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Abstract—In this paper, we study a new type of spatial crowdsourcing, namely competitive detour tasking, where workers can make

detours from their original travel paths to perform multiple tasks, and each worker is allowed to compete for preferred tasks by

strategically claiming his/her detour costs. The objective is to make suitable task assignment by maximizing the social welfare of

crowdsourcing systems and protecting workers’ private sensitive information. We first model the task assignment problem as a reverse

auction process. We formalize the winning bid selection of reverse auction as an n-to-one weighted bipartite graph matching problem

with multiple 0-1 knapsack constraints. Since this problem is NP-hard, we design an approximation algorithm to select winning bids and

determine corresponding payments. Based on this, a Secure Reverse Auction (SRA) protocol is proposed for this novel spatial

crowdsourcing. We analyze the approximation performance of the proposed protocol and prove that it has some desired properties,

including truthfulness, individual rationality, computational efficiency, and security. To the best of our knowledge, this is the first

theoretically provable secure auction protocol for spatial crowdsourcing systems. In addition, we also conduct extensive simulations on

a real trace to verify the performance of the proposed protocol.

Index Terms—Privacy, reverse auction, spatial crowdsourcing, task assignment
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1 INTRODUCTION

T HE prevalence of smart mobile devices and ubiquitous
wireless networks have resulted in the emergence of

a new crowdsourcing paradigm, called spatial crowdso-
urcing [1], [2], [3]. A typical spatial crowdsourcing system
consists of a crowd of workers and a platform on the cloud.
The platform will publicize a variety of location-relative
spatial tasks. Workers can physically move to these loca-
tions to perform the corresponding spatial tasks. Since spa-
tial crowdsourcing can accomplish plenty of spatial tasks
that individual users cannot cope with, it has stimulated
many commercial applications in practice, such as Gigwalk,
Waze and Uber.

An important research problem in spatial crowdsourc-
ing is to assign spatial tasks to suitable workers [4].
Existing solutions to this problem can be generally
divided into two categories according to the underlying
task publishing modes: worker selected tasks (WST) [5]
and server assigned tasks (SAT) [6], [7], [8], [9]. In WST
mode, workers can choose any task according to their
preferences (e.g., choosing the closest task), which does
not necessarily coincide with the objective of the crowd-
sourcing platform (e.g., maximizing the total number of
completed tasks). This weakness can be overcome by the
SAT mode in which the platform knows all workers’
data, and therefore, can assign to workers suitable tasks
while achieving its own objective.

In this paper, we investigate task assignment in the
SAT model, where a novel task setting, namely competi-
tive detour tasking, is considered. Specifically, each worker
has a travel path (e.g., the path from home to office) and
is willing to detour from the path to perform some tasks
nearby. He/she competes for his/her preferred tasks by
strategically claiming his/her detour cost. The platform
assigns workers to tasks according to their quotations
and pays them some rewards to compensate for their
detour costs. This task setting has two advantages when
compared with traditional ones. First, workers are not
constrained to perform tasks that are close to their cur-
rent locations. Instead, they can choose distant tasks as
long as the detour cost could be tolerated. Second, tasks
can be solved in a cost-effective way due to the free quo-
tation of users and the competition among their quota-
tions. Therefore, it is useful in practice and can be
applied to ridesharing [10], destination-aware spatial
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crowdsourcing [11], noise pollution monitoring and
roadside advertisement collection.

Fig. 1 shows an example of competitive detour tasking.
There are two riders and each requests a ridesharing task
with a specific budget (e.g., $10 for task s1 and $15 for task
s2) in the crowdsourcing platform. Two drivers (i.e., work-
ers) move along their travel paths (denoted by solid lines)
but they can make detours (denoted by dotted lines) to pick
riders up at specified locations. Driver u1 finds the destina-
tions of s1 and s2 (i.e., A and B, respectively) are both in
his/her travel path but s1 is in a crowded street, so he/she
asks for a high detour cost say $10 for s1 and a normal
detour cost say $8 for s2 based on his/her true travel cost
and expected profit. On the other hand, only s1’s destination
is in the travel path of u2, so u2 is eager to perform s1 with a
competitive detour cost say $5. Since u2’s quotation is lower
than u1’s, the platform selects u2 to perform s1 and assigns
s2 to u1. Clearly, the total income of the platform is
$10þ $15 ¼ $25 and the total expenditure is $5þ $8 ¼ $13,
making a profit of $12. If the platform adopts the conven-
tional distance-first task setting, then both s1 and s2 will be
assigned to u1. In this case, the expenditure increases to
$10þ $8 ¼ $18, so the profit becomes $7.

Compared to previous task assignment studies, the hard-
ness of competitive detour tasking problem lies in the fol-
lowing two aspects. First, every worker in this problem
setting may make multiple detours to perform different
tasks but the accumulative detour distance budget is
bounded. As a result, the whole task assignment involves a
combinatorial optimization problem that combines n-to-one
weighted bipartite graph matching and multiple 0-1 knap-
sack constraints, which is not a trivial bipartite graph
matching problem. Second, since workers are allowed to
compete for their preferred tasks, designing truthful auction
mechanism is one of the most efficient ways to solve this
problem. However, the detour costs claimed by workers are
sensitive in our problem setting, and should be kept secret
in the auction design. This is because a malicious worker
can always win an order by deliberately asking for a price
lower than other quotations, so honest workers have no
chance to perform tasks. Although many auction-based task
assignment mechanisms have been proposed for crowd-
sourcing systems [12], [13], [14], [15], [16], none of them can
protect the quotations of workers from being disclosed. On
the other hand, although there have been some studies on
privacy-preserving task assignment for spatial crowdsourc-
ing [17], [18], [19], they mainly focus on the location privacy,
which cannot be applied to our problem setting.

To this end, we propose a Secure Reverse Auction (SRA)
protocol to address the above challenges. More specifically,
we let the platform conduct the task assignment periodi-
cally. Each round of task assignment is formalized as a
reverse auction process, which includes a secure winning
bid selection problem and a payment computation problem.
Since winning bid selection is NP-hard, we propose an
approximation algorithm to select winning bids and deter-
mine the payments, in which homomorphic encryption is
adopted to protect workers’ bids (i.e., the detour cost
claimed by workers) from being revealed to others. The
major contributions in this work are summarized as follows:

1) We transform the problem of competitive detour
tasking in spatial crowdsourcing into the problem of
designing a secure reverse auction protocol, includ-
ing secure winning bid selection and secure payment
computation. Moreover, the winning bid selection
is formalized as an n-to-one weighted bipartite
graph matching problem with multiple 0-1 knapsack
constraints.

2) We prove that the secure winning bid selection prob-
lem is NP-hard, and design a greedy algorithm to
select winning bids, by which the SRA protocol can
achieve an approximately optimal task assignment
solution. We analyze the approximation ratio, and
demonstrate that it is an urgent bound.

3) We design the secure payment computation algo-
rithm for the SRA protocol and prove that it makes
SRA have the properties of truthfulness and individ-
ual rationality, that is, all workers will rationally
compete for tasks with their true costs.

4) We prove that the SRA protocol is efficient and
secure. To the best of our knowledge, this is the first
theoretically provable secure auction protocol for
spatial crowdsourcing.

The remainder of the paper is organized as follows. We
introduce models, problem, and preliminary in Section 2.
The SRA protocol is proposed in Section 3. The theoretical
analysis is presented in Section 4. In Section 5, we evaluate
the performances of SRA. After reviewing the related work
in Section 6, we conclude the paper in Section 7.

2 MODEL AND PROBLEM

2.1 System Model

We consider a typical spatial crowdsourcing system. First,
there is a platform receiving spatial tasks from crowdsourc-
ing service requesters. A spatial task is defined as follows:

Definition 2.1 (Spatial Task). A spatial task, or a task for

short, is denoted by a triple sj ¼def hljaj; eji, where lj is the loca-
tion in a 2D space where sj needs to be performed, aj is the type
of sj, e.g., taking photos, and ej is the reward that the requester
of sj is willing to pay to the platform.

Second, the spatial crowdsourcing system also includes a
crowd of mobile workers who can detour from their original
paths to perform some spatial tasks using their smart-
phones. If a worker is ready to perform some spatial tasks,
it will send its state information to the platform. Each
worker can be identified by its state information:

Fig. 1. Example of competitive detour tasking.
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Definition 2.2 (Crowd Worker). A crowd worker, or a wor-
ker for short, is denoted by a triple ui ¼def hLi, Ai, dii, where Li

is the shortest path from his/her current location to his/her des-
tination, Ai is the set of task types that he/she can deal with,
and di is the largest accumulative distance that he/she is willing
to detour for performing tasks, called detour distance budget.

Moreover, we use S and U to denote the sets of tasks and
workers, respectively. Besides, we define another two nota-
tions: detour distance and performable task, as follows.

Definition 2.3 (Detour Distance). The detour distance dij
is the extra travel distance that worker ui detours from his/her
path Li to perform task sj.

Definition 2.4 (Performable Task). A task sj is a perform-
able task of worker ui if ui can deal with this task and the
detour distance is not larger than the detour distance budget.
Denote the set of performable tasks of ui as Si. Then, it satisfies
Si¼fsjjaj2Ai; dij�di; sj2Sg.
Finally, the spatial crowdsourcing system adopts a peri-

odical task assignment model, defined as follows:

Definition 2.5 (Periodical Task Assignment Model). The
platform continuously receives tasks and periodically assigns
them to workers. If a task is not assigned in the current task
assignment round, it will be handled in later rounds. Each
worker can perform one or more tasks as long as the total detour
distance is not larger than his/her budget.

Remark: Clearly, the detour distance for a task sj can be
easily decided at runtime. However, it is hard to estimate
dij at the start of each round of task assignment, because
worker ui cannot know his/her location in the future (not-
ing that he/she will travel to different places to perform
other tasks assigned to him/her). To facilitate later discus-
sion, we first consider the detour distance in the worst case,
where ui goes back to his/her original path after completing
a task. Here, the original path refers to the path from his/
her current location (at the start of one round of task assign-
ment) to his/her destination. It is clear that the detour dis-
tance estimated in this way is always larger than the one in
practice, as ui can always follow a shorter path to his/her
destination if there exists one. Based on the detour distance
in the worst case, our algorithms can be presented much
more clearly as this distance is a constant in this circum-
stance. However, it should be noted that our algorithms can
also work well in practice where the detour distance is not a
constant (as it will change according to ui’s location). As
will be discussed later, we only need to ensure the accumu-
lative detour distance is not larger than the detour distance
budget, that is, it does not matter whether the detour dis-
tance is a constant or not.

2.2 Security Model

In the course of task assignment, we need to protect each
worker’s private sensitive information from being revealed
to the platform or to other workers. For this privacy-pre-
serving issue, we adopt the well-known and widely-used
semi-honest security model [20]. In this model, each partici-
pator will follow the whole task assignment protocol, show-
ing the honest aspect. On the other hand, the participator

will also try to derive the extra information from the
received data, showing the dishonest aspect. The semi-hon-
est model is reasonable since each participator is generally
willing to follow the protocol so as to benefit from the task
assignment. The privacy under the semi-honest model can
formally be defined as follows:

Definition 2.6 (Privacy under Semi-honest Model). [20]]
Suppose that Fðx0; x1; . . . ; xnÞ¼ðF 0;F 1; . . . ;F nÞ is a func-
tionality computed by nþ 1 parties jointly, where xi and F i

are the input and output of the ith party (0 � i � n, where
i ¼ 0 represents the platform and 1 � i � n represents n work-
ers), both belonging to a prime field Zq. For I ¼fi1; . . . ;
ikg�f0; . . . ; ng, we let FI denote the subsequence
F i1 ; . . . ;F ik . Consider a protocol for computing F . The view of
the ith party during an execution of this protocol, denoted as
VIEWi, is ðxi; y;miÞ where y represents the outcome of the ith
party’s internal coin tosses (i.e., a random integer) and mi rep-
resents the messages that the party has received. In other words,
VIEWi is all the data that the ith party can observe during

the execution of the protocol. Let VIEWI ¼def ðI ; VIEWi1 ;
. . . ; VIEWikÞ. Then, we say that the protocol privately com-
putes F if there exists a polynomial-time algorithm, denoted as
A, such that for every I above

AðI ; ðxi1 ; . . . ; xik ;FIÞÞ ¼
C
VIEWI ; (1)

where ¼C denotes computational indistinguishability.

Eq. (1) asserts that the view of each party in I can be effi-
ciently simulated based solely on its inputs and outputs. In
other words, it cannot derive extra information during the
execution of the protocol. In addition, a semi-honest third
party is introduced into the crowdsourcing model to assist
the platform and workers to complete the task assignment,
whose defined as follows:

Definition 2.7 (Semi-honest Agent). A semi-honest agent is
a third party that works in the semi-honest model and provides
the service of encryption key generation and some auxiliary
computations for the crowdsourcing system.

Remark: In practice, many public key infrastructures can
serve as the semi-honest agent. As a well-known service pro-
vider, the agent typically does not collude with either the
platform or the workers. This fact has been widely-used in
many other secure computation systems, e.g., [20], [21], [22].

2.3 Problem Formalization

In the spatial crowdsourcing system, the platform conducts
the task assignment through the manner of reverse auction.
Specifically, the platform acts as the auctioneer, and the
workers are seen as the sellers of service of performing
tasks, as shown in Fig. 2. First, the platform publicizes all
tasks in S to the workers in U. Then, each worker submits
the tasks that it can deal with and the corresponding bids
(i.e., the claimed detour costs) to the platform. According to
these bids, the platform determines the winning bids and
computes the payments for winners, based on which the
platform conducts the task assignment and pays the
rewards. Meanwhile, the agent helps to protect all workers’
true costs from being revealed. The whole auction process
mainly involves two key problems: the Secure Winning Bid
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Selection (SWBS) problem and the Secure Payment Compu-
tation (SPC) problem, which are formalized as follows.

First, we define four basic notations for the auction:

Definition 2.8 (True Cost, Bid, Winning Bid, and Pay-
ment). If a worker ui2U performs a task sj2S, he/she will
result in a true (detour) cost, denoted by cij. When ui wants
to compete for performing sj in the auction, he/she will submit
a bid, denoted by bij, which is a claimed cost. Since ui might
manipulate the claimed cost, bij is not necessarily equal to cij.
When ui wins task sj in the auction by using the bid bij, we say
that bij is a winning bid. Accordingly, for the winning bid bij,
the platform will determine a payment, i.e., the amount of
money given to ui for performing the task, denoted by pij. We
denote all bids, winning bids, and payments as three sets B, ~B,
and P, respectively. Moreover, cij; bij; pij 2 Zq, where q is a
prime and Zq is a field. Additionally, we let ri¼

P
sj2S pij and

r¼P
ui2U ri.

Remark: In this paper, the values of cij, bij, and pij are the
private sensitive information of worker ui, which will be
protected from being revealed in the whole auction process.
~B is the set of winning bids. If bij2 ~B, it means that bij wins
the auction and sj will be assigned to ui. Thus, ~B can also be
seen as the solution of the task assignment problem.

Second, the optimization objective of SWBS is to maxi-
mize the social welfare, defined as follows.

Definition 2.9 (Social Welfare). The social welfare is the
total profit of the whole spatial crowdsourcing system. Let ~B be
the set of winning bids. Then, social welfare is denoted as:

Fð~BÞ ¼def
X
bij2~B
ðej�cijÞ: (2)

Remark: Here, if worker ui wins task sj in the auction, the
social welfare includes not only the profit of the platform, but
also the profit of the worker, i.e., ej�cij¼ðej�pijÞþðpij�cijÞ.
In practice, the platform andworkersmight share their profits
with the agent as the reward of security service. Here, we just
ignore the profit sharing for simplicity, since it will not affect
the correctness of our task assignment protocol.

Third, based on the above concepts, we can formalize the
SWBS problem as follows.

Definition 2.10 (The SWBS Problem).

Maximize :
X
bij2~B
ðej�cijÞ ¼

X
bij2~B
ðej�bijÞ

¼
X
sj2S

X
ui2U
ðej�bijÞxij

(3)

Subject to :
X
ui2U

xij � 1; sj2S; xij2f0; 1g (4)

X
sj2Si

dijxij�di; ui2U; xij2f0; 1g (5)

Security : Eq. 1 holds: (6)

Here, xij¼1 indicates that bid bij wins the auction and task sj
will be assigned to worker ui, i.e., bij2 ~B. Otherwise, if xij¼0,
sj will not be assigned to ui and bij 62 ~B. Eq. (4) indicates that
each task can be assigned to at most one worker and Eq. (5)
means that the total detour distance of each worker is not larger
than its budget.

Remarks: Our task assignment protocol, i.e., SRA, is a
truthful reverse auction protocol, which means that all
workers will always submit the true costs as their bids dur-
ing the whole auction process. Hence, when discussing the
winning bid selection problem, we can directly assume
bij¼cij. Then, the optimization objective of the SWBS prob-
lem is maximizing the social welfare of the whole system, as
shown in Eq. (3). In Section 4, we will prove the truthfulness
of SRA, which implies that this assumption holds.

Next, the SPC problem is defined as follows:

Definition 2.11 (The SPC Problem). The SPC problem is
how to determine the payment for each winner so that the whole
auction protocol satisfies truthfulness and the individual ratio-
nality and the worker’s true cost values will not be disclosed to
others.

The concepts of truthfulness and individual rationality
are defined as follows:

Definition 2.12 (Truthfulness). Let b be an arbitrary bid for
worker ui that wins the task sj, and pijðbÞ is the corresponding
payment determined by the payment computation algorithm of
an auction protocol. Then, if

pijðbÞ�cij�pij�cij; (7)

then the auction protocol is truthful. Here, the payment is seen
as a function about the bid, and pij is the payment when ui

claims its true cost as its bid, i.e., pij¼pijðcijÞ.
Definition 2.13 (Individual Rationality). For each winning

bid bij, if the corresponding payoff is nonnegative, i.e.,

pij�cij�0; (8)

then the auction protocol satisfies individual rationality.

Remarks: In Definition 2.12, Eq. (7) can guarantee that
each worker claims its cost truthfully, since an untruthful
bid will lead to a worse payoff. In Definition 2.13, Eq. (8)
shows that each worker can receive a nonnegative payoff if
it participates in the auction.

In addition, the whole reverse auction protocol needs to
meet the property of computation and communication effi-
ciency, defined as follows:

Definition 2.14 (Computation and Communication
Efficiency). Each round of reverse auction process can

Fig. 2. Privacy-preserving reverse auction model.
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terminate in a polynomial time with a polynomial communica-
tion overhead.

2.4 Preliminary

From the definitions presented in the last section, task
assignment through reverse auction mainly involves two
basic arithmetic operations: addition and multiplication. To
protect sensitive data and enable direct computation, we
employ homomorphic encryption to encrypt sensitive data.
Note that, in this scheme all kinds of data including real
numbers (e.g., bid and payment) are transformed into inte-
gers in some prime field.

Definition 2.15 (Homomorphic Encryption). A homomor-
phic encryption scheme is a public-key cryptosystem with such a
homomorphic property that the “addition” operation can be
applied to the encrypted data without decrypting them. Let Zq be
a prime field, � and � be the multiplication and addition opera-
tions in this field, i.e., x� y ¼defxy mod q and x� y ¼def xþ y mod q

for 8x; y2Zq. Then, the homomorphic encryption scheme
satisfies:

E½m1	�E½m2	¼E½m1�m2	; (9)

where m1;m22Zq are two plaintexts, and E½
	 is the homo-
morphic encryption operation.

Remarks: Eq. (9) shows that when multiplying the homo-
morphic encrypted ciphertexts of two messages, we can
directly get the ciphertext of the addition of them. In this
paper, we adopt the well-known Paillier cryptosystem [23]
for this encryption scheme. To facilitate later discussion, for
a set of values M, we let E½M	 ¼ fE½m	jm 2Mg, that is, the
encryption operation is performed on every element
m 2M. Therefore, E½M	 is a set of encrypted values.

For ease of reference, we list main notations in Table 1.

3 THE SRA PROTOCOL

In this section, we propose the SRA protocol to solve the
task assignment problem in our spatial crowdsourcing sys-
tem. The SRA protocol mainly includes two algorithms: the
Secure Winning Bid Selection (SWBS) algorithm and the
Secure Payment Computation (SPC) algorithm. SWBS
securely determines the winning bids, each of which corre-
sponds to a task assignment. SPC determines the payment
for each winning bid. First, we analyze the complexity of
the task assignment problem. Then, we propose SWBS and
SPC as the building blocks. Next, based on the algorithms,
we design the SRA protocol by using the homogeneous
encryption techniques. Finally, we demonstrate the execu-
tion of this protocol through an example.

3.1 Problem Hardness Analysis

First, we analyze the complexity of the SWBS problem:

Theorem 3.1. The SWBS problem is NP-hard.

Proof. We consider a special case of the SWBS problem,
where there is only one worker totally, i.e., jUj¼1. Without
loss of generality, we let theworker be ui. Then, this special
problem is determining a subset of tasks S0�Si so as to
maximize

P
sj2S0ðej�cijÞ, while ensuring

P
sj2S0 dij�di.

This is equivalent to the 0-1 knapsack problem: given a set

of items Si, each item has a value ej�cij and a weight dij,

determining a subset of items to maximize the total value,

while ensuring the total weight is not larger than a budget

di. This is a well-known NP-hard problem, so the special
SWBS problem is also NP-hard. Consequently, the general

SWBS problem is at least NP-hard. tu
Remark: In the SWBS problem, each constraint of detour

distance budget (i.e., Eq. (5)) can be seen as a 0-1 knapsack
constraint. The whole problem can be modeled as an n-to-
one weighted bipartite graph matching problem with multi-
ple 0-1 knapsack constraints.

3.2 Winning Bid Selection

Due to the NP-hardness of the task assignment problem,
we design the Secure Winning Bid Selection (SWBS) algo-
rithm to determine the winning bids. In order to maxi-
mize the social welfare, SWBS greedily selects the bid
from B that can produce the largest profit under the con-
straints of detour distance budgets, until no bids can be
selected.

Before the winning bid selection, we construct a weig-
hted bipartite graph, defined as follows:

Definition 3.2 (Bipartite Graph with Ordered and
Encrypted Edge Weights). G¼fU, S, D, E½W	g is a
weighted bipartite graph, including two separate vertex sets:
worker set U and task set S. In graph G, D¼fdijui2Ug is the
set of worker vertex weights, where di is ui’s detour distance
budget. E½W	¼fE½wij	jui2U; sj2Sg is an ordered set of
encrypted edge weights, in which E½wij	 is the encrypted
weight of edge hui; sji, satisfying

wij ¼def aðej�bijÞþb; (10)

TABLE 1
Description of Major Notations

Variable Description

sj, S, Si the jth task (Def. 2.1), the set of all tasks, the set
of tasks that ui can deal with (Def. 2.4).

ui, U the ith worker (Def. 2.2), and the set of all
workers in the auction.

dij, di detour distance for ui performing sj (Def. 2.3),
the detour distance budget of ui (Def. 2.2).

q, Zq a prime and a prime field (Defs. 2.6, 2.8).
ej, cij the reward for completing task sj (Def. 2.1),

and the true cost for ui performing sj (Def. 2.8).
bij, pij, ri, r the bid of worker ui competing for task sj, the

corresponding payment, the total payment of
ui, and the total payment of all workers (Def.
2.8).

B, ~B, P the sets of all bids, all winning bids, and the
corresponding payments. (Def. 2.8).

E½
	,D½
	 homomorphic encryption function (Def. 2.15)
and decryption function.

G, E½W	 a weighted bipartite graph and an ordered set
of encrypted edge weights (Def. 3.2).

wij, E½wij	 the edge weight and the encrypted edge
weight in graph G (Def. 3.2).

a, b random numbers selected from the prime field
Zq for hiding bids (Def. 3.2).
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E½wij	 ¼ E½ej	a�E½bij	�a�E½b	;
¼ E½aðej�bijÞþb	;

(11)

where a and b are two numbers randomly selected from prime
field Zq, and ej�bij is the profit of worker ui performing task
sj. Moreover, E½wij	 is the edge weight encrypted by homoge-
neous encryption. All E½wij	’s in E½W	 are ranked in the
descending orders of wij.

The SWBS algorithm is conducted on the weighted
bipartite graph G. The SWBS algorithm selects the bids
that have the largest edge weights within the constraints
of detour distance budgets as the winning bids, in turn.
Since E½W	 is ranked in the descending orders of edge
weights, the SWBS algorithm directly lets the bid that cor-
respond to the first element of the sets E½W	 as the win-
ning bid, if the detour distance constraint is not broken.
After each selection, the first element of the set E½W	 will
be removed and the corresponding detour distance bud-
get will also be updated. For example, if bij is selected as
the winning bid by SWBS, the first element E½wij	 will be
removed from E½W	 and the detour distance budget of
worker ui will become di�dij from di. Such selection pro-
cesses will be repeatedly conducted until E½W	 becomes
an empty set. Finally, we will get a set of winning bids as
the result, denoted by ~B.

The detailed SWBS algorithm is shown in Algorithm 1. In
Step 1, the solution is initialized. The largest edge weight is
determined in Step 3. If the corresponding task assignment
does not break the constraint of detour distance budget, the
related bid bij is selected as a winning bid in Step 5. Accord-
ingly, the sets of vertices, edges, and weights are updated in
Steps 6-8. Otherwise, if the detour distance constraint is bro-
ken, this weight will be removed in Step 10. When E½W	
becomes an empty set, the algorithm will terminate to pro-
duce the solution.

Algorithm 1. Secure Winning Bid Selection

Input: G¼fU;S;D; E½W	g
Output: E½~B	
1: Initialize: E½~B	 ;;
2: while E½W	 6¼; do
3: E½wij	 the first element in E½W	;
4: if dij�di then
5: E½~B	 E½~B	þfE½bij	g;
6: S S�fsjg;
7: E½W	 E½W	�fE½wij	jui2Ug;
8: di di�dij;
9: else
10: E½W	 E½W	�fE½wij	g;

Remarks: Note that the SWBS algorithm is conducted on
the graph G, where the edge weight and corresponding bid
have been encrypted by homomorphic encryption opera-
tions in advance. Thus, the solution produced by SWBS is
actually a set of encrypted wining bids, i.e., E½~B	, as shown
in Algorithm 1. Despite this, it will not affect the correctness
of the SWBS algorithm. This is because E½bij	2E½~B	 can still
indicate that bij is a winning bid, although we cannot derive
the true value of bij from E½bij	.

Algorithm 2. Secure Payment Computation

Input: G¼fU;S;D; E½W	g, E½~B	
Output: E½P	¼fE½pi�j� 	jE½bi�j� 	2E½~B	g
1: for each E½bi�j� 	2E½~B	 do
2: E½W0	 E½W	�fE½wi�j� 	g;
3: while E½W0	 6¼; do
4: E½wij	 the first element in E½W0	;
5: if dij�di then
6: E½bij	 E½ej	�E½wij	�

1
a�E½b

a
	;

7: if j� ¼j then
8: E½pi�j� 	 E½bij	;
9: break;
10: if i� ¼ i and di�j� > di�dij then
11: E½pi�j� 	 E½ej� 	�E½ej	�1�E½bij	;
12: break;
13: S S�fsjg;
14: E½W0	 E½W0	�fE½wij	jui2Ug;
15: di di�dij;
16: else
17: E½W0	 E½W0	�fE½wij	g;

3.3 Payment Computation

The payment computation algorithm is to determine the pay-
ment for each winning bid, ensuring that each worker hon-
estly claims its true costs. According to the well-known
statement byMyerson [24], in order to guarantee the truthful-
ness, eachwinning bid should be paidwith a critical payment:

Definition 3.3 (Critical Payment). A payment p is said to be
critical value of a bid bij if bid bij can win the auction when
bij�p and bij will lose the auction when bij > p.

According to Definition 3.3, the critical payment of a bid
is equal to the largest bid value that still makes the worker
win the corresponding task in the auction, that is, it is equal
to the smallest bid value by which the worker will lose the
corresponding task in the auction. This value can be deter-
mined by using an alternative bid defined as follows:

Definition 3.4 (Alternative Bid). The alternative bid of a
winning bid bi�j� is such a bid that will replace bi�j� to become a
winning bid when we remove bi�j� from B.
We design the Secure Payment Computation (SPC) algo-

rithm to determine the alternative bid of a winning bid and
compute the corresponding critical payment. Consider a
given weighted bipartite graph G¼fU, S, D, E½W	g and a
winning bid bi�j� 2 ~B, where E½W	 is an ordered set of
encrypted edge weights. Then, SPC determines the corre-
sponding encrypted critical payment E½pi�j� 	 as follows.

First, we consider the winning bid selection without the
bid bi�j� . By removing edge hui� ; sj� i from G, we get a
weighted bipartite graph without bi�j� , denoted by G0:

E½W0	 ¼ E½W	�fE½wi�j� 	g; (12)

G0 ¼ fU;S;D; E½W0	g: (13)

Then, we conduct the greedy winning bid selection algo-
rithm over G0 to get a solution E½~B0	. The alternative bid of
bi�j� must belong to ~B0. We consider two cases: the task sj� is
assigned to another worker ui, or the worker ui� has win
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some tasks so that it has no budget to compete for task sj� .
For the first case, bij� becomes a winning bid in ~B0 and it is
exactly a candidate alternative bid of bi�j� . For the second
case, we assume that bi�j1 , bi�j2 , . . ., bi�jk 2 ~B0 are winning
bids that correspond to worker ui� . Then, there must be a
bid bi�j0 satisfying:

wi�j0 ¼ minfwi�j1 ; . . .; wi�jk :di��
X

wi�jh >wi�j0
di�jh�di�j�g; (14)

bi�j0 ¼ ej0 �
wi�j0 �b

a
: (15)

Here, bi�j0 is exactly another candidate alternative bid of
bi�j� . Moreover, if wij� �wi�j0 , bij� will become the alternative
bid of bi�j� . Otherwise, if wij� < wi�j0 , the alternative bid of
bi�j� will be bi�j0 .

Actually, we can only determine an encrypted alternative
bid for bi�j� and the encrypted critical payment. First, we
determine E½wij� 	 and E½wi�j0 	 after a round of scan in
E½W0P 	. Then, based on E½wij� 	 and E½wi�j0 	, we compute the
encrypted candidate alternative bids and the encrypted crit-
ical payment E½pi�j� 	 as follows:

E½bij� 	 ¼ E½ej� 	�E½wij� 	�
1
a�E½b

a
	; (16)

E½bi�j0 	 ¼ E½ej0 	�E½wi�j0 	�
1
a�E½b

a
	; (17)

E½pi�j� 	 ¼
E½bij� 	; if wij� � wi�j0 ;

E½ej� 	�E½ej0 	�1�E½bi�j0 	; else:

�
(18)

The detailed SPC algorithm is shown in Algorithm 2, and
the solution is denoted by E½P	. For each winning bid bi�j� ,
the weighted bipartite graph G0 is constructed in Step 2.
From Step 3 to 17, the greedy winning bid selection algo-
rithm is conducted over G0. The encrypted candidate alter-
native bid and the corresponding critical payment for the
first case is determined in Steps 7-9. The critical payment
that corresponds to the second candidate alternative bid is
determined in Steps 10-12.

3.4 The Detailed SRA Protocol

We design the SRA protocol based on the SWBS algorithm
(i.e., Algorithm 1) and the SPC algorithm (i.e., Algorithm 2).

In SRA, we introduce a semi-honest agent to provide the
homomorphic encryption service, by which each worker
encrypts his/her bids and uses the encrypted bids to partici-
pate in the auction. The platform applies SWBS to determine
the encrypted winning bids and uses SPC to compute the
encrypted payments. The interactions among the platform,
agent, and workers in the SRA protocol are presented in
Protocol 3 and are also illustrated in Fig. 3.

Protocol 3 The SRA Protocol

Input: Platform: S; Workers: U; Agent: E½
	,D½
	
Output: Platform: r; Workers: frijui2Ug
1: The platform publicizes task set S to the workers in U.
2: The agent creates a pair of public and private keys of homo-

geneous encryption, i.e., E½
	, D½
	, and sends E½
	 to the plat-
form and the workers.

3: After receiving S from the platform and E½
	 from the agent,
each worker ui2U computes the detour distance for each
task in S, and determines the set of performable tasks Si.
For each task sj2Si, ui produces a bid bij and a random
number sij. Next, ui encrypts them to get E½bij	 and E½sij	.
Then, ui sends fhsj; dij; E½bij	; E½sij	ijsj2Sig and the detour
distance budget di to the platform.

4: After receiving encrypted bids from workers, the platform
randomly selects two numbers a, b2Zq, and constructs the
bipartite graphs with encrypted edge weights G¼fU, S, D,
E½W	g, where each encrypted edge weight E½wij	 in E½W	
satisfies Eq. (11). Then, it sends the encrypted edge weights
E½W	 to the agent.

5: When receiving E½W	 from the platform, the agent decrypt
these encrypted edge weights: wij¼D½E½wij		 for each
E½wij	2E½W	. Then, the agent ranks E½W	 in the descending
order of edge weight wij. Finally, the agent sends the
ordered sets E½W	 back to the platform.

6: The platform conducts Algorithms 1 and 2 to produce ~B and
E½P	. If E½bij	2E½~B	, the platform sends xij¼1 to worker ui.
Otherwise, xij¼0 is sent to worker ui. Moreover, the platform
computes E½p0ij	¼E½pij	�E½sij	�1 and sends this hidden
payment to the agent. Finally, the platform sends E½s	¼
�E½pij	2E½P	E½sij	 to the agent.

7: When receiving each encrypted and hidden payment E½p0ij	
and E½s	, the agent decrypts it to get all p0ij and s. Then, it

computes the hidden payment
P

sj2S xijp
0
ij and sends it to

each ui. Each ui gets its payment by computing ri¼P
sj2S xijðp0ij�sijÞ. Moreover, the agent sends the total pay-

ment r¼P
p0ij�s to the platform.

3.5 Example

The key parts of SRA are using Algorithms 1 and 2 to select
winning bids and compute the corresponding payments. To
better understand the two algorithms, we use an example, as
shown in Fig. 4, to illustrate the winning bid selection and
payment computation procedures. The example includes
two tasks and three workers: U¼fu1; u2g and S¼fs1; s2; s3g.
The reward of each task, the encrypted bids, detour distances,
and detour distance budgets of each worker are listed in
Fig. 4a. The corresponding weighted bipartite graph
G¼fU;S;D; E½W	gwith encrypted edge weights is shown in
Fig. 4b, where D¼fd1¼5; d2¼6g and the ordered set of edge
weights is E½W	¼fE½12	; E½10	; E½9	; E½8	; E½6	; E½5	g. Here,
we let a¼1 and b¼0, i.e., E½wij	¼E½ej�bij	, to simplify the

Fig. 3. SRA: Interactions among platform, agent and workers.
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presentation of the example. The winning bid selection and
payment computation are conducted on the graphG:

Winning Bid Selection. The platform determines the win-
ning bids in graph G through three rounds of greedy selec-
tions. In the first round, the platform selects E½b13	 as a
winning bid since E½w13	¼E½12	 is the first element of E½W	,
which implies that w13 is the largest edge weight, and
the detour distance satisfies d13 < d1. After this selection,
edge hu1; s3i is removed from G and the graph becomes
G¼fU;S¼fs1; s2g;D¼fd1¼2; d2¼ 6g; E½W	¼fE½10	; E½8	;
E½6	; E½5	gg. In the second round, E½b21	 is selected as a win-
ning bid since E½w21	¼E½10	 is the first element of E½W	 and
the detour distance satisfies d21 < d2. After that, the graph
becomes G¼fU;S¼fs2g;D¼ fd1¼2; d2¼4g; E½W	¼fE½6	;
E½5	gg. Likewise, in the third round, E½b22	 is selected as a
winning bid. As a result, the winning bids are E½b13	, E½b21	,
E½b22	, and the social welfare is 28.

Payment Computation. To compute the critical payment of
the winning bid b13, we first remove the edge hu1; s3i from
bipartite graph G to get G0 ¼fU; S¼fs1; s2g;D¼fd1¼5; d2¼
6g; E½W	¼fE½10	; E½9	; E½8	; E½6	; E½5	gg. Then, the platform
conducts Algorithm 1 on the graph G0 to get a new solution
E½b21	, E½b23	, E½b12	. Since w23¼9 > 5¼w12, E½b23	 becomes
the alterative bid of E½b13	. Thus, the payment of winning
bid b13 is E½p13	¼E½b23	¼E½11	. Similarly, the payments of
bids b21 and b22 can be computed as E½p21	¼E½b11	¼E½7	
and E½p22	¼E½b12	¼E½5	.

4 THEORETICAL ANALYSIS

In this section, we analyze the approximation performance
of SRA. Moreover, we prove that SRA can achieve the
desired properties of truthfulness, individual rationality,
computation and communication efficiency, and security.

4.1 Truthfulness and Individual Rationality

First, we prove that the SRA protocol is truthful, so that each
worker will honestly claim its true costs as the bids. Accord-
ing to Myerson’s theorem [24], an auction protocol is truth-
ful if and only if the two conditions hold: (1) the winning
bid selection is monotonic; (2) each winning bid is paid
with a critical value. Based on this theorem, we analyze the
truthfulness of SRA as follows.

Lemma 4.1. The winning bid selection in Algorithm 1 is mono-
tonic. Specifically, for each worker ui2U and task sj2Si, if ui

wins the task sj by using a bid bij, then a smaller bid b0ij < bij
can still win the auction.

Proof. Without loss of generality, we assume that bij is
selected as a winning bid in the kth loop of Algorithm 1
and let the corresponding encrypted edge weight in
graph G be E½wij	¼E½aðej � bijÞþb	. Now, if worker ui

claims a smaller bid b0ij for task sj, the corresponding
edge weight will become E½w0ij	¼E½aðej � b0ijÞþb	. Since
b0ij < bij, we can get w0ij > wij. According to the greedy
winner selection strategy in Algorithm 1, the edge with
the weight E½w0ij	 will be selected in the kth or an even
earlier iteration. Thus, bid b0ij will still win the auction.
The lemma holds. tu

Lemma 4.2. Algorithm 2 will produce a critical payment pi�j�
for each winning bid bi�j� . If worker ui� claims a bid no larger
than pi�j� for task sj� , ui� will win the task; otherwise, bi�j� will
lose the auction.

Proof. According to the payment computation scheme in
Algorithm 2, the corresponding payment satisfies Eq. (18).
Then, we have

pi�j� ¼ bij� ; if wij� �wi�j0 ;
ej� � ej0 þbi�j0 ; if wij� < wi�j0 :

�
(19)

Here, we ignore the encryption operations since we only
discuss the truthfulness. Moreover, bij� and bi�j0 are the
candidate alternative bids of bi�j� when we remove the
bid bi�j� , which satisfy Eqs. (16) and (17).

First, we assume that worker ui� claims a larger bid
b > pi�j� for task sj� . Then, if wij� �wi�j0 , we have
b > pi�j� ¼bij� . As a result, wi�j� ¼aðej� � bÞþb < aðej��
bij� Þþb¼wij� . According to the greedy winning bid selec-
tion strategy in Algorithm 1, bij� will be selected prior
to b. This means that bid b loses the auction. Otherwise,
if wij� < wi�j0 , we have b > pi�j� ¼ej� �ej0 þbi�j0 . Then,
wi�j� ¼aðej� � bÞþb < aðej0 � bi�j0 Þþb¼wi�j0 . This means
that bi�j0 will be selected prior to b. According to Eq. (14),
b cannot be selected after bi�j0 any more due to the con-
straint of detour distance budget. Therefore, bid b still
loses the auction.

Second, we assume that ui� claims a bid b�pi�j� for
task sj� . Like the first case, we have wi�j� �wij� if
wij� �wi�j0 or wi�j� �wi�j0 if wij� < wi�j0 . That is, wi�j� �
maxfwij� ; wi�j0 g. According to the greedy winning bid
selection strategy, b will be selected prior to bij� and bi�j0 .
Since bij� and bi�j0 are also prior to the remaining bids cor-
responding to ui� and sj� , b will be selected first and
becomes the winning bid.

Based on the two cases, we can conclude that pi�j� is
exactly the critical value. The lemma holds. tu

Theorem 4.3. The SRA protocol is truthful.

Proof. Lemmas 4.1 and 4.2 show that the winning bid selec-
tion of SRA ismonotonic and eachwinning bid is paidwith
a critical value. Thus, SRA is truthful according to [24]. tu

Theorem 4.4. The SRA protocol meets the condition of individ-
ual rationality.

Fig. 4. Illustration of SRA.
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Proof. We consider an arbitrary winning bid bi�j� . Like the
proof of Lemma 4.2, we can ignore the encryption opera-
tions to derive the payment of bid bi�j� from Eq. (18). As a
result, the payment pi�j� satisfies Eq. (19), in which bij�
and bi�j0 are the alternative bids of bi�j� . First, we consider
the case where wij� �wi�j0 . Since bi�j� is a winning bid, we
have wi�j� ¼aðej� � bi�j�Þþb�aðej� � bij�Þþb¼wij� . As a
result, bi�j� �bij� ¼pi�j� . Second, we consider the case
where wij� < wi�j0 . We also have wi�j� ¼aðej��
bi�j� Þþb�aðej0 � bi�j0 Þþb¼wi�j0 . Then, we can get bi�j� �
ej� �ej0 þbi�j0 ¼pi�j� . Thus, we have bi�j� �pi�j� for both
cases. Further, due to the truthfulness of the SRA proto-
col, we have bi�j� ¼ci�j� . Therefore, pi�j� �ci�j� . The theo-
rem holds. tu

4.2 The Approximation Performance Analysis

In SRA protocol, Algorithm 1 is used to select winning bids,
which can achieve an approximately optimal solution for
the task assignment problem. We analyze the approxima-
tion ratio as follows.

Theorem 4.5. Denote the optimal solution of task assignment as
~BF , the approximation ratio g of the solution ~B produced by the
SRA protocol satisfies:

g¼Fð~BF Þ
Fð~BÞ ��þ1; (20)

where �¼maxf didij jui2U; sj2Sig. Moreover, �þ1 is a tight
bound.

Proof. We prove the approximation ratio g��þ1 by using
the mathematical induction method. First, when jSj¼1, it
is straightforward for ~BF ¼ ~B and g¼1 < �þ1. Second,
we assume that g��þ1 holds when jSj�m and consider
the case where jSj¼mþ1. Without loss of generality, we
assume that e1� b11¼maxfej� bijjbij2Bg. Then, we have
w11¼aðe1� b11Þþb¼maxfwijjui2U; sj2Sg. According to
the greedy winning bid selection strategy in Algorithm 1,
b11 must belong to the winning bid set ~B. Now, we con-
sider the following two sub-cases:

In the first sub-case, b11 also belongs to the optimal
solution ~BF . Removing vertex s1 from the graph G, we
can get a subgraph G0 ¼fU;S0;D0; E½W0	g, where S0¼
S�fs1g, D0¼D�fd1gþfd01¼d1�d11g, and E½W0	¼E½W	�
fE½w11	g, as shown in Fig. 5b. After running the greedy

and optimal winning bid selection strategies on graph
G0, we can get the corresponding solutions. We denote
them as ~BjG0 and ~BF jG0 , respectively. Then, we have
Fð~BÞ¼Fð~BjG0 Þþðe1�b11Þ and Fð~BF Þ¼Fð~BF jG0 Þþðe1�
b11Þ. Note that jS0j�m. According to the assumption of
the induction, we can get Fð~BF jG0 Þ�ð�þ1ÞFð~BjG0 Þ. Thus,
we have:

g¼Fð~BF Þ
Fð~BÞ ¼

Fð~BF jG0 Þþðe1�b11Þ
Fð~BjG0 Þþðe1�b11Þ

� �þ1: (21)

In the second sub-case, b11 does not belong to the opti-
mal solution ~BF . Without loss of generality, we assume
that some other bids from worker u1 are selected in ~BF ,
denoted as a set ~Bð1ÞF ¼fb1jjb1j2 ~BFg, and task s1 is
assigned to another worker u2, i.e., b212 ~BF . Since
e1� b11¼maxfej� bijjbij2Bg, we have:

Fð~Bð1ÞF Þ ¼
X

b1j2~Bð1ÞF

ðej�b1jÞ��ðe1�b11Þ: (22)

Next, we construct two subgraphs of G: G0 ¼fU;
S0;D0; E½W0	g and G00 ¼fU;S00;D00; E½W00	g, where S0¼
S�fs1g, D0¼D�fd1gþfd01¼d1�d11g, E½W0	¼E½W	�
fE½w11	g, S00 ¼S�fs1g�fsjjb1j2 ~BFg, D00¼D�fd1; d2gþ
fd02¼d2�d21g, and E½W00	¼E½W	�fE½w11	; E½w21	g�
fE½w1j	jb1j2 ~Bð1ÞF g, as shown in Figs. 5b and 5c. Then, we
have:

Fð~BÞ ¼ Fð~BjG0 Þþðe1�b11Þ; (23)

Fð~BF Þ ¼ Fð~BF jG00 ÞþFð~Bð1ÞF Þþðe1�b21Þ: (24)

Note that G00 is also a subgraph of G0. Thus, we can get
Fð~BF jG00 Þ�Fð~BF jG0 Þ. Further, because jS0j�m. Accord-
ing to the assumption of the induction, we can get
Fð~BF jG0 Þ�ð�þ1ÞFð~BjG0 Þ. Therefore, we have:

Fð~BF jG00 Þ�ð�þ1ÞFð~BjG0 Þ: (25)

Now, according to Eqs. (22), (23), (24), and 25 and
e1� b11¼maxfej� bijjbij2Bg, we have:

g ¼ Fð~BF Þ
Fð~BÞ ¼

Fð~BF jG00 ÞþFð~Bð1ÞF Þþðe1�b21Þ
Fð~BjG0 Þþðe1�b11Þ

� ð�þ1ÞFð
~BjG0 Þþ�ðe1�b11Þþðe1�b21Þ
Fð~BjG0 Þþðe1�b11Þ

� �þ1:

(26)

In addition, we show that �þ1 is a tight bound
through an example. Consider a special case, where
U¼fu1; u2g, S¼fs1; s2; s3g, D¼fd1¼d; d2¼dg, d11¼d;
d12¼ d

2 ; d13¼ d
2 ; d21¼ d, e1¼e2 ¼e3¼e, and B¼fb11¼

b�; b12¼b; b13¼b; b21¼bg, where b� is a number smaller
than b but infinitely close to b, as shown in Fig. 5d. For

this example, we have �¼ d1
d12
¼2, ~BF ¼ fb12; b13; b21g, and

~B¼fb11g. Then, g¼ 3ðe�bÞ
e�b� is infinitely close to �þ1¼3.

Thus, �þ1 is a tight bound. The theorem holds. tu

Fig. 5. Illustration for the approximation ratio analysis.
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4.3 Efficiency

We analyze the computational efficiency of SRA as follows.

Theorem 4.6. The SRA protocol has a polynomial-time com-
putation complexity and a polynomial-time communication
overhead.

Proof. The computation overhead of SRA is dominated by
Steps 5 and 6. In Step 5, all encrypted edge weights in
E½W	 are decrypted and ranked. The corresponding over-
head is OðjWjÞ decryption operations and OðjWjlog jWjÞ
comparison operations, where jWj is the cardinal number
of set W. In Step 6, Algorithms 1 and 2 are conducted by
the platform to determine the winning bids and compute
critical payments. The computation overhead is domi-
nated by Step 6 of Algorithm 2, i.e., OðjWjj~BjÞ multiplica-
tion operations on ciphertexts. Since OðjBjÞ¼OðjWjÞ
and OðjBjÞ¼Oðj~BjÞ, the total computation overhead of
SRA is OðjBj2Þ multiplication operations on ciphertexts.
In addition, the communication overhead of SRA mainly
includes E½bij	; E½sij	 in Step 3, E½wij	 in Steps 4-5, and
E½p0ij	 in Step 6, which is OðjBjÞ ciphertexts of homomor-
phic encryption. Therefore, the theorem holds. tu

4.4 Security

Finally, we prove that the SRA protocol is secure against
any semi-honest adversaries.

Theorem 4.7. The SRA protocol can protect the bid values of
each worker from being revealed to any other semi-honest work-
ers, the platform, and the agent.

Proof. According to Definition 2.6, we construct three simu-
lators SP , SA, and SW for the platform, the agent, and an
arbitrary worker ui such that their views can be efficiently
simulated by the outputs of the simulators SP , SA, and
SW . That is to say, the outputs of the simulators and the
views are computational indistinguishable.

Denote the views of the platform, the agent, and
worker ui as VIEWP , VIEWA, and VIEWui . Then, accord-
ing to the SRA protocol, these views can be represented
as follows:

VIEWP ¼
�
a;b; E½bij	; E½sij	; E½wij	

�
; (27)

VIEWA ¼
�
D½
	; E½p0ij	; E½s	; E½wij	

�
; (28)

VIEWui ¼
�
sij; ri

�
; (29)

where D½
	 is the input of the agent, a;b are the internal
coin tosses of the platform, sij is the coin toss of worker
ui, and the others are the messages received by the three
parts during the execution of the SRA protocol. Here, we
ignore the public messages such as U , S, E½
	, dij, and di
for simplicity.

Simulator SP randomly selects two numbers a0, b0,
and three numbers b0ij, s

0
ij, w

0
ij from the prime field Zq for

each bij. By using the public homomorphic encryption
key, SP creates E½b0ij	, E½s0ij	, E½w0ij	, and then, SP outputs

ða0;b0; E½b0ij	; E½s0ij	; E½w0ij	Þ. Because both a;b and a0, b0

are the numbers randomly selected from Zq and all of

E½bij	, E½sij	, E½wij	, E½b0ij	, E½s0ij	, and E½w0ij	 are the

ciphertexts of the homomorphic encryption E½
	, the

outputs of simulator SP and VIEWP are computational
indistinguishable. Likewise, simulator SA randomly

selects the numbers p00ij, s
0, w0ij from the prime field Zq

and outputs (D½
	, E½p00ij	, E½s0	, E½w0ij	) by using the input

D½
	 and homomorphic encryption operations. As a

result, the outputs of simulator SA and VIEWA are also

computational indistinguishable. In addition, simulator

SW also randomly selects the numbers s0ij from the

prime field Zq and directly outputs (s0ij, ri), where ri is
the output of the SRA protocol. Since both sij and s0ij are
randomly selected from Zq, the outputs of simulator SW

and VIEWui are also computational indistinguishable.

Thus, the theorem holds. tu

5 EVALUATION

5.1 Algorithms in Comparison

Since the task assignment of spatial crowdsourcing is gener-
ally an NP-Hard problem, most of existing works adopt
greedy selection strategies to assign tasks, such as the algo-
rithms in [17], [25]. However, the spatial crowdsourcing
models and problems in these works are different from
ours. The existing algorithms cannot be used for compari-
son directly. In order to evaluate the task assignment perfor-
mance of SRA, we tailor the basic idea in these algorithms
for our model and carefully design two task assignment
algorithms for comparison: the task assignment algorithm
based on Social welfare per Detour distance (SD), and the
Spatial-First task assignment (SF) algorithm.

Like the SRA protocol, the two algorithms are also con-
ducted on the weighted bipartite graph G, where the detour
distances of each worker for performing tasks are consid-
ered. For each round of task assignment, SD greedily selects
the bid that has the largest profit per detour distance, i.e.,

maxfei�bijdij
jui2U; sj2Sg, within the constraints of detour

distance budgets. In contrast, the SF algorithm treats the
detour distance as a kind of cost and greedily selects the bid
with the smallest detour distance in each round of task
assignment.

5.2 Simulation Parameters and Settings

We adopt a widely-used real world dataset in [26] to con-
duct the simulations. The dataset contains approximately
320 mobility traces of taxi cabs collected over 30 days in
Rome, Italy. Each trace is represented by a sequence of GPS
coordinates with time labels, which are collected about
every 7 seconds. From these records, we directly extract the
original travel path of each taxi cab in each day to form a
travel map. In our simulations, we first randomly select 10
days of the mobility traces. Then, we see each taxi cab in the
traces on different days as different candidate mobile work-
ers. Particularly, a taxi cab with 10 days of mobility traces
is seen as 10 mobile workers with the corresponding mobil-
ity traces. Finally, we randomly select a group of taxi cabs
from the original dataset to form the worker set U . The num-
ber of workers jUj is set as 1000, 1500, 2000, 2500, and 3000,
respectively.

Since there are no tasks in this dataset, we randomly
deploy a number of tasks, each of which can be performed
by as least two workers. First, we divide the time into
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equal-length time intervals. Each time interval is equal to a
reverse auction cycle and is set as one hour. Then, we derive
the length of the travel path of each worker ui in each auc-
tion cycle, denoted by kLik. The average path length of all
workers is denoted as kLk. Next, we denote the average
detour distance budget of all workers in U as d. Moreover,
we let d

kLk¼ 0.1, 0.2, 0.3, 0.4, and 0.5, and call it the ratio of
average detour distance budget. For each worker ui , we let di
be randomly selected from ½d2 ; 3d2 	. After that, we define
another simulation parameter, i.e., the ratio of average detour
distance, and denote it by d

d
, where d

d
is set as 0.1, 0.2, 0.3, 0.4,

and 0.5, respectively. Finally, we randomly produce all
tasks in S, where the number of tasks jSj is set as 1000, 1500,
2000, 2500, and 3000, respectively. Here, if the detour dis-
tance of a worker ui performing a task sj satisfies dij <

did
d
,

we say that the task sj is covered by the worker ui. When a
randomly produced task is covered by less than two work-
ers, we will reproduce the task.

In addition, we set the range of task reward ½emin; emax	 as [10,
30], [30, 50], [50, 70], [70, 90], and [90, 110], respectively. The
reward of each task is randomly selected from these ranges.
Each bid bij is randomly selected from the range of workers’
bids ½bmin; bmax	, which is set as [1, 50], [1, 100], [1, 150], [1,
200], and [1, 250], respectively. The units of rewards, bids,

costs, and payments are all assumed to be dollar. Moreover,
all simulation parameters are listed in Table 2, where default
values are in bold fonts. Each simulation is conducted 1,000
times. The average social welfare value and the average run-
ning time are recorded for comparison.

5.3 Evaluation on Social Welfare

We evaluate the effects of the number of workers jUj and the
number of tasks jSj on the social welfare. The results are
shown in Figs. 6 and 7.

First, we can find that our SRA protocol achieves the hig-
hest social welfare, while the SF algorithm obtains the small-
est social welfare. This is because SF only takes the distance
between the workers and tasks into consideration, which lea-
ds to a higher probability of selecting the workers with large
bids. SRA outperforms SD due to the following reasons. The
SRA protocol directly chooses the bids who can bring the
highest social welfare, while the SD algorithm prefers the
bids with large social welfare per detour distance. The latter
outperforms the former only in some special cases where
there are many such bids that the incurred profits are very
large but the profits per detour distance are small. However,
the bids, rewards, and detour distances are randomly pro-
duced, and each simulation is conducted 1,000 times. The
probability that the above-mentioned special cases appear is
very low. Thus, as an average result of 1,000 times of simula-
tions, SRA outperforms SD significantly.

Second, when the number of workers is increased from
1000 to 3000, the social welfare of SRA increases slightly but
steadily, as shown in Figs. 6a, 6b, 6c, and 6d. This is because
when we keep the tasks unchanged and let more candidate
workers emerge, there are also more bids with higher social
welfare, leading to a better selection than before. In contrast,
the social welfare values of SD and SF change irregularly.
For the SD algorithm, the increasing workers will not result
in the increase of the probability of the above-mentioned
special cases. In some cases, the probability might decrease.
Thus, the social welfare value of SD changes irregularly. As

TABLE 2
Evaluation Settings

Parameter name Values

number of workers jUj 1000, 1500, 2000, 2500, 3000
number of tasks jSj 1000, 1500, 2000, 2500, 3000
ratio of average detour
distance budget d

kLk
0.1, 0.2, 0.3, 0.4, 0.5

ratio of average detour
distance d

d

0.1, 0.2, 0.3, 0.4, 0.5

range of bids [1,50],[1,100],[1,150],[1,200],[1,250]
range of reward [10,30],[30,50],[50,70],[70,90],

[90,110]

Fig. 6. Social welfare versus the number of workers jUj.

Fig. 7. Social welfare versus the number of tasks jSj.
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for SF , increasing the number of workers does not affect the
social welfare monotonically, since SF only focuses on the
bids with small detour distances.

Third, whenwe increase the number of tasks jSj from 1000
to 3000, SRA, SD, and SF all produce increasing social welfare
values, as shown in Figs. 7a, 7b, 7c, and 7d. This is because
there are more selections for each worker along with the
increase of the number of tasks. Consequently, SRA and SD
can select the tasks with larger social welfare values for each
worker. Likewise, SF can select the tasks with shorter detour
distance for each worker, so that more tasks can be accom-
plished and higher social welfare can be achieved.

5.4 Evaluation on Detour Distance

In order to evaluate the effect of the detour distance on
social welfare, we report the simulation results of social wel-
fare with different ratios of average detour distance budget
d
kLk and different ratios of average detour distance d

d
, as

shown in Figs. 8 and 9, respectively.
From Fig. 8, we can find that when ratio d

kLk increases,
larger social welfare values are achieved by SRA, SD and
SF. The reason is that the detour distance budget of each
worker will increase along with d

kLk, which will not only

bring more tasks to the unsaturated workers, but also
increase the number of available workers for some tasks.

Therefore, the fact that more tasks may be assigned and bet-
ter workers may be selected increases the social welfare val-
ues. Additionally, owing to the fixed number of tasks, the
growth rate of the social welfare values is getting slower.

In Fig. 9, when ratio d
d
increases from 0.1 to 0.5, the trend

of social welfare of SRA is similar to the results caused by
increasing d

kLk. The reason is that, with the increasing d
d
, the

number of tasks covered by each worker is also no less than
before. This means that more tasks may be performed and
more workers with lower bids may be selected, so higher
social welfare will be obtained.

5.5 Evaluation on Workers’ Bids and Task Rewards

Weevaluate the effect of the range ofworkers’ bids ½bmin; bmax	
on social welfare by changing the range of task rewards from
[10,30] to [70,90] and setting other parameters to their default
values, as shown in Figs. 10a, 10b, 10c, and 10d. When we
change the range ½bmin; bmax	 from [1,50] to [1,200], there are
more and more workers with higher bids according to the
random distribution of workers’ bids. Therefore, SRA, SD
and SF have to select more workers with higher bids as the
winners, which leads to smaller social welfare values. More-
over, compared to SD and SF, SRA has a relatively larger
decrease on the social welfare values. This is because the
social welfare performance of SRA is more sensitive than
those of SD and SF on the average bid value.

Fig. 9. Social welfare versus the ratio of average detour distance d
d
.

Fig. 8. Social welfare versus the ratio of average detour distance budget d
kLk.

Fig. 10. Social welfare versus the range of workers’ bids ½bmin; bmax	.
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Fig. 11 reports the social welfare values obtained by SRA,
SD and SF with different task rewards ½emin; emax	. Similar to
the change of bids, the rewards of all tasks increase when
we change the task reward ranges from [10,30] to [70,90].
Consequently, large social welfare values are achieved, as
shown in Figs. 11a, 11b, 11c, and 11d. Additionally, when
we fix the task reward range and increase the range of
workers’ bids, the social welfare values of the three
approaches all decrease, which coincides with the previous
results about the effect of workers’ bids.

5.6 Evaluation on Truthfulness & Individual
Rationality

To verify the truthfulness of SRA, we randomly choose a
worker and allow it to claim some bid values different from
its real cost. The results are shown in Fig. 12a, where the criti-
cal payment is $17. When the claimed bid value is not larger
than the critical payment $17, the payment and payoff remain
unchanged, which are $17 and $17-11=6, respectively. Other-
wise, if the claimed bid value exceeds the critical payment,
the corresponding payoff and payment become zero. This
means that the worker cannot improve its payoff by claiming
a false cost. Thus, the SRA protocol is truthful. To verify the
individual rationality, we randomly select a number of win-
ning bids and depict them in Fig. 12b according to the corre-
sponding real cost and payment values. The results show that
each payment is higher than the corresponding cost, which
means that SRA has the property of individual rationality.

5.7 Evaluation on Efficiency

We run SRA in a desktop with 3.2 GHZ CPU and 4 GB
RAM. The number of workers changes from 500 to 1000 and
the number of tasks changes from 50 to 500, while all other
parameters are set as default values. As shown in Fig. 13,
the running time of SRA increases slowly when the number
of workers and tasks increase. Furthermore, when the num-
ber of workers and tasks are 1000 and 500, respectively, the
running time is less than 150s. Hence, SRA can work effi-
ciently in real applications.

6 RELATED WORK

Crowdsourcing utilizes the capabilities of crowd to deal with
computer-hard tasks. It is challenging as different workers
may need different times and costs to do the same task, and
their answers may have different qualities. Therefore, a large
number of work on crowdsourcing has been reported
recently, trying to achieve high quality answers in a cost-
effective and efficient way [27], [28], [29], or infer the truth
based on workers’ answers [30], [31], [32]. In this section, we
review related studies on a special kind of crowdsourcing,
namely spatial crowdsourcing, from three aspects: task
assignment, incentivemechanism, and privacy protection.

In [6], Kazemi and Shahabi propose several heuristics to
maximize the number of assigned tasks in a given time
interval while meeting the constraints specified by workers.
Deng et al. [5] devise both exact and approximation algo-
rithms to find a schedule for a worker such that the number
of performed tasks by the worker is maximized. Spatial-
temporal diversity and reliability are taken into account in
the course of task assignment. [7] shows task assignment
with these constraints is NP-hard and proposes several app-
roximation algorithms. In [8], efficient methods are desi-
gned to assign workers to complex tasks that require more
than one skill. In practice, tasks often arrives dynamically.
This kind of online scenarios is more challenging and has
been addressed in [33], [34], [35] where efficient algorithms
with provable competitive ratio are proposed. Song et al.
in [25] extend conventional task assignment from two
objects matching problem to trichromatic matching prob-
lem. In [36], spatial distribution of workers and tasks are
taken into account when maximizing a global assignment
quality score. [37] tackles the problem of assigning tasks to
workers such that mutual benefit are maximized. Our work
differs from the above studies in that we take into account
both competition and security requirements.

In order to stimulate workers to compete for tasks
with low costs so that the overall profit of crowdsourcing

Fig. 11. Social welfare versus the range of tasks’ rewards ½emin; emax	.

Fig. 12. Truthfulness and individual rationality of SRA. Fig. 13. Running time versus the numbers of users and tasks.
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systems could be improved, many incentive mechanisms,
such as auction-based task assignment strategies, have been
reported in recent research efforts. In [12], data quality is
introduced into the design of incentive mechanism, in par-
ticular, the payments given to workers depend on how well
they perform tasks. In [13], the authors propose a double
auction interaction process among service users and service
providers in dynamic mobile crowdsourcing systems. A
special task assignment problem, binary labeling, is studied
in [14] and a reverse auction mechanism is proposed to
maximize the platform’s utility. [38] proposes a match-
based approach to solve the dynamic pricing problem in
spatial crowdsourcing. Though competitiveness of workers
are considered in these achievements, none of them can pro-
tect the private information of workers during auction, fail-
ing to meet the security requirement in crowdsourcing.

During crowdsourcing workers are required to report
their data to the untrusted crowdsourcing systems. Some
kinds of data, such as locations and bids, are sensitive infor-
mation and should be kept secret. It is therefore important
to achieve privacy-preserving during crowdsourcing. In
[17], a trusted party collects workers’ locations and con-
structs a private spatial decompositions (PSD) according to
differential privacy. The PSD is then given to crowdsourc-
ing systems which can assign tasks effectively based on
some well-designed strategies. This idea is extended to
online scenario where multiple PSDs are generated for
dynamic workers [18]. To improve the effectiveness of task
assignment, workers’ velocities are also considered in [19]
so that tasks can be assigned by travel time other than travel
distance. In [39], the authors adopt secret sharing to design
a privacy-preserving user recruitment protocol for spatial
crowdsourcing. Though security issue has been addressed
in these studies, competition among workers is still ignored.
By overcoming this weakness, our work can effectively
improve workers’ enthusiasm to perform crowdsourcing
tasks and the overall utility of crowdsourcing systems.

7 CONCLUSION

In this paper, we have studied secure task assignment prob-
lem in the competitive detour tasking scenario where each
worker can make multiple detours from its original path to
perform some spatial tasks. We have formalized this prob-
lem as an n-to-one weighted bipartite graph matching prob-
lems with multiple 0-1 knapsack constraints, and we have
proposed a protocol named SRA to solve this task assign-
ment problem. We have analyzed its approximation perfor-
mance and proved that SRA not only has the properties of
truthfulness, individual rationality, computation and com-
munication efficiency, but also can protect the private infor-
mation of workers from being revealed to others. Extensive
simulations have been carried out on a real trace to show
the performance of our protocol.

ACKNOWLEDGMENTS

This research was supported in part by the National Natural
Science Foundation of China (NSFC) (Grant No. 61872330,
61572336, 61572457, 61632016, 61379132, 61532018, 61836007,
61832017, U1709217), the Natural Science Foundation of

Jiangsu Province in China (Grant No. BK20131174,
BK2009150), the Natural Science Research Project of Jiangsu
Higher Education Institution (No. 18KJA520010,
17KJA520003), and the Anhui Initiative in Quantum Informa-
tion Technologies (Grant No. AHY150300).

REFERENCES

[1] G. Li, J. Wang, Y. Zheng, and M. J. Franklin, “Crowdsourced data
management: A survey,” IEEE Trans. Knowl. Data Eng., vol. 28,
no. 9, pp. 2296–2319, Sep. 2016.

[2] Y. Tong, L. Chen, and C. Shahabi, “Spatial crowdsourcing: chal-
lenges, techniques, and applications,” Proc. VLDB Endowment,
vol. 10, no. 12, pp. 1988–1991, 2017.

[3] G. Li, Y. Zheng, J. Fan, J. Wang, and R. Cheng, “Crowdsourced
data management: Overview and challenges,” in Proc. ACM Int.
Conf. Manage. Data, 2017, pp. 1711–1716.

[4] L. Chen and C. Shahabi, “Spatial crowdsourcing: Challenges and
opportunities,” IEEEDataEng. Bull., vol. 39, no. 4, pp. 14–25,Dec. 2016.

[5] D. Deng, C. Shahabi, U. Demiryurek, and L. Zhu, “Task selection
in spatial crowdsourcing from worker’s perspective,” GeoInforma-
tica, vol. 20, no. 3, pp. 529–568, 2016.

[6] L. Kazemi and C. Shahabi, “Geocrowd: Enabling query answering
with spatial crowdsourcing,” in Proc. 20th Int. Conf. Advances Geo-
graphic Inf. Syst., 2012, pp. 189–198.

[7] P. Cheng, X. Lian, Z. Chen, R. Fu, L. Chen, J. Han, and J. Zhao,
“Reliable diversity-based spatial crowdsourcing by moving work-
ers,” Proc. VLDB Endowment, vol. 8, no. 10, pp. 1022–1033, 2015.

[8] P. Cheng, X. Lian, L. Chen, J. Han, and J. Zhao, “Task assignment
on multi-skill oriented spatial crowdsourcing,” IEEE Trans. Knowl.
Data Eng., vol. 28, no. 8, pp. 2201–2215, Aug. 2016.

[9] M. Xiao, J. Wu, L. Huang, R. Cheng, and Y. Wang, “Online task
assignment for crowdsensing in predictable mobile social
networks,” IEEE Trans.Mobile Comput., vol. 16, no. 8, pp. 2306–2320,
Aug. 2017.

[10] P. Cheng, H. Xin, and L. Chen, “Utility-aware ridesharing on
road networks,” in Proc. ACM Int. Conf. Manage. Data, 2017,
pp. 1197–1210.

[11] Y. Zhao, Y. Li, Y. Wang, B. Zheng, H. Su, and K. Zheng,
“Destination-aware task assignment in spatial crowdsourcing,” in
Proc. ACM Conf. Inf. Knowl. Manage., 2017, pp. 1–10.

[12] D. Peng, F. Wu, and G. Chen, “Pay as how well you do: A quality
based incentive mechanism for crowdsensing,” in Proc. 16th ACM
Int. Symp. Mobile Ad Hoc Netw. Comput., 2015, pp. 177–186.

[13] Y. Wei, Y. Zhu, H. Zhu, Q. Zhang, and G. Xue, “Truthful online
double auctions for dynamic mobile crowdsourcing,” in Proc.
IEEE Conf. Comput. Commun., 2015, pp. 2074–2082.

[14] Q. Zhang, Y. Wen, X. Tian, X. Gan, and X. Wang, “Incentivize
crowd labeling under budget constraint,” in Proc. IEEE Conf. Com-
put. Commun., 2015, pp. 2812–2820.

[15] H. Zhang, B. Liu, H. Susanto, G. Xue, and T. Sun, “Incentive
mechanism for proximity-based mobile crowd service systems,”
in Proc. 35th Annu. IEEE Int. Conf. Comput. Commun., 2016, pp. 1–9.

[16] G. Gao, M. Xiao, J. Wu, L. Huang, and C. Hu, “Truthful incentive
mechanism for nondeterministic crowdsensing with vehicles,”
IEEE Trans. Mobile Comput., vol. 17, no. 12, pp. 2982–2997,
Dec. 2018.

[17] H. To, G. Ghinita, and C. Shahabi, “A framework for protecting
worker location privacy in spatial crowdsourcing,” Proc. VLDB
Endowment, vol. 7, no. 10, pp. 919–930, 2014.

[18] H. To, G. Ghinita, L. Fan, and C. Shahabi, “Differentially pri-
vate location protection for worker datasets in spatial cro-
wdsourcing,” IEEE Trans. Mobile Comput., vol. 16, no. 4,
pp. 934–949, Apr. 2017.

[19] A. Liu, W. Wang, S. Shang, Q. Li, and X. Zhang, “Efficient task
assignment in spatial crowdsourcing with worker and task pri-
vacy protection,” GeoInformatica, vol. 22, no. 2, pp. 1–28, 2018.

[20] O. Goldreich, Foundations of Cryptography: Volume 2 - Basic Applica-
tions. Cambridge, U. K.: Cambridge Univ. Press, 2004.

[21] C. Dong, L. Chen, and Z. Wen, “When private set intersection
meets big data: An efficient and scalable protocol,” in Proc. ACM
SIGSAC Conf. Comput. Commun. Security, 2013, pp. 789–800.

[22] T. Araki, J. Furukawa, Y. Lindell, A. Nof, and K. Ohara, “High-
throughput semi-honest secure three-party computation with an
honest majority,” in Proc. ACM SIGSAC Conf. Comput. Commun.
Security, 2016, pp. 805–817.

XIAO ET AL.: SRA: SECURE REVERSE AUCTION FOR TASK ASSIGNMENT IN SPATIAL CROWDSOURCING 795

Authorized licensed use limited to: Soochow University. Downloaded on March 08,2020 at 01:39:51 UTC from IEEE Xplore.  Restrictions apply. 



[23] P. Paillier, “Public-key cryptosystems based on composite degree
residuosity classes,” in Proc. 17th Int. Conf. Theory Appl. Crypto-
graphic Techn., 1999, pp. 223–238.

[24] R. B. Myerson, “Optimal auction design,” Mathematics Operations
Res., vol. 6, no. 1, pp. 58–73, 1981.

[25] T. Song, Y. Tong, L. Wang, J. She, B. Yao, L. Chen, and K. Xu,
“Trichromatic online matching in real-time spatial crowdsourcing,”
inProc. IEEE 33rd Int. Conf. Data Eng., 2017, pp. 1009–1020.

[26] “CRAWDAD dataset roma/taxi (v. 2014–07-17),” Jul. 2014.
[Online]. Available: https://crawdad.org/roma/taxi/20140717

[27] Y. Zheng, J. W. G. Li, R. Cheng, and J. Feng, “QASCA: A quality-
aware task assignment system for crowdsourcing applications,” in
Proc. ACMSIGMOD Int. Conf. Manage. Data, 2015, pp. 1031–1046.

[28] H. Hu, Y. Zheng, Z. Bao, G. Li, J. Feng, and R. Cheng, “Cro-
wdsourced POI labelling: Location-aware result inference and
task assignment,” in Proc. IEEE 32nd Int. Conf. Data Eng., 2016,
pp. 61–72.

[29] G. Li, C. Chai, J. Fan, X. Weng, J. Li, Y. Zheng, Y. Li, X. Yu,
X. Zhang, and H. Yuan, “CDB: Optimizing queries with crowd-
based selections and joins,” in Proc. ACM Int. Conf. Manage. Data,
2017, pp. 1463–1478.

[30] Y. Zheng, R. Cheng, S. Maniu, and L. Mo, “On optimality of jury
selection in crowdsourcing,” in Proc. 18th Int. Conf. Extending
Database Technol., pp. 193–204, 2015.

[31] Y. Zheng, G. Li, Y. Li, C. Shan, and R. Cheng, “Truth inference in
crowdsourcing: Is the problem solved?” Proc. VLDB Endowment,
vol. 10, no. 5, pp. 541–552, 2017.

[32] Y. Zheng, G. Li, and R. Cheng, “Docs: A domain-aware crowd-
sourcing system using knowledge bases,” Proc. VLDB Endowment,
vol. 10, no. 4, pp. 361–372, 2016.

[33] Y. Tong, J. She, B. Ding, L. Wang, and L. Chen, “Online mobile
micro-task allocation in spatial crowdsourcing,” in Proc. 12th Chi-
nese Conf. Comput. Supported Cooperative Work Social Comput., 2016,
pp. 49–60.

[34] Y. Tong, J. She, B. Ding, L. Chen, T. Wo, and K. Xu, “Online mini-
mum matching in real-time spatial data: Experiments and analy-
sis,” Proc. VLDB Endowment, vol. 9, no. 12, pp. 1053–1064, 2016.

[35] Y. Tong, L. Wang, Z. Zhou, B. Ding, L. Chen, J. Ye, and K. Xu,
“Flexible online task assignment in real-time spatial data,” Proc.
VLDB Endowment, vol. 10, no. 11, pp. 1334–1345, 2017.

[36] P. Cheng, X. Lian, L. Chen, and C. Shahabi, “Prediction-based task
assignment in spatial crowdsourcing,” in Proc. IEEE 33rd Int. Conf.
Data Eng., 2017, pp. 997–1008.

[37] L. Zheng and L. Chen, “Mutual benefit aware task assignment in a
bipartite labor market,” in Proc. IEEE 32nd Int. Conf. Data Eng.,
2016, pp. 73–84.

[38] Y. Tong, L. Wang, Z. Zhou, L. Chen, B. Du, and J. Ye, “Dynamic
pricing in spatial crowdsourcing: A matching-based approach,”
in Proc. Int. Conf. Manage. Data, 2018, pp. 773–788.

[39] M. Xiao, J. Wu, S. Zhang, and J. Yu, “Secret-sharing-based secure
user recruitment protocol for mobile crowdsensing,” in Proc. IEEE
Conf. Comput. Commun., 2017, pp. 793–807.

Mingjun Xiao received the PhD degree from the
University of Science and Technology of China,
in 2004. He is an associate professor with the
School of Computer Science and Technology,
University of Science and Technology of China
(USTC). His research interests include spatial
crowdsourcing, mobile social networks, vehicular
ad hoc networks, mobile cloud computing, auc-
tion theory, and data security and privacy. He is a
member of the IEEE.

Kai Ma is currently a master student in the School
of Computer Science and Technology, University
of Science and Technology of China (USTC). His
research interests include spatial crowdsourcing,
vehicular ad hoc networks, auction theory, and
privacy-preserving mechanism.

An Liu received the PhD degree in computer sci-
ence from both the City University of Hong Kong
(CityU) and the University of Science and Tech-
nology of China (USTC), in 2009. He is an associ-
ate professor with the Department of Computer
Science and Technology, Soochow University.
His research interests include spatial databases,
crowdsourcing, data security and privacy, and
cloud/service computing. He is a member of
the IEEE.

Hui Zhao is currently a master student in the
School of Computer Science and Technology,
University of Science and Technology of China
(USTC). Her research interests include spatial
crowdsourcing, vehicular ad hoc networks, auc-
tion theory, and privacy-preserving mechanism.

Zhixu Li received the BS and MS degrees in
computer science from the Renmin University of
China, Beijing in 2006 and 2009, respectively,
and the PhD degree in computer science from
the University of Queensland, in 2013. He is an
associate professor with the Department of Com-
puter Science and Technology, Soochow Univer-
sity, Suzhou. His research interests include data
cleaning, machine learning, deep learning, knowl-
edge graph, and crowdsourcing.

Kai Zheng received the PhD degree in computer
science from the University of Queensland in
Queensland, in 2012. He is a professor with the
University of Electronic Science and Technology
of China (UESTC). His research interests include
finding effective and efficient solutions for manag-
ing, integrating, and analyzing big data for busi-
ness, scientific, and personal applications. He
has been working in the area of spatial-temporal
databases, uncertain databases, trajectory com-
puting, social-media analysis, and bioinformatics.
He is a member of the IEEE.

Xiaofang Zhou is a professor of computer sci-
ence with the University of Queensland. He is the
head of the Data and Knowledge Engineering
Research Division. He is a specially appointed
adjunct professor under the Chinese National
Qianren Scheme hosted by the Renmin Univer-
sity of China (2010-2013), and by Soochow Uni-
versity since July 2013 where he leads the
Research Center on Advanced Data Analytics
(ADA). He has been working in the area of spatial
and multimedia databases, data quality, high per-

formance query processing, Web information systems, and bioinformat-
ics, and co-authored more than 250 research papers with many
published in top journals and conferences. He is a fellow of the IEEE.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

796 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 32, NO. 4, APRIL 2020

Authorized licensed use limited to: Soochow University. Downloaded on March 08,2020 at 01:39:51 UTC from IEEE Xplore.  Restrictions apply. 

https://crawdad.org/roma/taxi/20140717


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


