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Research on hierarchical identification of structural damage based on
dynamic characteristics by deep belief networks
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Abstract: To identify structural damage efficiently and accurately, a hierarchical identification method of structural
damage based on structural dynamic characteristics and deep belief network is proposed by combining machine
learning with intelligent algorithm, and the damage position and degree are identified in turn. In order to identify
the damage location, a 6-element vector is established by using the first three vertical vibration frequencies of the
structure and the third modal displacement of a single node, and the damage location is identified by using the
6-element vector as input parameters. To identify the damage degree, the first three natural frequencies and modal
displacements of vertical vibration or the 6 nodes modal curvature differences are used as parameters to input the
depth confidence network to identify the damage degree. A simple-supported beam is taken as a model to verify it.
It is shown that the damage position recognition accuracy can reach 100% even if the noise level reaches 10%.
When identifying the damage degree, the deep belief network based on six-node modal curvature difference has

strong noise resistance. The maximum relative error of damage degree prediction is less than 5.08% and the mean
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square error is 0.487 8 under the noise of 15%. Compared with BP neural network, the prediction ability of BP neural
network is better than that of deep belief network when there is no noise. Under the same noise level, the prediction
ability of depth belief network is obviously better than that of BP neural network,, which shows that the hierarchical
identification method of structural damage based on structural dynamic characteristics and deep belief networks has
strong robustness and high accuracy of identification results.
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Fig.2 DBN structure model diagram
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Fig.3 Cross section of No.10 I-beam
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Fig.4 Elements distribution diagram
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Fig.5 Nodes distribution diagram
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Table 1 Labels of damage elements and damage locations

Wiy 3 6 10 14 17
iy (1,0,0,0,0) (0,1,0,0,0) (0,0,1,0,0) (0,0,0,1,0) (0,0,0,0,1)
bR 1 2 3 4 5
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Table 2 Partial sample data

WA X

FEAR RS
— B -y BT S —BEANE RSN SRS
1 9.3617 37.177 83.557 0.88946 0.76841 0.086 96 5
2 9.3864 37.452 84.276 0.89040 0.776 86 0.096 25 5
3 9.3130 37.255 84.704 0.88734 -0.786.00 -0.101 80 4
4 9.3984 37.587 84.639 0.89085 0.78116 0.10094 5
5 9.2589 37.607 83.608 0.886 86 -0.77740 0.09508 3

DL 2 SHEA N, Y FRoRFR%E 5 X RLRYBRTTAT 405, BIER 17 ‘S8 i, i TEUE 2 I E0E 25 57 45
I, Ry G B E W, T AR X #ex0(18) AT I —fbAabEE ™
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Table 3 RBM training parameters
HARUEL e ab HEH ESTE S it T R i AR ITEL RBM JZ4k (Y= UEZPTw A §E|
1000 1 0.01 0.01 Sigmoid 6 1 20

*&4 DBNIlZ%SH
Table 4 DBN training parameters
AU HEAL A ERE S Bk T PR AL i E Pz oo H
1000 1 0.1 0.05 Softmax 5

2.3 ERSS5EH

BT 100 AN UNZRREA T R AT U125, SR 5K 25 AR RE A S A 28 52 V11 5 1 0 4% ] LA A5 39 93 0
{8, 3% 5 PR FMMEFRFEZAEA AT, S04 BATT A B A AR, A 3R i KA L (14 B A A 0 1%
G5 B0 ; IR F R AREAS A S Bt (R, I 2 I 2 SRR A A A, %o b 000 (-5 3000 B {1 3 b 0 235
RIEHE, DI —AFEA R 0], B0 5 A o045 A 45405 1948 543 51 >4 (0.000 19, 0.000 25, 0.000 00,
0.99955) , H1 UL AT H#IBEAS 5 Aot & AR .

TE_ESRREA RS> i AR BRI B B0 E T, DBN Xt T 25 AL A iR B IE R %4 100% .
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Table 5 Prediction results and expected values of some samples

A LUEENE)

FeAe brgs
HIG 1 HIG2 HIG3 HIG4 HIG 5 HIG 1 HIG2 UG 3 Mt 4 HIGS
1 0.00019  0.00025  0.00000  0.00000  0.99955 0 0 0 0 1 5
2 0.00000  0.00000  1.00000  0.00000  0.00000 0 0 1 0 0 3
3 0.00000  0.00003  0.00000  0.99996  0.00000 0 0 0 1 0 4
4 0.00001  0.00008  0.00001  0.99990  0.00000 0 0 0 1 0 4
5 0.00000  0.00000  1.00000  0.00000  0.00000 0 0 1 0 0 3

2.4 MR
FESE bR T AR A T8 R AR AT AT 2532 B A ) T4, S 38 2 1L | DR IR 2348 15 DBN B4Rk
XF T RAEAA 43, T M S AR A 100 A Y1 ZRRE AR I 2% R 47 U 25, 7E 25 AT AR A R D
K (19) FrIRIEG=0(17) W S B g
Z=7(1+eR) (19)
Kb Z2 B 17) 1 6 ASSECE T I B 1 2218 s & SRS K s R SR IXTE][ 0,1 ] Z A B9 BEAILEL
Z RAN IS 5 A SR
FEMEFR R R 10% 8, orf 5 ANEEA ) 0N AE 55 10 28 8 i BLAR BB N 3R 6 e, X F 25 SRR A,
DBN X F 47507 B 0 T 1E 8%k 1009% , 2B 07 16 2R i de bt
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Table 6  Partial predicted values and expected values under 10% noise

) THmE R B
BEAR — — — — — — — — — — brss
TG 1 HIG2 L3 HIt 4 KL 5 I 1 HIE 2 G 3 Mt 4 HIG S
1 0.00016  0.00010  0.00003  0.00000  0.99971 0 0 0 0 1 5
2 0.99952  0.00000  0.00003  0.00000  0.00044 1 0 0 0 0 1
3 0.00000  0.99986  0.00000  0.00012  0.00002 0 1 0 0 0 2
4 0.00019  0.00007  0.00003  0.00000  0.99972 0 0 0 0 1 5
5 0.00000  0.00000  0.00000  1.00000  0.00000 0 0 0 1 0 4
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SRR T LRI 17 025 — W R SRS, Ze0d 2 IR 2215 RN R RS B A5 M4 I RE AR i A S
X A3t X (17) =R (20) s I 20
X=[A6,, AG,, A6, AG,, Ab,, A6, ] (20)
Ao, A0 AR TOLS TR TOLA MR BIR 25 | R AR R I 6 A7 5 R A, th T 7 A9 5 1 B A v
W AN B PR BUT R 6 AN S B A A AR E
RIS (17) M2 (20) FrR SE050 BIVE R 2% i AR, S0 BE A BRI N2 7 FEE 8 TR , FEARARZ Y o
X JIxs 7 8 S PR A R
K 125 DREABEHLI 2R 100 DNYNZREASF 25 AN TINFEA I ZR S 50005 ik 9 F1ER 10 s,
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Table 7 Input and output of network sample data based on formula (17)

WA X
B fimh Y
i ES 7171 g e —OrEESA RS =S AL
1 9.325 37.619 84.134 0.88876 -0.779 80 -0.098 64 14.4
2 9.353 37.624 84.362 0.88958 -0.78083 -0.10007 9.6
3 9.367 37.626 84.469 0.88996 -0.78131 -0.10073 7.2
4 9.375 37.628 84.538 0.89021 -0.78162 -0.10115 5.6
5 9.294 37.613 83.884 0.887 86 -0.778 66 -0.097 07 19.2
x8 ETH(20) MEHAKEWANSHH
Table 8 Input and output of network sample data based on formula (20)
WA X
A iy
PR 1 T2 3 T4 TS THL6
1 0.002 662 0.002 869 —0.009 998 -0.009 963 0.002 891 0.002 869 8.8
2 0.006439 0.006 869 -0.023 887 -0.023963 0.007 002 0.007091 19.0
3 0.003 439 0.003 646 -0.012554 -0.012519 0.003 668 0.003 646 10.8
4 0.005 550 0.005 980 -0.020776 -0.021074 0.006224 0.006 091 17.0
5 0.008 995 0.009 646 —-0.033443 -0.033852 0.010113 0.009 646 25.0
®9 RBMillZ%5H
Table 9 RBM training parameters
LA Heab %A R Byt T BR A N JZEOTEL RBM 24k Y LA ¢S]
1000 1 0.001 0.001 Sigmoid 6 1 30

# 10 DBNil%5#
Table 10 DBN training parameters

ESANY & HEab % EES ey PTG PR 2K i R 2 H
1000 1 0.1 0 Linear 1
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Fig.6 Sample prediction results based on formula (17) Fig.7 Sample prediction results based on formula (20)

LAV 7 HHl 5 ASREAS B BRI S HAR 22 S 01, of B ASCR R A7 ik — 2B U
HIZE 11 Al 1, A (20) 7R i A SR, IO 26 060 12 22 e AN N 0.38% (HERFEA 3 Sh MR IR 22 fe K
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Table 11  Predicted values, expected values and errors of partial samples %
A A WEE Hax iR AHXS R 22
1 22.00 22.00 0.00 -0.00
2 19.07 19.00 0.07 0.39
3 0.58 0.20 0.38 191.05
4 24.10 24.20 -0.10 -0.43
5 12.44 12.40 0.04 0.29
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Fig.8 Sample prediction results based on Fig.9 Predicted values and expected values

formula( 17) in noise condition of DBN in 5% noise condition
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Fig. 10  Predicted values and expected values Fig. 11 Predicted values and expected values
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Table 12 Prediction results of 12% damage degree under different levels of noise ~ %
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Table 13  Prediction results of DBN and BP neural networks
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