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Intelligent trash can design based on STM32 machine vision

Abstract: In recent years, with the rapid development of China's society and the
improvement of people's living standards, the per capita resources have been
increasing, which has led to a sharp increase in China's garbage production. At present,
there is a situation that the supervision and binding force of garbage classification in
domestic shopping malls are poor, resulting in insufficient garbage classification in
shopping malls and waste of a large number of recyclable resources. The traditional
label trash cans currently used in shopping malls can no longer bind visitors to put
garbage in, and mall managers cannot know in real time whether each trash can is full
and needs to be cleaned. This paper describes the design of a smart garbage can based
on STM32+OpenMV artificial intelligence recognition and automatic garbage
classification, which can not only automatically classify the garbage put in, thereby
binding the garbage put by tourists in the mall, but also display whether the status of
each garbage can is full in real time on the OneNET cloud platform, which is
convenient for the mall operator to clean up the garbage in the full garbage can in
time.

Keywords: intelligent trash can, artificial intelligence, OpenMV,
OneNET cloud platform
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