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Abstract:

In the field of construction site, rebar has become one of the indispensable basic materials. At present, in the vast number of
construction sites in China, the existing rebar counting method is that workers count the counted and uncounted rebar one by
one. This process is not only time—consuming and labor—-consuming, but also worker counts rebars for a long time, worker’s
eyes and brain are prone to fatigue,and the counting error will increase". Because the image data of rebar in construction site
is not easy to collect and label, it proposes a rebar detection model based on small data. This model is applied to the rebar
counting application in intelligent construction site. Workers only need to upload the captured rebar image into the model

through the terminal, then they can quickly and accurately get the number of rebar in the image.
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