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A Study on Damage Detection Method using Acceleration-Mode
Shape based Neural Networks

Yong-Hwan Lee

Department of Ocean Engineering, Graduate School.
Pukyong National University

ABSTRACT

Structure health monitoring (SHM) has become an important research topic
in order to secure the safety of infra-structures. Recently, artificial neural
network (ANN) have been increasingly utilized for SHM due to the advantage
that it needs only a few training data to detect damage in structures. The
purpose of this study is to develop a ANN-based damage detection algorithm
using acceleration and mode shape as the inputs. The following approaches are
used to achieve the research goal. Firstly, an ANN algorithm using acceleration
data is newly designed to detect the occurrence of damage in real time. The
cross—correlation values of acceleration responses are acquired as the features
representing the state of the structure. Also, it is trained for several loading
patterns, loading durations, and damage locations in the structure for which its
loading levels are not measured. Secondly, another ANN algorithm using mode
shape data are designed to locate and estimate severity of damage. It is trained
for several damage locations and severities using eigenvalue analyses,

The feasibility and the practicality of the proposed damage detection
method are evaluated from both numerical tests on simply supported beams
and laboratory experiments on free-free beams for which a series of
acceleration responses were measured and a few mode shapes were
identified. It is shown that the proposed method could alarm the occurrence,
the location, and the severity of damage in the test structures.
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sk &4 AU eE 249 e tatd Zhzh 5%, 10%, 15%, 20%9 &4
& 29z HEeQr) o9 gL Wyoz EF &4 g Y2 Table 42
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Table 4.1 Single Damage Scenario for Training Neural Networks

Pattern | Damaged Element | AEI/EI (%) | Pattern | Damaged Element | AEVEI (%)
1 - - 18 1 15
2 1 5 19 3 15
3 3 5 20 5 15
4 5 5 21 7 15
5 7 5 22 9 15
6 9 5 23 11 15
7 11 5 24 13 15
8 13 5 25 15 15
9 15 5 26 1 20
10 1 10 27 3 20
11 3 10 28 5 20
12 5 10 29 7 20
13 7 10 30 9 20
14 9 10 31 11 20
15 11 10 32 13 20
16 13 10 33 15 20
17 15 10

Table 4.2 Multi Damage Scenario for Training Neural Networks
Pattern | Damaged Elements|AEI/EI (%)| Pattern | Damaged Elements | AEI/EI (%)
1 1, 3 5, 20 15 5 9 15, 15
2 1, 5 10, 5 16 5, 11 20, 15
3 1, 7 15, 10 17 5, 13 10, 15
4 1, 9 20, 15 18 5, 15 15, 10
5 1, 11 20, 5 19 7,9 15, 15
6 1, 13 5, 10 20 7, 11 5, 20
7 1, 15 10, 10 21 7, 13 10, 10
8 3, 5 5, 20 22 7, 15 20, 15
9 3, 7 10, 5 23 9, 11 5, 5
10 3, 9 15, 10 24 9, 13 10, 5
11 3, 11 20, 10 25 9, 15 20, 20
12 3, 13 5 5 26 11, 13 10, 20
13 3, 15 15, 5 27 11, 15 15, 5
14 5 7 10, 10 28 13, 15 20, 15
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Table 4.3 Impulse Excitation Conditions for Acceleration based Neural Networks Training

Pulse Intensit Pulse Duration
Case Pulse Shape (percent per self—v};ight) (sec)
1 Triangular Pulse- | 1% 0 - 0.01
2 Triangular Pulse- I 1% 0 - 0.008
3 Triangular Pulse-1I 1% 0 - 0012
4 Triangular Pulse-IV 1% 0 - 0.015
5 Right Triangular Pulse 1% 0 - 001
6 Rectangular Pulse- | 1% 0 - 001
7 Rectangular Pulse-1II 1% 0.005 - 0.015
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weight 1% p-------~ weight 1% ---------

T = 0.01sec T = 0.008sec
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F 3
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(g) Rectangular Pulse-1I
Fig. 4.4 Impulse Excitation Configuration
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output 1.0099 1.0000 0.9964 1.0000
element 9 10 11 12
output 0.8949 1.0000 1.0110 1.0000
element 13 14 15 16
output 0.9935 1.0000 0.9961 1.0000
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Fig. 4.24 Damage Detection Result of Multi Damage
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Table 46 Damage Detection Result of Multi Damage

element 1 2 3 4
output 0.9838 1.0000 0.9601 1.0000
element 5 6 7 8
output 1.0100 1.0000 0.9964 1.0000
element 9 10 11 12
output 0.8464 1.0000 0.9992 1.0000
element 13 14 15 16
output 0.9935 1.0000 0.9961 1.0000
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Fig. 5.2 Experiment set up and Damage
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Table 5.3 Single Damage Scenario for Training Neural Networks
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Damaged | AEI/E] Damaged | AEI/EL Damaged | AEVEI Damaged | AEI/El
Pattern Element| (%) Pattern Element | (%) Pattern Element| (%) Pattern Element| (%)
1 - - 17 4 20 33 8 30 49 12 40
2 1 10 18 5 20 34 9 30 50 1 50
3 2 10 19 6 20 35 10 30 51 2 50
4 3 10 20 7 20 36 11 30 52 3 50
5 4 10 21 8 20 37 12 30 53 4 50
6 5 10 22 9 20 38 1 40 54 5 50
7 6 10 23 10 20 39 2 40 55 6 50
8 7 10 24 11 20 40 3 40 56 7 50
9 8 10 25 12 20 41 4 40 57 8 50
10 9 10 26 1 30 42 5 40 58 9 50
11 10 10 27 2 30 43 6 40 59 10 50
12 11 10 28 3 30 44 7 40 60 11 50
13 12 10 29 4 30 45 3 40 61 12 50
14 1 20 30 5 30 46 9 40
15 2 20 31 6 30 47 10 40
16 3 20 32 7 30 48 11 40

_35_.



Table 54 Multi Damage Scenario for Training Neural Networks

Pattern | Damaged Elements | AEI/EI (%)| Pattern | Damaged Elements | AEI/EI (%)
1 1, 2 10, 10 34 4, 8 50, 10
2 1, 3 20, 20 35 4, 9 10, 40
3 1, 4 30, 10 36 4, 10 20, 40
4 1, 5 40, 10 37 4, 11 30, 30
5 1, 6 50, 50 38 4, 12 40, 40
6 1, 7 10, 30 39 5, 6 50, 40
7 1, 8 20, 40 40 5,7 10, 50
8 1, 9 30, 10 41 5 8 20, 50
9 1, 10 40, 20 42 5, 9 30, 50
10 1, 11 50, 50 43 5, 10 40, 50
11 1, 12 10, 20 44 5, 11 50, 20
12 2,3 20, 30 45 5, 12 10, 50
13 2, 4 30, 50 46 6, 7 30, 10
14 2,5 40, 20 47 6, 8 10, 10
15 2,6 50, 20 48 6, 9 20, 20
16 2,7 10, 20 49 6, 10 30, 10
17 2, 8 20, 30 50 6, 11 50, 10
18 2,9 30, 20 51 6, 12 50, 50
19 2, 10 40, 10 52 7, 8 20, 20
20 2, 11 50, 10 53 7,9 30, 10
21 2, 12 20, 50 54 7, 10 40, 20
22 3, 4 10, 20 55 7, 11 50, 50
23 3, 5 30, 30 56 7, 12 10, 30
24 3, 6 40, 40 57 8, 9 30, 30
25 3, 7 50, 10 58 8, 10 40, 30
26 3, 8 10, 20 59 8, 11 50, 40
27 3, 9 20, 30 60 8, 12 30, 10
28 3, 10 30, 30 61 9, 10 40, 40
29 3, 11 40, 40 62 9, 11 50, 30
30 3, 12 50, 30 63 9, 12 10, 20
31 4, 5 20, 40 64 10, 11 50, 20
32 4, 6 30, 10 65 10, 12 40, 30
33 4, 7 40, 40 66 11, 12 10, 50

AEE lw AFT e AW fPas wde] ASE AEAS A2

Fig. 550 Wehlidn. T2doA vebd nkeh 2ol 7x2E9 0ILAA FF 8

FTE FAL, FEREF9 03214L6GH HA), 05LTH A AN JtEE A
3E FHE53HY. AEy Fu4E 000HzE gL, & 845071 ¢ 714 % dHol
2 #A53A.
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Table 5.5 Impulse Excitation Conditions for Acceleration based Neural Networks Training

Pulse Intensity Pulse Duration
Case Pulse Shape (percent per self-wight) (sec)
1 Triangular Pulse 5% 0 - 001
2 Right Triangular Pulse 5% 0-001
3 Rectangular Pulse- I 5% 0-001
4 Rectangular Pulse-1I 5% 0.005 - 0.015
¥ ¥ 3
weight 5% F--------- weight 5%
T = 0.01sec T = 0.01sec
(a) Triangular Pulse (b) Right Triangular Pulse
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(¢c) Rectangular Pulse- I (d) Rectangular Pulse-II
Fig. 5.6 Excitation Scenario
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Fig. 5.10 A Process of Acceleration based Neural Networks Training
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(a) Damage Index using Four Excitations (b) Damage Index using Tri. and Rect. Pulse
Fig. 5.15 Damage Index of Damage Case - 1
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Fig. 5.16 Damage Detection Result of Damage Case - II
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(a) Damage Index using Four Excitations (b) Damage Index using Tri. and Rect. Pulse
Fig. 5.19 Damage Index of Damage Case - I

(4) £33 4 : Damage Case-IV
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Fig. 5.22 Damage Detection Result of Damage Case- |
(2) €373 4 : Damage Case-1I
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Fig. 5.24 Damage Detection Result of Damage Case-1I
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Table 56 Accuracy of Damage Detection using Acceleration based Neural Networks

Inflicted Damage Predicted Damage Prediction Accuracy
D Location Location
AMABe!  Location Severity (Element No.) Error (%)
8¢ | Blement No)! (1) | Using | Tri.and | Using | Tri. and
| 4 Pulses | Rect. Pulse | 4 Pulses | Rect. Pulse
1 6 . 025 6 6 0 0
2 6 0.5 6 1 0 41.67
3 6, 12 Oo 0.25 6, 1 7, - 8.3, 91.67 0, 100
4 6,12 | 05 05 -, 10 8, 12 100, 16.67 | 16.67, 0
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Table 5.7 Accuracy of Damage Location Detection using Mode Shape based Neural Networks

Damage Inflicted Damage Predicted Damage | Prediction Accuracy
Location Size Location .
Case Location Error (%)
(Element No) | (@&H) (Element No.)

1 6 ] 0.25 6 0
2 6 05 6 0
3 6, 1 0.5, 0.25 6, 11 0, 833
4 6, 12 05, 05 6, 12 0,0

Table 5.8 Result of Damage Extent Assessment using Mode Shape based Neural Networks

Damage Damage size of | Damage Extent Result | Damage size of | Damage Extent Result
Case Element-6 of Element-6 Element—lZ of Element-12
(a/H) (%) (a/H) (%)
1 0.25 9 - -
2 05 265 - -
3 05 31.2 0.25 239
4 0.5 299 05 50.5
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