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Structural damage identification based on self-training
semi-supervised neural network

QIN Shigiang, YANG Rui, SU Sheng
(School of Civil Engineering and Architecture, Wuhan University of Technology, Wuhan 430070, China)

Abstract: A structural damage recognition framework based on a self-training semi-supervised neural network
(SSNN) is proposed to solve the problem of insufficient labeled data in structural damage identification. The
framework utilizes the multilayer perceptron (MLP) neural network for semi-supervised training by the self-training
method. The data samples with high confidence are selected from the unlabeled data to make pseudo labels,
expanding the training set. Normalized frequency change ratio and damage signature index are employed as input
features of neural networks to identify structural damage. Firstly, the theory fundamentals of semi-supervised
self-training learning are introduced. Secondly, the procedure of structural damage identification based on self-training
semi-supervised learning, including neural network construction, damage characteristic extraction, and classifier
evaluation, is introduced. Finally, the proposed damage identification method is illustrated by numerical simulation
of a spatial truss and experimental data of a three-story frame. The results show that the self-training semi-
supervised method can expand the labeled sample data by selecting samples with higher confidence from unlabeled
data, thus providing sufficient labeled data for damage identification. Under the insufficient labeled data conditions,
the SSNN performs better than MLP. Compared with MLP, SSNN increases the identification accuracy by 4% and

9% under the single and two positions damage locations, respectively.
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Fig. 7 Confusion matrix for two position damages of space truss

w2
v

S6 S7 S8 S9 S10

TR
(b) SSNNJ7:

B4~
20

=10



46 W oE L B 5 T B & 3 44k

P 8 2l 1 AR AR T L K AR FL a4, St Y—
FRHSY 2 A B AR5 T00, SSNN J7 H5 13X 28 T |- YT m A - o
B F1 50 T MLP #2510 F1 2%, 1Bk, SSNN 0.8
D5 R A MLP #2812 7 ik (1 72 F- 24 104009008 0.91 fg 0.6F
10.82, 720 SSNN J7 40 0 1 TR B4 = 04r

23 (MR AR R B BB R B 2 A, 7E 2 N B4 02}
PRl SSNN J7 ik (TR HE R SR AR 5 T MILP 1 22 0.0

SI S2 S3 S4 S5 S6 S7 S8 S9 S10 Z-FHy

25 9% MERT s AR —f BB R4S MLP # P51

25 0 2% 28k B0 5 v P UM HE R 2% (94% ) , SR SSNN 8 ZIEHTSE 2 MIBIRGIRR F1 4%
FEAH 4% B/‘J%/‘%ﬂ( ikF| 98%) . Xl itk . TEAIE &8 . Fig. 8 F1 score for damage detection of
SSNN JiEFEB R R RCRIL T MLP 22 /4%, FE4i space truss with two position damages

P R L, SSNN J7 i ik 1 I 2k B AR D TR A REAS AR I Db 28, 7 08 2845 1 vo RO RE A I L
A EIIN Gt FE | REASHC W 2 A0 BT ST 2, AT S i R A 473 7 ¢

3 XIGIEIE

3.1 iRIasR

G HE T SSNN A5 455 3 T 1 AE SIS R 9 22 B, £ Los Alamos National Laboratory &4 13 J2
HEZRZEAL (RIS B A T ST 0 L 12 3 JEMELRZE M i A0 A 0 R AR a2 M AN I 9 TR, 45 24
M ZE A RSE A 305 mmx305 mmx25 mm , 4 ARFAAE I Z5H R SF 4 177 mmx25 mmx6 mm,

K FH L Bl 25 78 LT 2 W 25 235 4 v Co R 1) it o 10 M 75 5l , 68 P A 8 A g — )23 19 o ol A SR 2
WO MR I, SRAE (] BR 4 3.1 ms , XoF I SR REHR % K 322.58 Hz, A&l 9 FF7R ., X TR R4 i3 45 T, % 3 &
gk i AR Al 5 AT 10 RIRBHIMGR B U RS2 st 6] 25.3 s, 75 20 6 ik 2 i 7 ] P T $2 BORT 334
BEESH.

ARSI Figueredo B A 3 JZHESLAY 3 Rt T00, LABRUE SSNN 5 I A 43473 22 17 P A A 3%
PE,ANZR 3 BRI i 2o el R A Y B SR AR, S PR 4, T i T A48 5 — 2 — R AL R B sl () 25 )
B (3 E1~E3 FoR) . 4% ZHANG 2510 (358 SR i & 2 R i i i . O 5 2 B A —
FE R BE A 87.5% , BIVZ [ KINBE & [AAK 229% (i=1,2,3) ; Q5 Z B PIRE W EE AR 87.5% , BZ R]RIBE & F#AR
44%(i=1,2,3),

®3 IEERMRERG TR
Table 3  Test damage condition of three-story frame

Bt T i BER REARRGE/A
El 1~10 -0.22k, 10
11~20 -0.44k, 10
E2 21~30 -0.22k, 10
31~40 —0.44k, 10
— | E3 41~50 —-0.22k; 10
EH9 3 E*E?&iﬁgﬁ#ﬁﬁ[m 51~60 —-0.44k, 10

Fig. 9 Test layout of three-story frame!™"’
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