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Abstract With the rapid development dfitelligent vehicular technologies, such as 8eNing systemsand
Advanced Driver Assistance systems;tbi-shelfintelligent vehicles are equipped with more and more sensors,
including GPS, camaer Lidar, etc thus possessing powerful capabilities of computation and communication
along with largescale storage capacity. As an important kind of the intelligent vehicles, the Wtalilibemand
(MOD) vehicles(such as Uber, DiDiand connectetaxis) have largescale, finegrained coveragm cities along

with nonnegligible amounts of spardime. Hence utilizing their available sensors provides promising
opportunities in achieving larggzale, finegrained, and lowcost vehicular crowdensingfor smat cities As a
result, this paper focuses threse MOD vehicles and stud&southow to optimally allocatéhevehicular crowd
sensing taskfor the MOD vehicles. It chiefljnvolvestwo main challenges)Both the distributions of the MOD
vehicles and theensing tasks have the spat@hporaldifferencesAlso, the pickup earnings of MOD vehicles
vary withthelocationand time. Hence, it renders teensing coshighly dynamic in both temporal and spatial
dimensionsEven worse, such sensing cost isdhtarmodebecause of its highly dynamic natuigThe optimal
sensing task allocation isNP-hard problemwhich has thex@onentialtime complexity. Furthermore, owing to
high mobility of the vehicles, it requires rdahe task allocation in vehicular crovegnsing.

To address these challenges, we propose a deep reinforcement learpowerednearoptimal task
allocation method for vebular crowdsensing.We utilize thedeep reinforcement learnirig extract the highly
dynamic sensing cost of vehicles, which is fed back to optimally allocate the sensing tasks for each MOD
vehicleSpecifically, targetingthe first challenge, wéeploy the EncoderDeader Recurrent Neural Network
based on dualttentiors (including the spatial attention and the temporal attejtiaextract the spatidemporal
correlations of pickup earnings, which are then used to learn the sensingaomstling tdhe driving costodel.
Furthermore, through the equivalent problem transformation, we prove that the task allocation problem has a
submodular objective function andgedependent constraint. Hence, based on thensadularity theory, we
propose a neaoptimal task allocion algorithm, jointly considering thital utility and marginaltility. It is
proved to achieval/@2+c,,, /C.,, -approximation ratio in polynomial time, whexe, andc,,, represent the
maximal and minimal value®f the sensing costfor all the vehicles, respectively. Finally, we exploit two
largescale datasets to evaluate the performance of the proposed method. One dataset is abddO1?2,493
vehiclesin Chongging City, China, while the other iscaut 113 million vehicle trips in Newodrk City, America
The resultgiemonstrat¢hat our methodwveragelyimprovesthe prediction accuraayf pick-up earningsand the
allocation utilityof sensing taskby 25.1% and 37.7%, respectively, congghrith seven baseline®Moreover,
we implement a prototype system for-ovad illegal parking detectiom.e,leveragingthe smartphone sensor
(such as camera and GPS) of massive MOD vehicles to detecttbaditiegal parking eveatvhen driving on
roads Based on this system, we validate the proposed method is feasible and significant in the practical
applications.

Key words Vehicular Crowdsensing; Sensing Task Allocation; Deep Reinforcement Learningyc@ubarity;
Recurrent Neural Network;
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