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Design and Development of Lightweight Mobile WebGIS for “Clearing the Four Chaos”
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Abstract: “Clearing the four chaos” is an important task for the water conservancy industry to strengthen the supervision of rivers and lakes, and

the verification process is more dependent on the on-site implementation of staff. Manual on-site verification has a certain obstacle to this task

with high timeliness requirements. Mobile WebGIS can help solve this problem. The application of mobile WebGIS not only provides real-time

location services, but also makes the program development and deployment more flexible and lightweight, which can play its own advantages in

more industries. We analyzed a case study of development and testing on a lightweight mobile WebGIS single-page application that mainly using

Vue.js and MapBox architecture, examined and demonstrated the feasibility of mobile Apps in “Clearing the four chaos”.
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