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Abstract  With the rapid development of intelligent vehicular technologies, such as Self-driving

systems and Advanced Driver Assistance systems, off-the-shelf intelligent vehicles are equipped
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with more and more sensors, including GPS, camera, Lidar, etc., thus possessing powerful
capabilities of computation and communication along with large-scale storage capacity. As an
important kind of the intelligent vehicle, the Mobility-On-Demand (MOD) vehicles (such as
Uber, DiDi, and connected taxis) have large-scale, fine-grained coverage in cities along with
non-negligible amounts of spare time. Hence, utilizing their available sensors provides promising
opportunities in achieving large-scale, fine-grained, and low-cost vehicular crowdsensing for
smart cities. As a result, this paper focuses on these MOD vehicles and studies how to optimally
allocate the vehicular crowdsensing tasks for the MOD vehicles. It chiefly involves two main
challenges: (1) Both the distributions of the MOD vehicles and the sensing tasks have spatial-
temporal differences. Also, the pick-up earnings of MOD vehicles vary with the location and
time. Hence, it renders the sensing cost highly dynamic in both temporal and spatial dimensions.
Even worse, such sensing cost is hard to model because of its highly dynamic nature. (2) The
optimal sensing task allocation is a NP-hard problem, which has exponential time complexity.
Furthermore, owing to the high mobility of the vehicles, it requires real-time task allocation in
vehicular crowdsensing. To address these challenges, we propose a deep reinforcement learning-
empowered near-optimal task allocation method for vehicular crowdsensing. We utilize deep
reinforcement learning to extract the highly dynamic sensing cost of vehicles, which is fed back to
optimally allocate the sensing tasks for each MOD vehicle. Specifically, targeting the first challenge,
we deploy the Encoder-Decoder Recurrent Neural Network based on dual attentions (including
the spatial attention and the temporal attention) to extract the spatial-temporal correlations of
pick-up earnings, which are then used to learn the sensing cost according to the driving cost model.
Furthermore, through the equivalent problem transformation, we prove that the task allocation
problem has a submodular objective function and a ¢-dependent constraint. Hence, based on the
sub-modularity theory, we propose a near-optimal task allocation algorithm, jointly considering
the total utility and marginal utility. It is proved to achieve a 1/[ 24 cpue/Cmin|-approximation ratio
in polynomial time, where c,., and c,;, represent the maximal and minimal values of the sensing
costs for all the vehicles, respectively. Finally, we exploit two large-scale datasets to evaluate
the performance of the proposed method. One dataset is about 12493 MOD vehicles in Chongqing
City, China, while the other is about 113 million vehicle trips in New York City, America. The
results demonstrate that our method averagely improves the prediction accuracy of pick-up
earnings and the allocation utility of sensing tasks by 25.1% and 37. 7%, respectively, compared
with seven baselines. Moreover, we implement a prototype system for on-road illegal parking
detection, i. e. , leveraging the smartphone sensor (such as camera and GPS) of massive MOD
vehicles to detect the on-road illegal parking events when driving on roads. Based on this system,

we validate the proposed method is feasible and significant in practical applications.
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N 80 Y0, AN 20 JG. T R UK 25 19 43 L T B
R AU A FHLAT a 4 55 B2 S AT 55 20 BC 5
Fot A A HLAAT b AR 555 B mIHLIAAT a 4E: 55, Hi ik
AL s 22 A0 J% 1 B AR T . 4 2 R AR 5 1Y O iR T
RE ™ A2 IS #5 R e (ELRE 2% AH R B R 9 43 TE 7 48 AT
AT W AT 55 7 B VE RE.

(2) He T3 bR 28 45 1Y 43 BO SR . BB — 25 300
b B 30 B AL AR B R By A3 E O 8 CHD arg;gerréax(ﬂ
(SU{lel) —Q(8)) /e.). B IRZ IR W AL R 43 1 L
B PERE AR AL T 5L TR A U 25 Y 43 TC SR W {HRAE
FLoe s OL T PR RE A T RE B 2%, A0, Y WU YR
100 JTRS A ZESE R a Fil b AT 55 A3 4339 2 40 %0 Fi
50% FEBRA9h 20 JCHI 90 JG. BARAMI A 58
a A 55 1Y 3 BRag 4 8 5 T 58 i b AT 55 (B4R A 2
SE b AL S AV RE ARG T A M RE. X2t T AT
Brak #5 1 4 e 5K 0% 7= A2 T 80 JT I I A . B,
MR RR T A I T i PR AR 1Y B0 43 TG AT fE
Pl 35 T R A 55 1 1 B T 2%

M4 b3 43 T, 3 T B A IR 25 119 43 T 5 ek R &R
T PR 153 TE SR A A (] A 3 T A5 1. R
TEA TR 5 2T ENTRIPERE L 5 & A AR ).
I T ER TR 0 R NS A A SRR RS
REARTFN I BR A AT 55 B A 2 BO R0, Bk 1 By
IR A R R 3 B R R L R T RO A
18, BEAE 7E 22 10 5 I |] 52 2% BE N 45 2 2 oA B T A

8 3 AL e A0 M. EL MR M, B0k 1A 2~5 472k TR K
W2 1) 43 T SR % o 00 ik A B B A K AR AR Al 25 HL
W A AR SAF (19 ~ QD I i SR )5 .6 ~9 175 F i
PR A% 4 14 53 TC A W 5 9000 i ak A QIR B8 a5 R AL Bl 43
HLi R 3 (19 ~ QD W f. fe )5, 10~11 171
95 9 o S W %) e A0 A AR A e 2843 L 5 8 3R [

BE L BRI PR AN AR 1 A 5 B AR A3 TR

A BINBA ¢, | VR, B B

it AP BCTT R X= {2 | Vkoj)

L Wtk Si< .8« J, X<{0};

2. WHILE Je € (NXM)/S8,,8 U {e} i B (19) ~

(21),DO
3. "= (S, U {e});

argmax
e: S Ulel i (19~ 2D

4, Si< S U{e }s

5. END WHILE

6. WHILE Je€ (NXM)/S,,S,U {e}iifi £ (19) ~
(21),DO

Q@S U le)) —0(Sy)

argmax 5
e:Sy U{e)ili (19~ 21 Ce

8. S:<8S:U{e }s
9. END WHILE

7. e’ =

10. 8= argmax Q(S);
86151.52,‘
11. % 2, =1,V (£, ) E S;
12. & [ X.
B Ja AT AR 1 B ) 52 2% FE AN B ALk L 15 )
FEHL 2.
EE 2. HE1BEAE ON' M) I [ & 44 B

WAF BRI 1/[ 24 o/ oin | Y IE RN AT SR+ L
HON FIM 23 ) 3R P AU R 55 4 B e A
Conin 73 I R 7S FITAT R A ) B R A B /IMEL

. B REHE O WS, i T4
UCEAUH BN OCNMD A4y Bt 75 58 v 308 4% f A 73 HiE
U7 g I E I R 2 2 08 OCNMD . Ak AR 4
SCHRCAS Tl XF T B A7 F 458 H s ol BOR g~
DA NE SN AL S N & gl
FCRE LR 1/ A+ MR, h THE 1S
R AE AR AL PR AL AR - PRI BE A I T 5 T R Al
i B D00 2 LS. B DL ARG 51 B8] 2. 38006 1m0k
LA /124 o/ o |

5 ETAEHBEENLEITHE
5.1 HMEEMIBTENA

5.1.1 RMUBLR B M4 Kt
TS T 2 O PP B R L A PR e L R



54 o) 5 245 . T R 0 A 27 ~J 1R Ik IO 95 2 S A 55 40 i 927

FHAMEATR W54~ RS B 46 B 14 4T S 30 DA

(1) PT35S SR 1
FEOR BRI MG — > H ik B CR 2y 12493
Wi A4 ,2017/03/01/~2017/03/31) . 4 55 T B IR
M4y 25472 m® (i AL P g Al ok R
R4 ID B E] CGPS i & ol DL KR K/ 25 2R A
BB B RFESR L) 15 s, MAEAE K /Nl 92GB.

(2) 25 [ 21 20 71 8% Bk o0 35 24 s 46 B aie
A8 W Al 29T B R A — AR (R 2017 48D i Ll AT
FEECIR A R, e & M 1. 13 AC R AT AR . B 4%
(/TR OR X i DI = - R a1 1 [ VA N 0
B UL ARk W s
5.1.2 LW BEMSEORE

I DR T AR 0 4 T R IR PN 9 A R A AT S
B PPAL L T AN R (1) X T E BRI 4R L R B R
VLA AR S 52 56 DX 8l o & 2 53 1 43 i 125 4>
X dak (BT KA KN4 2km?) . 3 F AR —4F X
B R — A BB T Z B B OB ) R A
B RS N R AR 3R R X T R 3
B T AT GE A PR R
() P 2K R S L AR BT AR R S R R T E R I A
T RLNAS B B K W g . e o T E T B X
A L 3 ) 7 3 B W e L AR D SRR AR
B 5 (2) X T A 285 2 i B A DI R 73 A
265 A DI H B 25 Ty s RN B s A A B T R
(SR €/

TESE B AL o P 5 KA MOASERNT: 55 BEBL 43
AT T A A XS, BEMLE £ N A28 TR B IR 42
A A A 18 SR H P 4 At AT % 52 B 5 TR R [ X Ja) AR
] 2 5 RGN 55 W B (R DX R SF 6 AR 5 P 4 Bk
NIRRT 55 3 TG &4 0k 1 2 0 IO 9025 T P 2 Ik VA
R IR RT 55 5 LI o 58 AT 55 o IR FY
SIBEML 43 A5 L0, 1] 8% AT 55 A % |) X [a] 35 R
8:00~9:00, 7158 57 o VE ¥ Jah (1% 1sF 18] Jil 194 52 3
10 min, JEHT B AR 2 5L T 52 B A I TR 4 o 2k
FEAR P X (13) TR 3.
5.1.3  PEREVEHr 48 bR A1 SE 50 6T F Ty

ARSCAH] 4 A REVEAT AR AR A4S (1) S
B 25 (MAE) . $8 B B2 2 2] BUNAE 55 B 928 2Z 0] 1
V- o xR 22 F T PR A R T IR A ST B B IR B
T HER 1 5 (2) BRI RS . 48 B I I YR R IR T
B IR BT 55 19 B e » =X (5) iR s (3) AT
55 3 WO I AR 9% . 48 811 & 58 USRI 55 43 id 19
I TA)HE 9% o T T PEAG AT 55 0 0 580 125 1% I ) 52 2% 2

(4) AP AR 3. 18 BBV 4 A LS & 5
IR A SO AR X T Il A CRE A 2% 0 2 ) 1 38
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Background

The CNN News in 2017 reported that “the car’s sensing
data will be more valuable than the car itself”. It is because
the ubiquitous vehicles are equipped with plenty of on-board
sensors, as well as powerful computation and communication
capabilities, that numerous vehicular sensing data are obtainable
for many significant applications, such as self-driving training,
Pothole Patrol detection, and air pollution monitoring.
Moreover, with the increasing number of Mobility-on-
Demand (MOD) vehicles (also called for-hire vehicles, such
as Uber, DiDi, and connected taxis), these MOD vehicles
can not only convey passengers but also conduct vehicular
sensing in cities. For example, a recent report by CNN News
shows that “Uber and Lyft drivers are using their dashboard
cameras in urban sensing for self-driving map construction”.

Given above, leveraging such massive MOD vehicles
with equipped sensors to execute the sensing tasks during
their unoccupied time, is referred to as the MOD Vehicular
CrowdSensing. which gains much attention owing to large-
scale coverage and powerful sensing ability of MOD vehicles.
Its critical research problem is sensing task allocation. i.e. .
how to allocate vehicles to execute sensing tasks so as to
maximize sensing utility within a limited budget. Most of the
existing works neglect the highly spatial-temporal dynamics
of vehicular cost, which is dependent on not only the driving
cost (such as driving distance and time) , but also the pick-up

earnings of MOD vehicles.

In this work, we propose a vehicular sensing task allocation
method empowered by deep reinforcement learning. It learns
the vehicular cost via a deep learning scheme, which is fed
back to optimally allocate sensing tasks in polynomial time.
In specific, we exploit the multi-attention-based Recurrent
Neural Network (RNN) to extract the spatial-temporal
correlations of pick-up revenues, which are used to learn the
sensing cost based on the driving cost model. Furthermore,
through the equivalent problem transformation. we prove
that the problem of task allocation has a submodular objective
function and a ¢-dependent constraint. Hence. based on the
sub-modularity theory, we propose a sub-optimal task allocation
algorithm, jointly considering the whole utilization and the
marginal one. The proofs demonstrate that it achieves a
constant-factor approximation ratio in polynomial time.

The authors have made considerable researches on
vehicular crowdsensing and reinforcement learning, publishing
more than 40 high-quality papers, such as ACM MobiCom,
IEEE INFOCOM, ACM UbiComp, IEEE TMC, IEEE ITS,
IEEE TPDS, IEEE TVT, and IEEE EC. This work is
supported by the National Natural Science Foundations of
China (No. 62172063 and No. 61872447). The opinions,
findings, and conclusions presented in this paper are those of
the authors and do not necessarily reflect the view of the

funding agencies or the government.





