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Abstract—In this article, we investigate the worker (i.e., vehi-
cle) selection problem in vehicle-based crowdsourcing (VBC),
where vehicles in a specific area are recruited by the crowdsourc-
ing platform to collect geographical information in real driving
scenarios for autonomous driving. Given a limited recruitment
budget, we formulate a cumulative platform utility maximization
problem (CMP) to obtain the optimal worker set. The CMP is
unsolvable directly as the platform has no prior information of
workers at the initial stage (also known as “cold start”) and the
cost of collecting all workers’ information is prohibitive. To solve
the problem, we first conduct a comprehensive data analytics on
two real-world vehicle traces and obtain two crucial observations:
1) trajectory of individual vehicle is highly uncertain that it is dif-
ficult to make accurate prediction and 2) the overall distribution
of vehicular trajectory penetration (measured by collection quan-
tity and coverage) has a diurnal pattern and varies with weekly
periodicity. Inspired by the insights, we propose the performance
transfer-based online worker selection (POSE) scheme, which
works independently from trajectory prediction with two compo-
nents, i.e., transfer learning-based performance estimation and
online worker selection (OWS). Based on the diurnal pattern,
the former component collects a short-period trajectory pene-
tration data of vehicles for model fitting, which can output a
specific numerical distribution. With the fitting model, we can
identify and select vehicles with high trajectory penetration at
the initial stage to cope with the “cold start” problem. Then,
we map the worker selection problem into a multiarmed bandit
problem and develop upper confidence bound-based approach
to solve it. Extensive trace-driven simulations are carried out
and the results demonstrate the efficiency of POSE in terms of
cumulative platform utility.

Manuscript received June 22, 2020; revised September 2, 2020; accepted
September 22, 2020. Date of publication September 30, 2020; date of current
version March 5, 2021. This work was supported in part by the National
Natural Science Foundation of China under Grant 62002389 and Grant
U19B2024, and in part by the Natural Sciences and Engineering Research
Council of Canada. This article was presented in part at the IEEE Global
Communications Conference (GLOBECOM), Waikoloa, HI, USA, Dec. 2019.
(Corresponding author: Xiaofeng Cao.)

Xiaofeng Cao, Yan Li, and Deke Guo are with the Science and
Technology on Information Systems Engineering Laboratory, National
University of Defense Technology, Changsha 410073, China (e-mail:
caoxiaofeng10@nudt.edu.cn; liyan10@nudt.edu.cn; dekeguo@nudt.edu.cn).

Peng Yang is with the School of Electronic Information and
Communications, Huazhong University of Science and Technology, Wuhan
430074, China (e-mail: yangpeng@hust.edu.cn).

Feng Lyu is with the School of Computer Science and Engineering, Central
South University, Changsha 410083, China (e-mail: fenglyu@csu.edu.cn).

Jiarong Han is with the School of Automation, Beijing University
of Posts and Telecommunications, Beijing 100876, China (e-mail:
hanjiarong@bupt.edu.cn).

Xuemin Shen is with the Department of Electrical and Computer
Engineering, University of Waterloo, Waterloo, ON N2L 3G1, Canada (e-mail:
sshen@uwaterloo.ca).

Digital Object Identifier 10.1109/JIOT.2020.3028026

Index Terms—High-definition (HD) map collection, Internet of
Things, transfer learning, vehicle-based crowdsourcing (VBC),
vehicular trajectory penetration, worker selection.

I. INTRODUCTION

AUTONOMOUS vehicles (AVs) with various levels of
automation are already on the road [2]–[5]. It is expected

that AVs with full automation will provide safer and more
efficient transportation [6], [7]. A prerequisite for AVs is to
understand the driving environment in real time. Generally,
AVs rely on a combination of the premade environment map
[e.g., high-definition (HD) map] and onboard sensors (e.g.,
LIDAR, GPS, camera, and accelerometer) to sense the sur-
rounding environment and locate themselves relatively in the
map, based on which online driving decisions can be made.
Therefore, the environment map is of paramount importance
and directly determines the safety and quality of driving expe-
rience [2], [8]. For map construction and update, vehicle-based
crowdsourcing (VBC) is a promising solution with low cost
and high efficiency [9]. Particularly, with various onboard sen-
sors and similar working scenarios, vehicles are able to collect
rich environmental information in real driving scenarios [10].
Generally, an urban VBC scenario consists of a local platform,
workers (i.e., vehicles),1 and tasks. The platform is supported
by edge nodes within an urban area [11], [12], which pub-
lishes tasks to local workers and selects workers from the
candidates, who are willing to participate in the crowdsourc-
ing. Then, edge nodes collect and aggregate information from
selected workers and send the processed map information to
the platform to complete the tasks.

Worker selection is the primary factor affecting crowd-
sourcing quality. The crowdsourcing platform makes selection
decisions based on various observations, such as the vehicle
mobility and historical performance of completing crowd-
sourcing tasks [13], [14], and gives workers either monetary
or nonmonetary incentives [12], [15]. The objective is to
maximize the crowdsourcing quality with as less worker
recruitment cost as possible. However, for the map collection,
selecting a suitable subset of workers from all candidates can
be very challenging due to the following reasons. First, the
tasks of spatial crowdsourcing are usually scattered in differ-
ent geographical locations. In contrast, the HD map collection

1In this article, vehicles are the workers in the VBC scenario. Hence,
“vehicle” and “worker” are interchangeable in the following sections.
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requires continuous and complete coverage of the target area,
posing extra continuity constraints on map collection tasks.
Therefore, to achieve an efficient worker selection, the plat-
form calls for fine-grained information of vehicle trajectory.
Second, the spatial–temporal information of vehicle trajec-
tory changes rapidly. Different vehicles also have diverse and
unpredictable driving routes, which make the selection more
complicated. Third, under the budget constraint, maximizing
the crowdsourcing utility (i.e., collection quantity and collec-
tion coverage) and minimizing the platform cost are competing
objectives, it is a challenging task to achieve a satisfying
tradeoff between them.

On the other hand, the platform usually has no histori-
cal performance information of workers at the initial stage
of crowdsourcing, i.e., facing the “cold start” problem [16].
As a result, the platform has to experience a long period to
aggregate the worker data, during which the system may suffer
from a low-efficiency crowdsourcing process. One plausible
approach to solve the “cold start” problem is to select all the
vehicles and collect the corresponding data in a short period.
However, it is quite difficult as the vehicle set in an urban area
is large and time varying, and thus, the time and cost of data
collection are prohibitive.

To cope with the above challenges, we investigate the
worker selection of VBC and formulate a cumulative plat-
form utility maximization problem (CMP) to maximize the
long-term VBC utility, taking both the collection quantity and
coverage into account. To solve this problem, we propose a
systematic framework, which consists of data analytics and
strategy design. In the data analytics, we divide the target
urban area into small square blocks and analyze two real-
world vehicular traces2 in San Francisco and Rome. We then
achieve several valuable insights that can benefit the scheme
design.

1) The distribution of daily trajectory penetration (mea-
sured by collection quantity and coverage) of vehicles
has an exponential decay, indicating there exists a small
portion of vehicles with relatively high trajectory pen-
etration. By recruiting them, it is possible to achieve
high-quality VBC with a small budget cost.

2) The trajectory of an individual vehicle is highly uncer-
tain and it is hard to predict the vehicle trajectory
with high accuracy. To be immune from this restriction,
the underlying worker selection approach should work
independently from the trajectory prediction.

3) The overall distribution of vehicular trajectory pen-
etration has a diurnal pattern and varies on weekly
periodicity, which means the future long-term vehicle
driving activities can be estimated based on short-time
learning. Such a feature can be harnessed to develop a
transfer learning-based method to solve the “cold start”
problem.

In this article, we propose a worker selection scheme named
POSE, i.e., performance transfer-based OWS, which consists
of two components: 1) the transfer learning-based performance

2With the availability and less privacy concern, the taxi traces are widely
used in the research area of VBC [14], [17], [18].

estimation and 2) OWS. In the former component, relying
on the weekly periodicity, we collect the trajectory penetra-
tion data of a small number of vehicles in one week. By
performing data fitting, we find that the trajectory penetra-
tion data approximately follow a specific distribution at each
temporal context. With the fitting model, we can estimate the
performance of the newly joined vehicles (i.e., the vehicles
without any historical trajectory penetration information) by
transferring the trajectory penetration knowledge of previously
selected vehicles with the same temporal feature. Furthermore,
we theoretically prove that at the initial stage of VBC, the
transfer learning-based performance estimation can achieve
high-quality crowdsourcing with fast data aggregation.

With the aggregated data at the initial stage, the worker
selection problem then can be mapped to a real-time worker
exploration and exploitation (E2) process [19], [20] and
modeled as a multiarmed bandit problem. As E2 integrates
the information collection (exploration) and decision mak-
ing (exploitation), we can continuously strike the balance
between exploring possible better decisions and exploiting
current optimal decisions. It can provide a workable online
solution without any prior assumptions. Finally, we devise the
OWS algorithm to solve the CMP with the time complex-
ity of O(W log2 W). In OWS, we employ the well-known E2
algorithm [i.e., the upper confidence bound (UCB) algorithm]
to solve the multiarmed bandit problem for map collection.
Essentially, OWS always opportunistically chooses the work-
ers with the highest upper bound of worker utility. Moreover,
we present a guideline on efficiently balancing the E2 during
OWS. The experimental results demonstrate that the proposed
scheme can significantly improve the cumulative platform util-
ity during both the initial stage and the overall crowdsourcing
period.

We highlight our main contributions in this article as
follows.

1) We consider the HD map collection in urban areas,
which is an essential building block for autonomous
driving. Specifically, we adopt the edge-enabled VBC
to collect and update the map data and formulate the
CMP to obtain the optimized worker set.

2) We propose a systematic framework to solve the CMP.
First, two urban-scale GPS traces are analyzed to char-
acterize vehicular trajectory penetration in terms of
distribution, correlation, and variation. Based on these
insights, we design and implement a worker selection
scheme called POSE, which consists of two components:
a) the transfer learning-based performance estimation
and b) OWS. They can efficiently address the “cold
start” problem and the OWS problem, respectively.

3) Extensive experiments demonstrate the efficacy of
POSE. It is worth noting that POSE can be readily
extended to other urban VBC applications (e.g., traf-
fic monitoring or road anomaly detection) with two
exemplary merits: a) the platform can customize the
worker selection in accordance with the planned bud-
get and b) the real urban-scale GPS trace is adopted,
which can provide a solid performance reference for
implementations.
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The remainder of this article is organized as follows.
Section II presents the related work. Section III details the
system model and problem formulation. In Section IV, we give
the data description and conduct comprehensive data analytics
on trajectory penetration of vehicles. Section V elaborates our
POSE design. In Section VI, we evaluate the performance of
POSE by trace-driven simulations. Finally, we conclude this
article and direct our future work in Section VII.

II. RELATED WORK

Spatial crowdsourcing is an efficient paradigm for geograph-
ical data collection, which requires each worker to perform the
task physically, where the spatiotemporal information, such as
location, time, mobility, and the associated context, plays crit-
ical roles [21], [22]. In particular, the VBC is regarded as a
promising solution for urban-scale crowdsourcing due to its
low cost and high efficiency. As vehicles have high mobility
and are equipped with rich onboard sensors, they can achieve
larger coverage and collect various environmental information.
Many research works on VBC have been developed recently
for various purposes, e.g., traffic monitoring [23], air quality
monitoring [24], pavement condition testing [25], and roadway
network reconstruction [26].

Worker selection is one of the important problems in VBC.
However, the high mobility of vehicles makes this problem
complicated and challenging. Researchers consider vehicles’
mobility based on randomly generated or model-based tra-
jectories. To maximize the coverage with minimum cost,
Abdelhamid et al. [27] proposed a framework consisting of a
reputation assessment scheme, a pricing model, and a selection
scheme for worker recruitment, where the vehicular trajecto-
ries are randomly generated within a 5-km roadway. With the
budget constraint, Hu et al. [28] designed a duration-variable
principle in the participant recruitment problem, aiming at
maximizing the collecting coverage. The trajectory of vehi-
cles follows a probabilistic model. Similarly, Wang et al. [13]
studied two trajectory models of the vehicles: deterministic
and probabilistic model, and the worker selection problem
based on both models is proved to be NP-hard. Then, the
problem under different mobility models is solved based on
heuristic algorithms, where the approximation ratio to the
optimum is given. Yi et al. [14] also investigated the Gauss–
Markov mobility model in the worker selection problem and
proposed a fast recruitment algorithm. These works, while effi-
cient in worker selection or recruitment, are based on strong
assumptions of the vehicles’ mobility model.

Other works assume that the trajectory of vehicles can
be accurately predicted, and thus the future trajectories can
be known ahead. Zhang et al. [10] formulated the worker
recruitment problem as a biobjective (i.e., for the location-
based query tasks and automatic sensing tasks) optimization
problem, which is proved to be NP-hard. To address this
problem, they propose two heuristic algorithms, both of which
require the vehicle trajectory information. Similarly, based
on the predicted trajectories, He et al. [29] presented a
new participant recruitment strategy for VBC, which guar-
antees that the system can perform well using the currently
recruited participants for a period of time in the future. For
the incentive mechanism design of worker selection, both

Restuccia et al. [17] and Gao et al. [30] assumed that
future trajectories are known in advance and evaluated their
algorithms over large-scale taxi GPS data trace. Likewise,
Xu et al. [31] predicted the trajectories of vehicles and the
number of task requests with the Markov model and the time-
space graphical model, respectively. Then, the iLOCuS scheme
is presented to incentivize vehicles to adjust their trajectories to
the requested tasks, therefore completing tasks with minimum
cost. However, it is difficult to capture and predict the real-
world vehicles’ trajectory accurately, since individual vehicle’s
trajectory in the urban area is dynamic and highly uncertain.
Although some deep learning methods have been proposed
in the prediction of the city-wide traffic, there is still a gap
to apply these methods in urban vehicle trajectory prediction,
and the cost can be prohibitive in both time and expendi-
ture. Moreover, the “cold start” problem is rarely considered
in these works, as they assume that the vehicle’s trajectory is
already known or easy to get.

In our previous work [1], we have demonstrated the efficacy
of combining data analytics and the UCB-based approach in
OWS. In addition to our preliminary work, this article makes
the following improvements: 1) we propose the POSE scheme,
which consists of transfer learning-based performance estima-
tion and OWS. It can efficiently solve the “cold start” problem
at the initial stage and achieve superior VBC performance;
2) we define the vehicle trajectory penetration to measure the
collection quantity and coverage in VBC. Then, we conduct
comprehensive data analytics to characterize the penetration
of vehicles in terms of distribution, correlation, and variation,
which inspire our scheme design; and 3) we theoretically prove
the performance of the knowledge transfer and integrate it into
the OWS algorithm.

III. SYSTEM OVERVIEW AND PROBLEM FORMULATION

In this section, we first describe the crowdsourced HD map
collection in the urban area and then formulate the VBC
worker selection problem.

A. Crowdsourced Map Collection in Urban Area

We consider an urban area and divide it into small areas.
The map collection of the target urban area is the crowdsourc-
ing task, and each small area corresponds to a microtask.
The VBC system consists of two entities: 1) the platform
and 2) the worker. Workers are a group of vehicles who con-
tribute to the crowdsourcing task and receive incentives from
the platform. The platform consists of a central cloud node
and multiple edge nodes (e.g., base stations). It broadcasts the
spatial crowdsourcing task through edge nodes to vehicles and
selects a subset of them to perform the tasks, aiming to achieve
the maximum crowdsourcing utility. Then, edge nodes collect
and aggregate all the collected information from selected vehi-
cles, and send the processed map information to the platform.
Note that the platform has a limited recruitment budget to
employ vehicles.

B. System Model

Supposing the time span is divided into a sequence
of time slots T = {1, 2, . . . , t, . . .}, the map collection
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Fig. 1. Overview of the HD map collection by VBC.

takes a fixed period, and there are varying sets of work-
ers that can be recruited at different time slots. Let Wt =
{wt,1, wt,2, . . . , wt,m, . . .} be the worker candidate set at time
slot t, where m is the worker index. As shown in Fig. 1, with-
out loss of generality, we consider a rectangular urban area,
which is partitioned into small square blocks.3

Definition 1 (Crowdsourcing Tasks): Our VBC task is the
map collection of the target area, which can be divided into
microtasks. Each microtask corresponds to a specific square
block, and all microtasks collectively provide full information
of the target area. When the vehicle enters the block, part of
the corresponding block map will be collected, as indicated
by the pink square on the left-hand side and pink circle on the
right-hand side of Fig. 1. As the map changes over time (i.e.,
the map of each block is different at each time slot), it should
be updated continuously across the whole time span.

Definition 2 (Worker Trajectory and Daily Collection): The
worker trajectory is a set of connected blocks sequentially
covered by the worker. We denote R = {r1, r2, . . . , rq} as
a set of q target blocks. Then, from the worker trajectory, we
can obtain the worker daily collection. Particularly, the daily
collection of worker wt,m at time slot t can be defined as a
vector of st,m = {st,m,q}rq∈R, where st,m,q is the quantity that
the worker wt,m has covered the block rq during the time slot t.
If the block rq has not been covered during the time slot t,
then we have st,m,q = 0.

We assume blocks are with different importance, and the
weights of blocks are given by a vector v = (v1, v2, . . . , vq),
which can be determined in advance. The weight of each
block can be affected by factors, such as the geographic
location, traffic condition, etc. For example, the map of a
block with a larger number of crossings (e.g., a transportation
hub) has a higher weight than others. The repeated coverage
of a certain block by multiple vehicles impairs the system
efficiency. To measure such spatiotemporal redundancy, we
introduce the redundancy degree, which is defined as a vector
pt = (pt,1, pt,2, . . . , pt,q), where pt,q is the redundancy degree
of block rq at time slot t and calculated by

pt,q = 1

lt,q
(1)

where lt,q means the quantity that block rq has been covered
in time slot t. This equation indicates that a lower value of
redundancy degree implies a high redundancy of a block, and
thus limits the worker’s contribution to the platform.

3For ease of illustration, we divide the target area into square regions.
According to different service scenarios, the size of the block could be
customized flexibly.

Definition 3 (Worker Utility): worker utility πt,m is the ben-
efit that a single worker wt,m can bring to the platform at time
slot t. It can be calculated by the daily collection of worker
wt,m during the time slot t and the corresponding blocks’
redundancy degree pt. Formally, it can be defined as:

πt,m = st,m(v� pt)
T (2)

where � is the Hadamard product between two vectors. From
(2), we know that the worker utility is determined by the col-
lection quantity (related to

∑
rq∈R st,m,q) and the collection

coverage (related to the number of st,m,q > 0). The worker
with high trajectory penetration (i.e., high collection quan-
tity and high collection coverage) can contribute more to the
platform.

Definition 4 (Platform Utility): Platform utility is the total
utility of the selected worker set W ′t at the time slot t.
Formally, it can be defined as

Pt =
∑

wt,m∈W ′t
πt,m (3)

where W ′t ⊆Wt.
Definition 5 (Crowdsourcing Budget): The platform needs to

incentivize workers to contribute to the map collection tasks.
The cost of selecting a worker wt,m varies at different time
slots, and we use Ct = {ct,1, ct,2, . . . , ct,m, . . .} to represent the
cost set at each time slot, where ct,m is the cost of selecting
worker wt,m at time slot t. The cost of recruiting a worker in a
specific time slot can be acquired through existing approaches
such as online bidding [17]. Under the recruitment budget con-
strain, the total cost of recruiting workers at each time slot is
less or equal than K. Moreover, in order to suppress tricky
behaviors from strategic workers, only the data collected in
the current time slot is valid. Besides, we measure the redun-
dancy degree both temporally and spatially, thus the strategic
workers (e.g., always back and forth with a similar trajec-
tory) will be identified, and the probability of selecting these
workers will be significantly reduced. The blockchain technol-
ogy can also be a possible solution to reliable crowdsourcing,
which enables a truthful and decentralized mechanism [32].

C. Problem Formulation

With the above system model, we formulate the worker
selection problem as the CMP.

Given: Candidate worker sets Wt, and corresponding costs
Ct, interested blocks set R, and the worker daily collection
st,m.

Objective: Recruiting a subset of workers W ′t at time slot t
such that:

∑
W ′t⊆Wt,t∈T Pt is maximized.

Subject to: The budget in each time slot,
∑

wt,m∈W ′t ct,m ≤
K ∀t ∈ T .

It is difficult to solve the CMP problem directly due to the
following reasons. First, the trajectories of vehicles are time
varying and unavailable in advance, and the cost of collecting
all vehicles’ trajectory penetration information is prohibitive
in urban areas. Meanwhile, there is no well-established model
that can accurately capture the uncertainty and dynamics of the
vehicle’s trajectory within a long period. Moreover, even all
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Fig. 2. Systematical framework.

future information is known, the above maximization problem
with cardinality constraint has been proved to be NP-hard [29]
with time complexity O(W2W). Solving this problem is time
consuming, especially in the urban scenario.

In what follows, we solve this problem based on a sys-
tematic framework shown in Fig. 2. First, the target area, the
GPS data, and the budget are taken as input. Then, we per-
form data analytics and reveal the underlying characteristics
(e.g., the distribution, correlation, and variation of trajectory
penetration) of vehicles in urban areas. Based on the above
insights, on the platform, we design and implement the POSE
scheme for worker selection.

IV. DATA PREPROCESSING AND ANALYSIS

In this section, we give the data description and details
of preprocessing. Then, we conduct the overall trajectory
penetration analysis from both the temporal and spatial dimen-
sions, to figure out crucial factors that affect worker selection
performance.

A. Data Description and Preprocessing

To understand the realistic traffic statistics and design an
informed worker selection strategy, the GPS trace of taxis
can be useful for two reasons. First, taxis are usually more
active and they cover a wide range of urban areas, which
means that taxis have high potential in VBC. Analyzing GPS
trace of taxis can directly benefit the future VBC application.
Second, taxis are public transportation and widely considered
in VBC tasks [12], as there are fewer privacy concerns com-
pared with the private vehicles. Hence, we analyze two urban
GPS taxi traces in Rome [33] and San Francisco [34]. These
real mobility traces are generated by the onboard GPS-enabled
devices, with detailed information as follows.

1) San Francisco: The trace collected in San Francisco con-
tains the GPS data of 536 taxis, with a time span of 25
days. Each taxi was equipped with a GPS receiver and
periodically (every minute) sent the location information
to the central server, including the vehicle id, timestamp,
latitude, and longitude. There are totally 11 219 955 GPS
records of San Francisco taxi trace.

2) Rome: The trace data set collected in Rome contains
the GPS data of 316 taxis, with a time span of 30
days. Each taxi was equipped with a GPS receiver and

TABLE I
MAIN STATISTICS OF DATA SETS

Fig. 3. Pearson coefficient.

periodically (every 7 s on average) sent the location
information to the central server. The positions with a
precision error higher than 20 m were ignored. There
are in total 21 817 851 GPS records.

Key statistics of these data sets are presented in Table I.
First, we find two main kinds of errant data that should be dealt
with: 1) positioning drift: the GPS data show that vehicles’
GPS traces are not right on the road segments and 2) miss-
ing data: some carpool vehicles’ GPS data are not uploaded
within a given time period. For example, the GPS data should
be reported every 2–4 s, but no data are reported within 60 s in
some time periods. To address the above errors, we relocate
those off-road data points to the nearest road segments and
divide the target urban areas of two cities into 100 blocks.4

Then, we convert the original GPS record of taxis into the tra-
jectory record. Since consecutive GPS records can be regarded
as a trajectory, we set a time threshold (e.g., 100 s), where
GPS records with time differences larger than 100 s belong
to different trajectories. In a trajectory, if a taxi has several
consecutive GPS records located in the same block, only the
last record information will be used. For example, as shown
in Table II, the time difference between GPS records 5 and 6
is over 100 s, thus the GPS records are divided into two tra-
jectories. In trajectory 1, the GPS records 1 and 2 are located
in the same block (i.e., block 15), and the time of the GPS
record 2 will be used. Thus, trajectory 1 is (15015844, block
15) → (15015860, block 25) → (15015870, block 26) →
(15015878, block 36). In this way, we convert all the GPS
records to trajectories.

B. Correlation Between Collection Quantity and Coverage

First, we check the correlation between the vehicle collec-
tion quantity and coverage. We represent the vehicle collection
quantity of worker candidate wt,m at time slot t as vm

t ,
which can be calculated by vm

t =
∑

rq∈R st,m,q. The vehicle

4The block size is mainly determined by the topological structure of urban
roads, where ensuring that there are roads in each grid.
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Fig. 4. CCDFs.

TABLE II
EXAMPLE OF THE TRAJECTORY EXTRACTION

collection coverage can be measured by vehicle’s entropy5

Hm
t , which can be interpreted as the diversity of blocks that

the vehicle wt,m covered at time slot t. Then, we take pear-
son coefficient [35] to measure the correlation, and the daily
pearson coefficient of vehicles can be calculated as

ρt =
∑

wt,m∈Wt

(
Hm

t − Hm
t

)(
vm

t − vm
t

)

√
∑

wt,m∈Wt

(
Hm

t − Hm
t

)2
√

∑
wt,m∈Wt

(
vm

t − vm
t

)2

(4)

where Hm
t = [(

∑
n∈T Hm

t )/|T |] and vm
t = [(

∑
n∈T vm

t )/|T |].
The results are plotted in Fig. 3, from which we can see that
the pearson coefficient is large in both cities. The pearson
coefficient fluctuates from 0.89 to 0.95 in San Francisco and
fluctuates from 0.88 to 0.94 in Rome. We can infer that the
vehicle collection quantity and coverage have a strong cor-
relation, indicating that the vehicle with a larger collection
quantity is usually with a better collection coverage. Therefore,
in what follows, we will adopt the value of the collection quan-
tity as the driving factor of trajectory penetration to cast our
worker selection strategy.

C. Exponential Distribution of Vehicle Trajectory Penetration

We then examine the complementary cumulative distribu-
tion function (CCDF) of daily trajectory penetration (i.e.,
collection quantity) of vehicles. Fig. 4 shows the CCDF of
daily trajectory penetration of vehicles in two cities. We can
see that the distribution of trajectory penetration has an expo-
nential decay in both cities since the clear linear plot appears

5Since the similar calculation will be presented in the later definition of
conditional entropy, the calculation of the vehicle daily entropy is omitted.

Fig. 5. Conditional entropy.

under the linear-log scale of the CCDF result [36]. Then, we
observe that there is a cutting-off part at the tail of the daily
penetration distribution. Both observations indicate that the
vehicle with relatively large trajectory penetration takes a small
portion, which is crucial to our system design. By recruiting
these vehicles, it is possible to achieve high-quality VBC with
a small budget cost.

D. High Dynamics of Individual Trajectory

In this section, we investigate vehicle penetration variation
from both temporal and spatial aspects. First, we define con-
ditional entropy to indicate the vehicle trajectory uncertainty.
In particular, based on the historical trajectories, we can get
the vehicles’ transition probability matrix between blocks. The
matrix can be written as

a =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

a1,1 · · · a1,j · · · a1,q
...

. . .
...

. . .
...

ai,1 · · · ai,j · · · ai,q
...

. . .
...

. . .
...

aq,1 · · · aq,j · · · aq,q

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

(5)

where ai,j represents the probability that vehicles transit from
block ri to block rj. The sum of each row equals 1, i.e.,∑q

j=1 ai,j = 1. Note that q = 100. Therefore, the conditional
entropy of block ri can be defined as

Hri =
q∑

j=1

ai,j log2
1

ai,j
(6)

where a larger entropy indicates more uncertainties of the
trajectory traversing this block.

Fig. 5 shows the cumulative distribution function (CDF)
of the conditional entropy of all blocks across the whole
time span in San Francisco and Rome, respectively. It can
be observed that 74.7% and 56.2% of the conditional entropy
are greater than 2 in San Francisco and Rome, respectively. In
this case, the trajectory is highly dynamic in both cities, and
thus it is difficult to achieve future trajectory prediction with
high accuracy. We further check the variation of the vehicle
daily penetration by the penetration changing ratio, which can
be calculated as

ϕt,m = vt,m − vt−1,m

vt−1,m
(7)

where a large changing ratio means the trajectory penetra-
tion has a significant fluctuation and is not stable over the
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(a) (b)

Fig. 6. Changing ratio of the vehicle trajectory penetration. (a) San Francisco. (b) Rome.

temporal dimension. Fig. 6 presents the boxplot of the trajec-
tory penetration changing ratio in both cities. We can find that
vehicles have a wide range of changing ratio, with the min-
imum −0.99 and maximum 9.97 in San Francisco, and the
minimum −0.99 and maximum 9.95 in Rome. The chang-
ing ratio also remains high throughout the entire time span
and has a considerable overall average value, which is 0.57
in San Francisco and 0.69 in Rome. Those figures demon-
strate that not only the trajectory has high uncertainty but also
the vehicle trajectory penetration varies dynamically. The tra-
jectory prediction-based approach has been applied to many
crowdsourcing applications in existing works, with which the
platform can obtain the vehicle trajectory in advance and make
the worker selection accordingly. We recognize that this may
be an effective method for small-scale crowdsourcing appli-
cations. However, due to the dynamics and uncertainties, this
can be time consuming and may not work for the massive
crowdsourcing tasks in large-scale urban areas.

In summary, the underlying mobility pattern verifies that:
1) it is possible to achieve high-quality crowdsourcing by
selecting a small number of vehicles; 2) the trajectories of
vehicles are uncertain and highly dynamic; and 3) the vehicle
collection quantity and geographical coverage have a strong
correlation, and we will take collection quantity as the driving
factor of vehicle trajectory penetration. To this end, given the
limited budget, we plan to design a worker selection strategy,
which is independent of the trajectory prediction.

V. DESIGN OF POSE

In this section, we elaborate on the design of POSE, which
runs with two stages: 1) the initial stage and 2) the OWS
stage. At the first stage, as the platform has no historical
performance information about the vehicles, it has to face the
“cold start” problem at the initial selection stage. Inspired by
the transfer learning technique, we first investigate the vehi-
cle’s daily trajectory penetration and find that its distribution
has a weekly periodicity. Based on such periodicity, we can
build the temporal feature (i.e., same day in a week) and trans-
fer the knowledge of the vehicles with historical trajectory
penetration records to the newly joined vehicles. In this way,
the corresponding crowdsourcing performance of the newly
joined vehicles can be estimated. In the second stage, we map
the CMP to the multiarm bandit problem and adopt the UCB
algorithm to solve it.

Fig. 7. Average vehicles’ trajectory penetration.

A. Transfer Learning-Based Performance Estimation

Given the limited budget, testing all the vehicles is diffi-
cult as the platform has to find a way to rapidly accumulate
sufficient vehicles’ performance data in order to make better
decisions for worker selection. In our paper, the performance
is directly related to the vehicle daily penetration. As shown
in Fig. 7, the average daily trajectory penetration of vehicles
in both cities is plotted. It can be seen that the average pene-
tration varies in a similar trend in both cities, indicating that
the penetration is periodic in every seven days. We further plot
the histogram of the penetration each day. Fig. 8(a) and (b)
shows the example in San Francisco and Rome, respectively.
By comparing with classic distributions, we discover that the
penetration of San Francisco fit the normal distribution

fno(x) = 1√
2πσt

e

(
−(x−θt)2

2σt2

)

(8)

with the least error.6 The penetration of Rome fits the Rayleigh
distribution

fra(x) = x

γt
2

e

(
−(x)2

2γt2

)

(9)

with the least error.
Especially, we find that distributions of days under the same

temporal context are highly similar, where the temporal con-
text means the day in a week. For instance, the fit distribution
and histogram of the 1st and 8th day in San Francisco are
shown in Fig. 8(a). We can see that the fitting probability
density function (PDF) curves of these two days are very

6The fitting process is enabled by the distribution fitter app of MATLAB,
and the detailed steps can be found on [37].
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(a) (b) (c)

Fig. 8. Vehicle trajectory penetration distribution fit. (a) San Francisco. (b) Rome. (c) KL divergence of fits.

TABLE III
FITTING RESULTS OF VEHICLES’ TRAJECTORY PENETRATION IN BOTH CITIES

close, with the parameter {σ1 = 25.65, θ1 = 63.76} and
{σ8 = 28.23, θ8 = 62.24} for the 1st and 8th day, respec-
tively. In Rome, the PDF curves of the 15th and 22nd day
are almost identical, with the parameter {γ15 = 64.39} and
{γ22 = 63.98}, respectively. This means that we may infer
the penetration of newly joined vehicles by learning the his-
torical vehicle penetration distribution with the same feature
(i.e., same temporal context). The fitting results are grouped by
the contextual information and shown in Table III. To further
verify and quantify such similarity, we calculate the KL diver-
gence between distributions under the same temporal context.
For example, we calculate the KL divergence between distri-
butions of the 1st, 8th, 15th, 22nd, and 29th days in Rome as
group 1. Due to the weekly periodicity, we have seven groups
for each city. The KL divergence can be calculated as

DKL(P||Q) =
∫ ∞

0
p(x) log

(
p(x)

q(x)

)

dx (10)

where P and Q are distributions of the vehicle trajectory pene-
tration of two days under the same temporal context, where for
San Francisco, P and Q follow the normal distribution, and for
Rome, they follow the Rayleigh distribution. p and q are the
corresponding probability densities of P and Q, respectively.
Then, we plot the boxplot of the contextual KL-divergence in
Fig. 8(c). We can see that all values of KL divergence are
very small. For instance, all values in San Francisco are less
than 1.1×10−2 with the maximum 1.09×10−2 and minimum
6.0× 10−3. This confirms that in the same city, distributions
under the same temporal context are highly similar.

Therefore, given a limited recruitment budget, we design
the transfer learning-based performance estimation algorithm
as the initial algorithm, which will run a short period while
aggregating vehicles’ performance (i.e., trajectory penetration)
information. Especially, we select T1 as the length of the initial
stage where the value of T1 is flexible and can be customized
according to the platform’s need. Moreover, we assume that
the incentive cost of each vehicle (i.e., the cost of selecting a

worker) is identical [20], [29], and it is set to be one budget
unit in our paper. During the first week, we can select K vehi-
cles as the initial vehicles, record the penetration information,
and calculate the corresponding performance each time slot.
Then, based on these data, we mine the penetration distribu-
tion Dt̄ at each time slot. The corresponding expectation κt̄
of each distribution can be calculated, where t̄ = 1, 2, . . . , 7
means the temporal context group. For the normal distribution
shown in (8), we have

κno
t̄ = θt. (11)

For the Rayleigh distribution in (9), we have

κra
t̄ =

∫ +∞

−∞
xfra(x)dx

=
∫ +∞

−∞
x2

γt
2

e

(
−(x)2

2γt2

)

dx

=
√

π

2
γt. (12)

From the 8th to T1th time slot, we have the worker can-
didate set at time slot t, Wt = {wt,1, wt,2, . . . , wt,m, . . .}.
Wt can be divided into the worker set with and without the
historical performance: Wk

t = {wk
t,1, wk

t,2, . . . , wk
t,m1

, . . .} and
Wnk

t = {wnk
t,1, wnk

t,2, . . . , wnk
t,m2

, . . .}, respectively. Wk
t ⊆ Wt,

and Wnk
t ⊆ Wt. The performance of each worker candi-

date in Wt is P̄t = {πt,1, πt,2, . . . , πt,m, . . .}. Likewise, for
Wk

t and Wnk
t , we have P̄k

t = {πk
t,1, π

k
t,2, . . . , π

k
t,m1

, . . .} and
P̄nk

t = {πnk
t,1, π

nk
t,2, . . . , π

nk
t,m2

, . . .}, respectively. At time slot
t, we first select vehicles with πk

t,m1
> κt̄, for wk

t,m1
∈ Wk

t .
Subsequently, we get the first part of the selected worker
set W1

t = {w1
t,1, w1

t,2, . . . , w1
t,m̄1

, . . .}, and the corresponding
performance set P̄1

t = {π1
t,1, π

1
t,2, . . . , π

1
t,m̄1

, . . .}.
If |W1

t | < K, we will then randomly select K − |W1
t |

vehicles in Wnk
t . This part can be defined as W2

t =
{w2

t,1, w2
t,2, . . . , w2

t,m̄2
, . . .}, and the corresponding performance
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set P̄2
t = {π2

t,1, π
2
t,2, . . . , π

2
t,m̄2

, . . .}. Because W2
t ⊆ Wnk

t ⊆
Wt and E[πt,m] ∼ Dt̄, we can assume that E[π2

t,m̄2
] ∼ Dt̄. All

the selected vehicles’ performance will be recorded, and Wk
t

and Wnk
t will be continuously updated along the algorithm

processing. The above loop is executed until the T1th time
slot. Such operations enable the platform to maintain a high-
level collection during the initial stage, thereby successfully
solving the “cold start” problem in VBC.

Theorem 1: The transfer learning-based performance esti-
mation algorithm can achieve a nondecreasing collection
utility.

Proof: For ∀w1
t,m̄1
∈W1

t , π1
t,m̄1

> κt̄, we have

1
∣
∣W1

t

∣
∣

∑

w1
t,m̄1
∈W1

t

π1
t,m̄1
= κ2 ≥ κt̄ (13)

where |W1
t | ≤ K. If |W1

t | = K, then the theorem is proved.
If |W1

t | < K, because E[π2
t,m̄2

] ∼ Dt̄, we have
∣
∣
∣W1

t

∣
∣
∣+

∣
∣
∣W2

t

∣
∣
∣ = K (14)

E

⎡

⎢
⎣

1
∣
∣W2

t

∣
∣

∑

w2
t,m̄2
∈W2

t

π2
t,m̄2

⎤

⎥
⎦ = κ1 = κt̄. (15)

By combining (13)–(15), we have

κ1 ∗
∣
∣W2

t

∣
∣+ κ2 ∗

∣
∣W1

t

∣
∣

K
> κt̄ (16)

which concludes the proof.
Therefore, the transfer learning-based performance estima-

tion method can help the platform to achieve a nondecreasing
crowdsourcing performance in the initial stage.

B. OWS Algorithm

Based on the initialization, from the (T1 + 1)th time slot
to the end, we can characterize the worker selection problem
as an E2 process. Then, we propose the OWS to solve the
problem by adopting the UCB algorithm. Finally, we give a
straightforward guideline for adjusting the level of exploration
of the OWS.

1) Problem Mapping: We map the worker selection
problem as a classic multiarm bandit process. At each time
slot, the platform makes the selection decision (i.e., a cer-
tain arm is pulled or not) and observes every worker selection
(i.e., slot machine) to obtain the corresponding worker utility
(i.e., reward). For the collection during the long term, we aim
at maximizing the cumulative platform utility (i.e., cumula-
tive reward). To this end, E2 can be an efficient approach to
characterize the problem, which jointly considers the decision
making (exploitation) and the quality measuring (exploration).
Based on E2, we can dynamically exploit workers who return
the result with a higher quality and explore workers whose
performance has high uncertainty.

2) UCB-Based Worker Selection: In particular, based on the
UCB algorithm [38], we design a K-greedy approach to solve
our problem. In the approach, the workers who can achieve

Algorithm 1 OWS Algorithm
Input: : worker candidate set Wt =
{wt,1, wt,2, . . . , wt,m, . . .}, corresponding emperical
performance P̄t = {πt,1, πt,2, . . . , πt,m, . . .}, selecting
frequency ft,m, and Budget K. The termination time is set
to be T2.

Output: : Selected worker set Ws
t = {ws

t,1, ws
t,2, . . . , ws

t,m}.
1: After initialization: Ws

t ← φ, t← T1 + 1, i← 1
2: for t < T2 do
3: update bt,m = μ

√
ln t
ft,m

4: πt+1,m = π t,m + bt,m

5: t = t + 1
6: while i < K + 1 do
7: select ws

t,i = arg max
wt,m∈{Wt\Ws

t }
πt,m

8: Ws
t =Ws

t ∪ {ws
t,i}

9: i = i+ 1
10: end while
11: for wt,m ∈Ws

t do
12: ft,m = ft,m + 1
13: observe instant performance π̂t,m

update π t,m = ft−1,mπ t−1,m+π̂t,m
ft,m

14: end for
15: for wt,m /∈Ws

t do
16: ft,m = ft−1,m, π t,m = π t−1,m

17: end for
18: end for

the top K highest UCB of the worker utility will be oppor-
tunistically selected. For each time slot t, the worker utility
of worker wt,m can be calculated by (2). Then, the average
worker utility of worker wt,m till time slot t is

π̄t,m = 1

t

∑

t∈T
πt,m (17)

and the upper confidence around the mean value π̄t,m can be
calculated as

bt,m = μ

√
ln t

ft,m
(18)

where ft,m is the selecting frequency of worker wt,m till time
slot t, and μ is the exploration factor that balances the E2
process.

With the above setting, there is a high probability that at the
next time slot t+1, the true performance value πt+1,m of wt,m

lies in the confidence interval [π̄t,m−bt,m, π̄t,m+bt,m]. This can
be obtained according to the Chernoff–Hoeffding inequality as
follows.

Lemma 1 (Chernoff–Hoeffding Inequality): Let Z1, . . . , Zn

be bounded random variables with Zi ∈ [a, b] for all i, where
−∞ < a < b < +∞ and b−a = 
. E[Zt|Z1, Z2, . . . , Zt−1] =
ω. Suppose that �n =∑n

i=1 Zi. Then, for ∀d > 0, we will have
P{�n ≥ nω + d} ≤ e[(−2d2n)/
2] and P{�n ≤ nω − d} ≤

e[(−2d2n)/
2].
From the above lemma, we can get

P
{∣
∣πt+1,m − π̄t,m

∣
∣ ≥ bt,m

} ≤ 2t
−2μ2


2 (19)
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Fig. 9. Jaccard similarity of vehicles in both cities.

where with μ > 1, the probability of πt+1,m outside the
confidence interval tends to infinitesimal rapidly.

As shown in Algorithm 1, at each time slot, we will update
the upper confidence value bt,m and the expected reward π̄t,m

for each worker (lines 1–4). Then, we will calculate the upper
bound performance π̄t,m + bt,m and accordingly choose the
workers who can achieve top K performance (i.e., upper bound
confidence value, lines 5–18). Equations (17) and (18) indi-
cate that two conditions can lead to the increase of a worker’s
upper bound performance: 1) the worker rarely been selected
by the platform, the upper confidence value bt,m will increase
quickly as the time slot t going and 2) the worker achieves
a good collection performance, i.e., the high value of π̄t,m.
Therefore, given a crowdsourcing task, our scheme can select
the current good-performance workers, meanwhile be opti-
mistic about choosing the workers with high uncertainty, as
the corresponding performance has a high probability locating
in the proved confidence interval.

C. Guidance of Selecting Exploration Parameter μ

In the OWS algorithm, the exploration parameter μ is crit-
ical, which determines how much exploration will be taken
during the worker selection process. Particularly, we give
insights of the workers’ performance to guide platforms to
choose the suitable μ. We can generally measure a worker’s
performance (i.e., trajectory penetration) from two aspects:
1) collection quantity: vt,m, the collection quantity of worker
wt,m at time slot t and 2) collection coverage (measured by
entropy): Hm

t , the entropy of worker wt,m at time slot t. The
worker with high trajectory penetration (i.e., high collection
quantity and wide coverage) will be selected with high prob-
ability. Furthermore, we define J t

r,tra and J t
r,cov as the set of

the top r workers in terms of the collection quantity and cov-
erage, respectively, at time slot t. Then, the Jaccard similarity
coefficient between J t

r,tra and J t
r,cov can be calculated as

Jt
r =
|J t

r,tra ∩ J t
r,cov|

|J t
r,tra ∪ J t

r,cov|
. (20)

Intuitively, a higher Jaccard similarity value indicates more
overlap between the set J t

r,tra and J t
r,cov. We present the

box plot of Jaccard similarity of San Francisco and Rome
in Fig. 9. The parameter r ranges from 60 to 160 (i.e., top
60 to top 160) with a step length 20, totally six groups. It
can be found that the Jaccard similarity value increases as
the value of r increases. For instance, as r grows, the median
value of similarity increases from 0.59 to 0.75 and 0.61 to 0.84
in San Francisco and Rome, respectively. This demonstrates

that when r is large, the corresponding top-r set of collec-
tion quantity and coverage is consistent. Therefore, with the
larger budget, when the platform selects a worker with a high
collection quantity, the worker is more likely to perform well
in terms of the coverage as well. In this case, the platform
can select a lower exploration parameter during the OWS pro-
cess μ, and vice versa. The above instruction can be readily
applied to different scenarios (e.g., different target areas and
different budgets), and help platforms to configure the level of
exploration.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the proposed POSE by exten-
sive trace-driven simulations. Particularly, we first present the
experiment setup and design the benchmark strategies. Then,
we give the performance metrics and carry out the evaluation
performance of POSE during both the initial stage and selec-
tions stage. Finally, we investigate the impact of the budget
and exploration factor μ.

A. Methodology

Experimental Setup: For the long-term performance eval-
uation, we first, respectively, choose three-weeks data and
four-week data in San Francisco and Rome for the data exten-
sion and accordingly get two 2520-days (i.e., 360-weeks)7

extended traces for both two cities. Our POSE scheme has
two stages. The first stage is the initialization stage, which
starts from time slot 1 and ends at time slot T1. The second
stage is the selection stage, which starts from time slot T1+1
and ends at time slot T2. T1 = 30 and T2 = 2520 in the
evaluation. To investigate the impact of the budget, we fix the
exploration factor at μ = 10 and vary the budget from 20 to
50 with a step size of 10. To reveal the impact of the explo-
ration factor μ, we vary the budget K to 20, 30, 40, and 50,
and the exploration factor μ to 1, 10, 50, and 100 [39].

Benchmark Schemes: We design four benchmark schemes
to compare with our POSE scheme as follows.

1) Random: Regardless of their historical performance,
this scheme randomly selects workers with the same
probability.

2) Dynamic-Greedy (Greedy): In this scheme, the aver-
age worker utility of each vehicle will be updated
dynamically. Then, the scheme will adaptively select the
vehicles who have the top-K highest worker utilities to
be the workers for the next time slot. It is worth not-
ing that the average worker utility will be updated only
when the corresponding worker is selected.

3) UCB-Greedy (UCBG): This scheme is the closest
scheme to ours [19]. In this scheme, the UCB algorithm
works in a greedy way without the initial stage. UCBG
greedily selects the workers with the top-K highest upper
confidence value at each time slot.

4) Oracle: In this scheme, we assume that the future long-
term vehicles’ trajectory penetration is known ahead, and

7Due to the lack of data, we derive the long-term data by data extension.
The length of the extended data can be flexibly adjusted, which does not have
an effect on the overall performance.
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(a) (b)

Fig. 10. Overall performance. (a) San Francisco. (b) Rome.

(a) (b)

Fig. 11. Performance of the initial stage. (a) San Francisco. (b) Rome.

the worker selection can be decided accordingly. In real-
ity, this scheme cannot be achieved and we adopt it as
an upper bound for the performance comparison.

Performance Metrics: We define the platform utility as the
metric to evaluate the worker selection performance in VBC.
The platform utility refers to the cumulative utility of selected
workers to the platform. It is calculated by the sum of the
worker utility of the selected workers each day.

B. Performance Comparison

We first set the budget K and the exploration factor μ to 30
and 10, respectively.

1) High-Performance Worker Selection: Fig. 10 shows the
results of the cumulative platform utility over time slots, and
we can observe that the proposed POSE outperforms the
UCBG, greedy, and random in both two cities, and has a gap
from the Oracle. Specially, we plot the average platform utility
each day, and it can be found that compared with the average
platform utility of 98.8 and 109.0 in UCBG, 98.4 and 95.6 in
greedy, and 86.0 and 85.6 in random, the POSE can, respec-
tively, achieve 117.0 and 131.1 in San Francisco and Rome.
Such a performance can improve the collecting performance
by 18.4% and 20.3% for UCBG, 18.9% and 37.1% for greedy,
and 36.0% and 53.2% for random in San Francisco and Rome,
respectively. The reason for the superior performance can be
attributed to the mechanism of POSE. First, compared with the
simple exploitation approach in greedy, POSE has an online
learning process with both the exploitation and exploration
during the selection, and thus it can strike a better performance
when facing the worker candidates with dynamic and unsta-
ble behaviors across the time span. Second, compared with
the UCBG, the transfer learning-based performance estimation

Fig. 12. Number of known vehicles after initial stage.

(a) (b)

Fig. 13. Impact of different budgets. (a) San Francisco. (b) Rome.

makes POSE have a better data aggregation than UCBG and
thus a larger exploitation and exploration space. However, the
future vehicles’ performance in the urban area is highly uncer-
tain, especially for taxis, therefore there is a utility gap from
the Oracle.

2) Effective Initializaion: We then check the performance
of the initial stage and plot the corresponding cumulative util-
ity of different schemes in Fig. 11. From the figure, we can
see that in San Francisco, POSE achieves the cumulative plat-
form utility of 2420, and respective improves 22.6%, 20.2%,
and 38.8% compared with 1974 of UCBG, 2023 of greedy,
and 1744 of random. In Rome, POSE achieves the cumula-
tive platform utility of 2432, and respective improves 19.4%,
25.3%, and 50.5% compared with 2036 of UCBG, 1940 of
greedy, and 1615 of random. However, we can also find that
the performance gap between the POSE and Oracle in the ini-
tial stage is larger than the overall period. This is because in the
initial stage, POSE does not have enough vehicles’ trajectory
penetration information to use, resulting in unsatisfied learning
results and performance. To figure out the initializing ability,
we further plot the number of known vehicles aggregated after
the initial stage. As shown in Fig. 12, POSE respective aggre-
gated 240 and 224 vehicles’ information, in San Francisco and
Rome. Compared with the 63 and 124 of greedy, 367 and 270
of random, 30 and 30 of UCBG, and 536 and 316 of Oracle,
POSE respective achieves the 2.8× and 0.8×, 7×, and 6.5×
improvement. Moreover, the number of known vehicles can
be further improved by extending the time span of the initial
stage.

C. Impact of Budget

The recruitment budget is an important factor of crowd-
sourcing. Fig. 13 presents the performance of POSE with
varying budget amounts, where the exploration factor is set
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(a) (b)

Fig. 14. Impact of exploration μ. (a) San Francisco. (b) Rome.

to be 10. We can find that the budget amount has a posi-
tive correlation with the cumulative platform utility, where the
larger budget amount can perform a higher cumulative plat-
form utility. While, it is interesting to observe that the utility
improvements between different budgets decrease when the
budget amount increases. At the end of crowdsourcing, in
San Francisco and Rome, it is 43.2% and 41.7% improvement
between budget 30 and budget 20, 27.5% and 27.2% improve-
ment between budget 40 and budget 30, and 18.7% and 17.8%
improvement between budget 50 and budget 40, respectively.
Such a phenomenon is possibly caused by the submodular
effect, where with the map collection going, the new vehi-
cle has a high probability of covering the same road that has
been collected before. Therefore, the redundancy degree will
increase and slow utility improvement. Moreover, small plots
in the figure indicate that the increment of the cumulative plat-
form utility slightly fluctuates over the period, and the plot of
the cumulative platform utility is not linear.

D. Impact of Exploration μ Factor

The exploration factor μ determines how much exploration
will be taken in the worker selecting process. Fig. 14 shows
the algorithm’s performance under varying values of μ. The
budget is set to be 30, and μ is set to be 1, 10, 50, and 100.
In Fig. 14(a) and (b), we can find that the best algorithm’s
performance is achieved at μ of 10. From this finding, we
can infer that the suitable value of μ needs to be well opti-
mized, and a larger value will not necessarily result in a
better performance. A suitable value of μ can perform a desir-
able tradeoff and enable a balanced exploration, where the
algorithm can find the potential high-performance workers.
However, if the selection scheme takes excessive or insuf-
ficient exploration, the corresponding collection performance
will be also significantly lowered. As indicated in Section V-C,
platforms can adjust the value of μ according to the Jaccard
similarity.

E. Reducing the Gap Between POSE and the Oracle

During the long-term collection, possible dynamics caused
by weather, special social events, etc., may slightly change the
distribution of vehicles’ daily trajectory penetration. This can
degrade the performance of transfer learning-based estimation.
A sliding window mechanism may solve the problem, and
reduce the utility gap between the POSE and the Oracle. If

we adopt a sliding window with a size of L and the contextual
distribution within the sliding window can be considered as
stable. As the selection process evolves, we gradually move
the sliding window forward so that we can get a more accurate
contextual distribution for the next selection round.

VII. CONCLUSION

In this article, we have investigated the edge-enabled VBC
toward HD map collection for AVs. Specifically, we have for-
mulated the CMP to maximize the cumulative utility. To solve
the problem, we have characterized the trajectory penetration
of vehicles in terms of distribution, correlation, and variation,
which collectively lead to our POSE design. In POSE, we have
integrated two major components: 1) transfer learning-based
performance estimation and 2) the OWS. Extensive trace-
driven simulations have been conducted and the results have
demonstrated the efficiency of POSE in map collection. We
believe the systematic principle of POSE can also be readily
applied to other VBC scenarios, e.g., traffic monitoring, road
anomaly detection, etc. For our future work, in addition to
the HD map collection, we will also investigate the HD map
caching strategy and delivery optimization.
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