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Points to think in using Deep Learning technologies for
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The true value of civil engineering is building technical systems from limited information subsets and
offering enough efficient facilities for societies. But their selective information is easy to reach silent
knowledge and is large burdens for information share. We think that Deep Learning technologies reach
practical levels. But when their technologies are applied to human oriented original flows, they do not
often reach human levels. On the other hand, if we did not mind original flows, we could extract much
practical information. In this article, we describe essences that we apply Deep Learning technologies to
infrastructure maintenances.
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