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Abstract

With the explosion and continuous maturity of artificial intelligence technology, people are in-
creasingly inclined to use neural networks to solve existing problems. Meanwhile, with the ad-
vancement of urbanization, the process of building demolition and reconstruction has produced a
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large amount of construction waste. The existing construction waste recycling devices have com-
plicated recycling processes and low efficiency, resulting in recycling costs much higher than the
value of the resources themselves, so it is important to explore high-efficiency and low-cost con-
struction waste recycling devices. However, there are almost no proprietary data sets for con-
struction waste, and most of the data are of low quality, which makes it impossible to apply neural
networks to the construction waste field. In order to solve the above problems and improve the
application of neural networks in construction waste, this paper proposes a new construction
waste dataset, the initial dataset is formed by manual collection and cleaning, and then it is ex-
panded with high quality samples by WGAN-GP model to fill the gap of construction waste dataset.
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Figure 1. Overall framework of the model
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Figure 2. Sample images generated based on each garbage category
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