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Fig.1 Schematic diagram of a DBN topology

1.2 KEHHIEIZCME

LSTM [ 45 j& — Fh 41 B b 28 N 45, FE A e f)
TR ] AT R T 38 ) AL ok 4 A
B R AR BRI AT A B IR ik
FE b3 R 2 A0 R AE S, 0T AR A b 2 A K
it 77 50 (9 AH S L an T 2 BT

werl wAn mmn @)
Cr ;. —> X CI
AW
WemiEa f
H, , H,

é) DBN#i i FHIEF,

K2 LSTMEARILRE
Fig.2 Schematic diagram of a LSTM basic unit
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Structural damage identification via a deep belief memory network

FANG Sheng-En'*, LIU Yang'
(1.College of Civil Engineering, Fuzhou University, Fuzhou 350108, China;
2.National &. Local Joint Engineering Research Center for Seismic and Disaster Informatization of Civil Engineering ,
Fuzhou University, Fuzhou 350108, China)

Abstract: Extracting sensitive damage features from structural response signals is crucial for damage identification methods based
on pattern classification. To this end, a hybrid network that combines a deep belief networks (DBN) and a long-short term memo-
ry (LSTM) network is proposed through a hybrid learning mechanism to utilize the merits of both networks in the aspects of ex-
tracting high-order abstract features and considering data sequence correlations. First, transmissibility data from response signals
are sequentially input into the DBN to achieve the initial data compression and feature extraction, reducing the redundant informa-
tion in the responses. Then, the extracted feature sequences are input into the LSTM network to consider the correlation between
the different responses for acquiring the relevant sensitive damage features. Finally, a classification layer with the Softmax function
is used to classify the features output by the LSTM network. Thereby, different structural damage patterns can be identified. The
damage identification results on a three-dimensional experimental steel frame demonstrate that the hybrid learning mechanism can
better train the network parameters, and the fine-tuning on the whole hybrid network contributes to the subsequent damage feature
classification. Under the pollution of numerical or measured noises, the hybrid network can still effectively perform the data com-

pression, feature extraction and classification. The various damage scenarios of the experimental frame are well identified.

Key words: damage identification; frame structure; deep belief network; long short-term memory network; hybrid learning

mechanism
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