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Abstract:In UAV-assisted Mobile Crowd Sensing ( MCS, Mobile Crowd Sensing) systems, the challenge lies in the synchronisation
and joint optimisation of the discrete task assignment decision and the continuous task performer’s moving speed, which existing re-
search has proven difficult to address. This paper proposes an E-HPPO-based task allocation algorithm for UAV-assisted MCS to ad-
dress this problem. The proposed methodology involves the establishment of a reinforcement learning model comprising two neural
policy models of discrete and continuous actions. These models are used to represent the discrete action of task allocation decision and
the continuous action of the task performer’s moving speed. Secondly, the H-PPO algorithm is optimised, and the proposed E-HPPO
processes discrete and continuous actions through a hierarchical structure. This structure first generates discrete action task decision se-
quences,and then generates continuous actions based on the results of the discrete action policy network. This reduces the action solu-
tion space and improves the correlation between the two. The experimental results demonstrate that the designed algorithm can effec-
tively handle the relationship between discrete and continuous actions, improve the final perceived benefit of the MCS platform, and
exhibit good stability compared with existing algorithms and schemes.
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Fig.1 Reinforcement learning model based on E-HPPO
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Fig.3 Final perceived benefits at different learning rates
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Fig.5 Comparison of final perceived benefits of MCS
under different algorithms
M B 6 7T, E-HPPO B 3k 7 W SGE B 7 M A B T
DDQN,A3C #1 P-DQN R T B E ML EWSCGEE | E-
HPPO ZEA L5 4 HE T B3R F 2170 7% ~13% . DDQN R
BB EREES Q EMTHREMR T MIE M2, HE W SoE
JEAR R E-HPPO. A3C B3 A BRI R T SiaEt:, B
BRUERE 5P Bl SR B 3% T E-HPPO. P-DQN 7E{R &

1200
1000

gg 800

ﬂi 600

" 400

200

—e—E-HPPO
—-=-P-DQN
——A3C
—&—DDQN

10 15 20 25 30 35 40 45 50
EXHE
B 6 AREETEABERS
Fig.6 Comparison of iteration rounds under different algorithms
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Fig.7 Comparison of final perceived benefits

600ly_ o — o ——o—*

= 500 _’_’_-_’—'f/"_‘ HiEKE
K —e—E-HPPO

400
§ —a—Greedy
300 ——-FWS
200 ‘/\A//A —&—Random
10 50

20 30 40
FEAHLELL/%

B8 RREIEANLL T B A Xt H
Fig.8 Comparison of final perceived benefits for UAV

&l 8 45K, BEE T AN LB AN, - & BRI
B BERT, AEEEFHRBSEREBRRNZRT, TAN
HYFIA BN TR S PATHCER TR A RE ). BT & LA
BHTAEAR TR, RE TEARER BRI RIEENR
SENE , HAEAL R AT 5 I B0 (B R R B A X 55 , B 5L
& SEG 22K TIEA R FWS J7 ik ke, E-HPPO &
WRERLE TAEA R 5T ASLE BRI , 76 4E 540 BE [ 4R
E IR T BER. FHR,E-HPPO B S AERYMS
RRBFRGE IR, A5 BEREns , A 7R K A 28 b
H B L E. #H/% , Greedy L MIE T X4 BIAE 55 59 BI A [EI4R , B
T 2RAKIHE, T Random J5 ¥k i TR Z B ARHE A
AR, S B BUACR B E-HPPO & i3 8 S AT 514k
SRR, T RIET TS TAEARBRELET,
BERATRANEEWE. ZE, SEFERLTANE TEA
BB EE RERER &, RXATRBME R SE5 R
(5 G AiES S

4 F g

AICHRH T —F R A YL BY Y B 3R R A (MCS ) E
S5 BURESR I ET E-HPPO BE 80T T ANLBMRIBYIE 5550
P . ZAERE AL A S BB R P&, SEAFM T
TASHAEIE: sk T 5 MCS T il Y £ 55 BT R
FURA A IR, LI 45 R R W, B-HPPO 3tk 72 R R A
REBRARETERTRERE. QT SETHETANGIA
MCS {£4 52 , SR 2 B AR T 35, A T R MU E die
S PR REMUR B FUE 5 B 2. B MR IR T, A

A RBLR TR AR EEPEER , Jy ARk MCS f£%5 4 Bi iR
HTHRMRTTR. KRR, G RTUEIMBHEERMET F
SEREE I W DA — PR THE S5 S I AR B AL SRR B
BRARRIEE , B TR S 2 IR MR 2 B3R |
PRI F SRR B A RTR I ORI BANBRA R
FERITERESR BLSE R RIB BRI R.

References:

[ 1] Zhao H,Xiao M, Wu J et al. Differentially private unknown worker
recruitment for mobile crowdsensing using multi-armed bandits[ J].
IEEE Transactions on Mobile Computing ,2020,20(9) ;2779-27%4.

[2] Xu Z,Sun H,Han W. Boosting task completion rate for time-sensi-
tive MCS system[J]. Computer Networks,2024 ,251 ;110636 ,doi ;
10.1016/j. comnet. 2024. 110636.

[3] Cai Z,Duan Z,Li W. Exploiting multi-dimensional task diversity in
distributed auctions for mobile crowdsensing[ J]. IEEE Transactions
on Mobile Computing,2020,20(8) :2576-2591.

[4] Wang Z, Zhao J, Hu J, et al. Towards personalized task-oriented
worker recruitment in mobile crowdsensing[ J]. IEEE Transactions
on Mobile Computing,2020,20(5) ;2080-2093.

[5] WuF,Yang S,Zheng Z,et al. Fine-grained user profiling for per-
sonalized task matching in mobile crowdsensing[ J]. IEEE Transac-
tions on Mobile Computing ,2020,20(10) :2961-2976.

[6] Xie Z,Peng T, You W,et al. P2-TaskMP; privacy-preserving task
allocation optimization based on mobility prediction [ J]. Future
Generation Computer Systems, 2025 ; 107720, doi. 10. 1016/j. fu-
ture. 2025. 107720.

[ 7 ] Liu X,Wang Y ,Gao H,et al. A coverage-aware task allocation method
for UAV-assisted mobile crowd sensing[ J]. IEEE Transactions on Ve-
hicular Technology ,2024 ,doi : 10. 1109/ tvt. 2024.3374719.

[ 8] Yang G,Wang B,He X, et al. Competition congestion-aware stable
worker-task matching in mobile crowd sensing [ J]. IEEE Transac-
tions on Network and Service Management ,2021,18(3) :3719-3732.

[9] Dai C,Wang X, Liu K, et al. Stable task assignment for mobile
crowdsensing with budget constraint[ J]. IEEE Transactions on Mo-
bile Computing,2020,20(12) :3439-3452.

[10] Zhou Z,Feng J,Gu B, et al. When mobile crowd sensing meets
uav ; energy-efficient task assignment and route planning [ J ] IEEE
Transactions on Communi cations,2018 ,66(11) :5526-5538.

[11] Xu C,Song W. Intelligent task allocation for mobile crowdsensing
with graph attention network and deep reinforcement learning[J].
IEEE Transactions on Network Science and Engineering,2023,10
(2) :1032-1048.

[12] Cai T,Yang Z,Chen Y et al. Cooperative data sensing and compu-
tation offloading in uav assisted crowdsensing with multi-agent
deep reinforcement learning [ J]. IEEE Transactions on Network
Science and Engineering ,2021,9(5) ;3197-3211.

[13] Dai Z,Liu C H,Han R, et al. Delay sensitive energy-efficient uav
crowdsensing by deep reinforcement learning [ J]. IEEE Transac-
tions on Mobile Computing,2021,22 (4 ) ;2038-2052.

[14] Xiong J, Wang Q, Yang Z, et al. Parametrized deep g-networks
learning . reinforcement learning with discrete-continuous hybrid ac-
tion space[J]. arXiv preprint arXiv.1810. 06394 ,2018.

[15] Delalleau O,Peter M, Alonso E, et al. Discrete and continuous ac-
tion representation for practical fl in video games[J]. arXiv pre-
print arXiv.1912. 11077,2019.

[16] Xiong J, Wang Q, Yang Z, et al. Parametrized deep g-networks
learning . reinforcement learning with discrete-continuous hybrid ac-
tion space[J]. arXiv preprint arXiv.1810. 06394 ,2018.

[17] Fan Z, Su R, Zhang W, et al. Hybrid actor-critic reinforcement
learning in parameterized action space [ J]. arXiv preprint arXiv.
1903. 01344 ,2019.

[18] Li B,Tang H,Zheng Y et al. Hyar;addressing discrete-continuous
action reinforcement learning via hybrid action representation[ J].
arXiv preprint arXiv.2109. 05490,2021.



