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Abstract: A structure damage identification network model ( E-DenseNet ) that combines empirical mode
decomposition ( EMD) and densely connected convolutional network ( DenseNet) is proposed. The collected
acceleration signals undergo EMD to obtain multiple intrinsic mode function (IMF) components, and then the
weakly correlated IMF components with small absolute values of Pearson correlation coefficients are removed.
According to the organization of the input data, three types of E-DenseNet models are set. E-DenseNetl reconstructs
the signal using strongly correlated IMF components to establish one-dimensional single-channel input data.
E-DenseNet2 treats each strongly correlated IMF component as a channel to establish one-dimensional multi-channel
input data. E-DenseNet3 uses all strongly correlated IMF components to form a two-dimensional matrix to establish
two-dimensional single-channel input data. The numerical analysis of a simply supported beam shows that:
E-DenseNetl runs quickly with poor damage detection accuracy. E-DenseNet2 is computationally efficient with high
damage detection accuracy. E-DenseNet3 provides good damage detection results but is time-consuming. Compared

with one-dimensional multi-channel residual convolutional neural network ( ResNet) and standard convolutional
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neural network (CNN) , E-DenseNet2 performs much better in damage detection accuracy. It is thus concluded that
E-DenseNet2 ensures both the computational efficiency and the damage detection accuracy. The visualization
analysis of E-DenseNet2 exhibits its damage detection process that for different samples of the same damage
scenario, a deeper layer outputs more similar features until the fully connected layer provides the most similar
output features.

Key words: damage detection; neural network ; dynamic test; sensitivity analysis; empirical mode decomposition
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Fig.1 Diagram of a four-layer densely connected block (£=3)
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Fig.3 Illustration of the E-DensNet model architecture

VLA AP 0 07 5 P 0 A B WS 1) [ )23 P i o o i, I R 455 0 PR tan b A 434 1 2ok SR ]
F3HE, tanh BRECRYTTHEA KN
tanh(x) = (e —e™) /(e +e ™) (5)
.« A tanh BRBUVE A ; tanh (x) T340 F2 B
K I T3 1R 25 (MSE) VE R4 2 sR A, PR AT 2t T0000 F) 8 405 1) et 5 B SEAR 8 1) 25 S AR B [ 2y ke ik
A TERUR RECTIMA—AS L2 IEMETI A XALE SHGHEATAETT . AR SCR A 350E R 0.000 2, XT3 45 25 bR
loss (7.0 = - X (5 =) + Al |} (6)

P loss(y,y) ABURAE; w WAEFERE; n HYIGREEA KR . b SR HTZMEAR 5C R0 R R A B {45
FAHZ B A VERCRE L R (T 0~ 1 ZIH) . BAARE, MSE {EB/N (R {EHR, AR 4 PE RE B 4

3 HEWIE

3.1 gk

B 1.6 m BT S T 3 B A AT, A&l 4 s . BRSPS 206 GPa %5 B R 7850 kg/m” |
AL 0.3, RIS 11 35 20 10 MR BEASE TG, SR BB/ INH R A 8 SR AR i 1) KRB
BTG, LA AL O T AR AL 25 BhG TACANEE 1 TR, AE 5 S S0 MRS RN, R R

MEE N 300 N ARifEZEN 30 N BYIEZS 04 o SO R 400 s, RAEHIHR N 50 Hzo M S 5757 sl UG RO
L TR I 7 50 R JE AR AR D A
1600 100
160 |, 160 |, 160 | 160 | 160 | 160 | 160 | 160 | 160 | 160 464@46
T 1T 1T T T T T, 4
» 2o 6l el e 0o jgg
2 3 4 5 6 7 8 9 o1 - Hfi7: mm
(a) WISTREICRIS (b) TFRmiRf

4 EEXIFE
Fig.4 A simply supported I-beam



5 3 1 WO A BT R B 2 I 2% A Z R ) 65

x1 HRGIRKE

Table 1 Damage condition setting

TS s BRI TS s BRI THS AT Bl
1 — — 10 5 0.045 19 9 0.285
2 1 0.075 11 5 0.300 20 10 0.120
3 1 0.21 12 6 0.150 21 10 0.195
4 2 0.135 13 6 0.165 22 3,6 0.150,0.165
5 2 0.27 14 7 0.060 23 5,7 0.30,0.06
6 3 0.015 15 7 0.255 24 1,3,5 0.075,0.180,0.300
7 3 0.18 16 8 0.090 25 3,6,9 0.180,0.150,0.285
8 4 0.105 17 8 0.225
9 4 0.240 18 9 0.030
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Table 2 Hyperparameter settings for E-DenseNet

E-DenseNetl E-DenseNet2 E-DenseNet3
SEHZ IR .
S it R S i R
1#ERZ 50%1ConvlD,strides=(20,1) 100x24 50x1Conv2D, strides=(20,1) 100x8x24
. 1x1ConvlD 1x1Conv2D
BRAE e b
BRI R [IOXIConle] x6 10096 [IOXZConVZD] X6 100896
. 1x1ConvlD 100x48 1x1Conv2D 100x8x48
145 )2
5% 1Maxpooling, strides=(5,1) 20x48 5x 1 Maxpooling, strides=(5,2) 20x4x48
1x1ConvlD 1x1Conv2D
A o
WERIE SR [IOXICOHVID] x6 20x120 [10><2C0nv2D] X6 20x4x120
. 1x1ConvlD 20x60 1x1Conv2D 20x4x60
245 )=
5% 1Maxpooling, strides=(5,1) 4x60 5% 1Maxpooling, strides=(5,2) 4x1x60
A 1x1ConvlD 1x1Conv2D
SRR [4><1Conle] x6 4x132 [4X2Conv2D] x6 Axlx132
B 4x1Globalavepooling 1x132 4x1Globalavepooling 1x1x132
Hiw=
10x 1fullyconnected , tan h 10 10x 1fullyconnected , tanh 10

S PPA X 45 AR A YN Ak R 4 LU A9 R A3 B i BOH e 4R (SO 2R E 2 51 25 ) 3 ARl L3l 25
500 4~ epoch, 3 Adam AL 3 , WIHRF ) FBEE A 0.001, IR FH BB B D8 SR s, T8 500 0.95, 445
U5 AL 7E TensorFlow 355 N k47,
3.3 HHER

PLTH 15(7 S 5IG 25.5%$1407) Rl , 2% JEH AN BEAIL 5 B 30 E S RE AR, DenseNet (R R UG (5 5 7EN
iy N ) (E-DenseNetl ~3 A4 - 5 45 R E 6 B, i B AT, TGig & 5 % [& A5 52, E-DenseNet2
F1 E-DenseNet3 4 A] i A 2 51 651 405 07 B, Hog 5 5 25 R 4R 7 ik 552 {H, Ho, E-DenseNet2 7£ JG M |
10 dBFI1 5 dB M7 15 1 R B4 405 3 S0 AE 23 91l 25.683% . 25.762% 24.934% , i E-DenseNet3 W] 43 51 Jy
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Fig.6 Damage detection results of DenseNet and E-Densenetl, E-DenseNet2, E-DenseNet3( Case 15)
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Table 3 Evaluation results of E-DenseNet and DenseNet

RIS A B A RE MSE BAZEREA TN /ms
DenseNet JCME 0.4944 2.00x1073 1.0
SNR=10 dB 0.4964 2.00x1073
SNR=5 dB 0.4620 2.20x1073
E-DenseNet1 oM 0.9451 1.48x107* 1.0
SNR=10 dB 0.9009 2.98x107
SNR=5 dB 0.8631 4.02x107
E-DenseNet2 JeME 0.9986 5.32x107¢ 1.3
SNR=10 dB 0.9923 2.51x107°
SNR=5 dB 0.9896 2.96x107°
E-DenseNet3 oM A 0.9989 8.84x107° 12
SNR=10 dB 0.9881 3.05%107°
SNR=5 dB 0.9763 6.51x107°
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Fig.7 Changing trend of MSE in training Fig.8 Damage detection results of DenseNet2,
set and test set ResNet and CNN ( Case 5)
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Table 4 Evaluation results of the three models

RIS S EE Y] R1H MSE PAREA I/ ms

E-DenseNet2 TolE s 0.998 60 5.32x107° 1.3
SNR=10 dB 0.99230 2.51x107°
SNR=5 dB 0.989 60 2.96x107°

ResNet ToME s 0.91420 3.31x107* 1.0
SNR=10 dB 0.89270 3.46x107*
SNR=5 dB 0.85320 4.03x107

CNN T 0.444 80 2.20x1073 2.0
SNR=10 dB 0.04574 2.10x1073
SNR=5 dB 0.41240 2.32x1073
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Fig.9 Randomly selected 1D multi-channel input data (IMFs)
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Fig. 10  The last convolutional layer features output of the first densely connected block
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