and Random schemes, as shown in Fig. 14a. With the increase
of worker recruitment rounds, the profit of the four schemes
is gradually increasing and the total profit of the OPT is much
higher than that of the other three schemes. Compared with the
Random scheme, because the MPS selects the most efficient
workers each time instead of randomly selecting workers with
known trust, while the Random scheme may select workers
with low trust and large delay, MPS can increase the revenue
by 31.37% -81.11%. Compared with the TDM scheme, since
TDM lacks the truth discovery, the TDM scheme is at a
disadvantage in choosing high-trust workers, leading that the
data value is greatly reduced. The TDM mechanism introduces
the parameter (¥)!=% to refract the time decay effect, while

our MPS introduces the parameter 1/_—7;:‘ based on the TDM to
capture the comprehensive effect of trust and time decay on
the reward factor. Experimental results show that the optimized
MPS can increase the platform revenue by 10.31%-74.81%.
To verify the effect of the reward factor 7, on system
performance, we compare the platform profit of MPS with
OMZ [43] and Singer scheme [46]. The above two schemes
increase the reward factor, which will exclude some workers
with low latency and high trust to be selected. It can be seen
from Fig. 14b that the reward factor has a great influence
on the platform’s revenue. Although our scheme increases
the inspection cost and introduces a time decay factor, the

reward factor is optimized through the time parameter l%

K
and the trust parameter % Experimental results show that
this optimization can make the platform’s profit significantly

higher than the OMZ and Singer schemes.

H. Engineering Applicatons

As shown in Fig. 15, our proposed MPS can be applied
to various time-sensitive engineering applications in mobile
computing. For example, in urban traffic monitor applications,
mobile vehicles running on the road and pedestrians on the
roadside serve as workers. Mobile workers distributed in dif-
ferent locations perceive road flow, traffic accidents, road clo-
sures data in real-time and report honestly to MCS platform.
Platform calculates congestion on multiple alternative routes
for users to choose smoother roads, improving traffic efficiency
and safety. But since these workers are not specialized devices
for monitoring traffic conditions, there are malicious workers
out there. MPS is able to identify these malicious workers
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and recruit high-value workers to improve the accuracy of the
information provided by the monitoring system. In addition,
in environmental monitoring, workers distributed in different
locations in the city such as smartphones and laptops collect
dynamically changing environmental data, such as air quality,
temperature and humidity, etc. Leveraging mobile computing
of workers, the monitoring system can detect environmental
changes in time and respond quickly to environmental emer-
gencies. However, these devices may not be able to work
properly due to aging or external exposure. Therefore, our
system model can be applied by dispatching some high-quality
devices to collect data at certain location and test whether the
devices are functioning normally.

VI. CONCLUSION AND FUTURE WORK

In the MCS, the platform recruits mobile workers to com-
plete data collection, task calculation, and service construction.
However, untrustworthy data would lead to poor services and
platform’s low profit. Identifying the data truth is an important
issue to ensure the high quality of services provided by the
platform. This paper first proposes a low-cost service truth
discovery method, which utilizes the historical data of mobile
trusted workers as truthful data to compute the data truth.
Secondly, our proposed MPS comprehensively considers that
the data value decreases with the decrease of the worker’s
trust and decreases over time. Then the platform calculates the
data value of mobile workers and prioritizes recruiting workers
with high trust and less delay to maximize the platform’s
profit. With the trust recognition rate increases, the platform
can identify more workers’ trust and select high-trust workers,
but this increase the inspection costs, so there is a balance
between the platform’s profit and the trust recognition rate.
We give the optimal trust recognition rate when platform
profit is maximized. The experimental results show that MPS
shows good performance in terms of platform profit and is
significantly better than the existing schemes. For the further
work in this paper, we intend to consider the time decay of
trust and obtain the validity period of the trust of workers,
recruiting credible workers within the validity period, and thus
maintaining the long-term maximum profit of the platform.
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