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Abstract

Observing the condition of concrete structures and buildings in real time and predicting their future
condition is directly related to the safety of the users of the structure, and it is time to incorporate
monitoring and prediction technology for this purpose. In this study, we proposed anomaly detection using
deep learning and studied a structural damage data prediction method based on LSTM (Long-Short Term
Memory). Three IoT devices were manufactured and installed in the underground common space and
lounge area of the office building. Data was collected for more than a month, and the following three
learning results were confirmed. In the case where the input feature and the same attribute value of the
same device were predicted, very high accuracy was shown, and even when attributes other than the
predicted attribute were learned among the input features obtained from the same device, patterns could be
inferred, although limited. Even when learning with input features of multi devices, predictions were made
with very high accuracy. Anomaly analysis will be possible by using a model created through learning
temperature, humidity, and brightness data and setting a threshold value for the error standard for
prediction.
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[Fig. 1] Schematic diagram of preventive damage diagnosis of IoT-based structures
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[Table 1] IoT sensor configuration for data collection

Module Part Feature

ESP8266 (WiFi)
NodeMCU Micro Controller Memory : 128kBytes
Storage : 4MByte

OLED Display 128 x 64, 12C

40~80T (+0.5T)
0~100%RH (£2%RH)

DHT22 Temperature, Humidity Sensor

CdS Illuminance sensor 10 bits resolution
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[Table 2] Deep learning network composed of LSTM layers
No. Layer type Units
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