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Abstract

With the rapid development of mobile networks and the popularity of mobile devices equipped
with various internal sensors, spatio-temporal crowdsourcing has become an emerging paradigm
for solving location-based sensing tasks. In the existing research, the spatio-temporal crowd-
sourcing system mainly maximizes the utility of the platform. In order to maximize social welfare,
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this paper proposes the Multi-Objective Optimization Task Assignment (MOO-TA) model to max-
imize the utility of the platform and crowds workers. It encourages crowds workers to perform
crowds tasks in remote areas, and expands data coverage. In this paper, the combination algo-
rithm LWS_NSGA_II is proposed, which combines the traditional linear weighted Summation (LWS)
algorithm and the Fast Non-dominated Sorting Genetic Algorithm (NSGA_II) algorithm to search
for all selectable Pareto optimal solutions for multi-objective optimization task assignment prob-
lems for system selection. Through comparison experiments on real data sets, the effectiveness
and feasibility of the proposed method are evaluated.
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Figure 1. The workflow of a spatio-temporal crowdsourcing platform
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