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Abstract

In the platform-centric task allocation method, the MCS platform collects information such as
real-time location, historical movement trajectory, and social relationship of the user for centra-
lized processing, and assigns multiple tasks to users, so as to optimize targets such as minimizing
perceived time and minimizing perceived cost. The conventional method does not focus on the
user’s willingness to execute. The distribution scheme which is contrary to the user’s will and the
disclosure of a large amount of private information are not conducive to maintaining the
long-term participation level of users. Therefore, a task path allocation method PtrNet-TA based
on the user’s intention is proposed, and a seq2seq pointer network model is trained on the user
mobile terminal through local history sensing data, and the to-be-perceived task set provided by
the cloud server is input as an input during task assignment. The local pointer network model is
passed in to output a task path that matches the user’s wishes to the corresponding user. Simula-
tion experiments show that PtrNet-TA is better than the benchmark method using LSTM model
and LSTM + Attention model.
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Figure 1. Task allocation model of typical crowd sensing
1. REERMES SRR

DOI: 10.12677/csa.2021.117199 1943 TR 5 R H


https://doi.org/10.12677/csa.2021.117199

JHO

B

48

PtrNet-TA H5 R 5 AR B R 28 Gt P (N4 55 70 FO R DR 2= i #0828 38 1 640 R (RS 2l o R k44
J A B S REE A RE AR SR ZR— DI TR BT AR 1A 55 P 1) A pli i A

£ PrNet-TA IN IR, Hais k& FUEAPF G R AT RRES, TR ERME S B a5
o R AT LR BRI P BORS Bl e 8 R A0 1S Bl S fg IR 5515 B NS AR AR BN SRR B a4t 45 [14], A
MAERS B A2 AT & P IR 55 PP A BU 4 X RO P o PtrNet-TA BB EAA I 5] 2 fios.

HRERAEE F P
HAER
TRAUES S
Pointer
%Z?Eﬁ%jkﬁ Network

BBRAMES RS O O O

@ @ 155751

Figure 2. Task allocation model of PtrNet-TA crowd sensing
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Figure 3. Network structure of PtrNet sequence generation model
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