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ABSTRACT: In this paper advance a new method to locate the structure’s damage based on BP neural net-
works and D-S evidence theory. The method first use several neural networks trained with different inputs to
identify the damage. Then combine the outputs of each neural network by Dempster-Shafter Evidence The-
ory. But it is considered that the multiple evidences from different neural networks of different importance or
reliability are not equally important when they are combined. So searches for the optimal weighting coeffi-
cients of different evidences using genetic algorithm, then weighted and adjusted the evidences and finally
combined them according to Dempster-Shafter Evidence Theory. The simulation results demonstrate the ex-
cellent performance of this method to decrease the effect of the environment noise and increase the neural

networks identification accuracy.

1 INOTRODUCTION

Many aerospace, civil, and mechanical engineering
systems continue to be used despite aging and the
associated potential for damage accumulation.
Therefore, the ability to monitoring the structural
health of theses systems is becoming increasingly
important from both economic and life-safety view-
points (Sohn, H. et al. 2000). Damage identification
based upon artificial neural networks is one of the
important methods. ANNs are suitable for pattern
classification and natural information processing
tasks. Many damage detection schemes utilize neu-
ral networks to detect, localize, and quantify damage
in structures. Wu et al. (1992) applied the back
propagation neural networks technique to recognize
the locations and extent of individual member dam-
age of a simple three-story frame. Szewczyk & Ha-
jela. (1994) developed a modified counter propaga-
tion neural networks approach for the inverse
mapping between the stiffness of individual struc-
tural elements and global static displacements under
a testing load. Lee et al. (2002) applied the ANN
technique using the modal data to health monitoring
of bridges. Ni et al. (2000) applied the probabilistic
neural networks technigue to identify the damages in
the cable-stayed Ting Kau Bridge from the simula-
tion data.

But the accuracy of traditional neural network
methods is always low because of the impact of

environment noise and the imperfection of the
trained samples. For increasing the accuracy and re-
ducing impact of environment noise, information fu-
sion technique is applied in this paper.

2 BP NEURAL NETWORK

The back-propagation neural network (BPNN)
method developed by D.E. Rumelhart & J.L.
Mcclelland (1986) is the one most commonly used.
This kind of network includes one input layer, one
output layer, and one or more hidden layers defined
by the developer. The Kolmogorov theorem
(Proofed by Hecht-Nielsen, 1987) shows that a
three-layer back-propagation neural network is suf-
ficient to model any arbitrary function. A three-layer
back-propagation neural network with 4 inputs, 3
hidden bias and 4 outputs is shown in Figure 1.
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Figure 1. Three layers back propagation neural network.
The details about the BP neural network can ref-
erence other professional thesis.



3 DEMPESTER-SHAFTER EVIDENCE
THEORY

Dempster—Shafter Evidence Theory is a mathemati-
cal theory of evidence. The seminal work on the
subject is (Shafter, 1976), which is an expansion of
(Dempster, 1967). In a finite discrete space, Demp-
ster-Shafter Evidence Theory can be interpreted as a
generalization of probability theory where probabili-
ties are assigned to sets as opposed to mutually ex-
clusive singletons. In traditional probability theory,
evidence is associated with only one possible event.
In Dempster—Shafter Evidence Theory, evidence can
be associated with multiple possible events, e.g., sets
of events. As a result, evidence in Dempster—Shafter
Evidence Theory can be meaningful at a higher level
of abstraction without having to resort to assump-
tions about the events within the evidential set.
Where the evidence is sufficient enough to permit
the assignment of probabilities to single events, the
Dempster-Shafer model collapses to the traditional
probabilistic formulation. One of the most important
features of Dempster-Shafer Evidence Theory is that
the model is designed to cope with varying levels of
precision regarding the information and no further
assumptions are needed to represent the information.
It also allows for the direct representation of uncer-
tainty of system response where an imprecise input
can be characterized by a set or an interval and the
resulting output is a set or an interval.

There are three important functions in Dempster-
Shafter Evidence theory: the basic probability as-
signment function (m), the belief function (Be/), and
the plausibility function (PJ).

We denote Q the space of hypotheses. Dempster-
Shafter Evidence Theory allows to consider any
subset of Q. In the following the set of the subsets of
Q is denoted 2°. It contains not only single classes
but also any union of classes. The basic probability
assignment (BPA) is a primitive of evidence theory.
Generally speaking, the term “basic probability as-
signment” does not refer to probablllgl in the classi-
cal sense. For any hypothesis A of 2°°, the BPA is a
function m: 2 [0, 1] such that:

m(g)=0 (1)
Zm(A) =1 (@)

From the basic probability assignment, the upper
and lower bounds of an interval can be defined. This
interval contains the precise probability of a set of
interest (in the classical sense) and is bounded by
two non-additive continuous measures called belief
and plausibility. The lower bound belief for set 4 is
defined as the sum of all the basic probability as-
signments of the proper subsets (B) of the set of in-
terest (4) (B<A). The upper bound, Plausibility, is
the sum of all the basic probability assignments of

the sets (B) that intersect the set of interest (4)
(BnA4=J). Formally, for all sets 4 that are elements
of the power set (4€Q).

Be’(A)=B|BZT(B) 3)
Pl(A)zglng"Z(B) 4)

The two measures, belief and plausibility are non-
additive. This can be interpreted as is not required
for the sum of all the belief measures to be 1 and
similarly for the sum of the plausibility measures.

It’s easy to proof that the belief function and the
plausibility function have the following relations.

PI(A)> Bel(A) (5)
The uncertainty of the A can be represented as:

u(A)= PI(A4)- Bel(A) (6)

The interval (Bel (4), PI (4)) called confidence in-
terval, contained much important information about
A. The D-S evidence theory described the uncer-
tainty of 4. The uncertainty of 4 can be described as
Figure 2.
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Figure 2. the description of the 4’s uncertainty.

The measures of evidence (i.e. BPA) can be
combined using Dempster’s rule of combination.
Here two information sources S; and S, are consid-
ered. Let m,;(S;) and my(S>) be basic probability as-
signment given by sources S; and S, respectively.
The combination rule is written as:

Zml >< m2 )
myy (€)= == 7)
Zml X mz ) (8)
S;NS,=¢

Where k represents basic probability mass associ-
ated with conflict. This is determined by the sum-
ming the products of the BPA of all sets where the
intersection is null. (1-k) is used to compensate for
the loss of non-zero probability assignments to non-
intersecting subsets, and ensure that the probability
assignments of resultant BPA also sum to 1.



4 DAMAGE LOCATIONS IDENTIFICATION
PROCEDURES

First use several neural networks trained with differ-
ent inputs to identify the damage. Second, combine
the outputs of each neural network by Dempster-
Shafter Evidence Theory. But it is considered that
the multiple evidences from different neural net-
works of different importance or reliability are not
equally important when they are combined. So
searched for the optimal weighting coefficients of
different evidences using genetic algorithms, then
weighted and adjusted the evidences and finally
combined them according to Dempster-Shafter Evi-
dence theory.

Fitness function (object function) of Genetic Al-
gorithms is set as total accuracy of the identification
results. To find the best or near best weight coeffi-
cients, we need some samples. The role of those
samples is the same as the role of the training sam-
ples in a neural network. The function is shown as
Equation (9). Searches the optimal or near-optimal
n(i=1.2,...... n) to get the best result.

y=flm.n,....n,) (9)

Where y = the total accuracy of the identification re-
sults; 7; = weight coefficients (i=1,2,..., n).

Hypothesis an effective frame of discernment Q =
{4,, A;...... A, U}. U is the uncertainty. Normalize
the outputs of the neural networks and let them satis-
fies the request of the basic probability assignment
function. We can get the BPA of Q. That are m;(4,),
m(U)=0(G=1,2...... m,j=1,2 ... n). n is the
number of the neural networks to discern the Q.

Different neural networks have different weight
coefficients. So the BPA are weighted and adjusted
like Equation (10) and (11).

n_/lj(Ai):mj(Ai)an (10)

n_/lj(U)zl_imj(Ai) (11)

Where 7, = weighting coefficients. And 7€ (0,1), j
=1,2,...... , 1.

The BPA weighted and adjusted still satisfies the
request of BPA. Then can be combined using Demp-
ster’s rule of combination. The process can be
shown as Figure 3.
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Figure3. The process of fusion.

5 NUMERICAL EXAMPLES

To assess the performance of the methods, a finite
element model of 36 beam elements and 37 nodes of
a two spans continue beam was used. The beam di-
mensions are 18000mmx200mmx400mm, Young’s
modulus is 300GPa and density is 7896kg/m®. The
model was shown in Figure 4.
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Figure 4. The beam finite model.

The finite element model of beam is divided into
nine segments so as to easy to locate the damage. 13
damage patterns, including 9 damage patterns
matching one segment of beam damaged and 4 dam-
age patterns corresponding to two segments of beam
damaged mated to 13 outputs of the neural networks.
The damage patterns are shown in Table 1.

So as to get trained samples, 2 damage serials are
produced in different element of the same beam
segment finite element model for every damage pat-
tern. Simulate the damage by reducing 50% stiffness
of beam elements, and get the first six frequencies
and 3 mode shapes. To simulate measurement uncer-
tainties in the estimated modal parameters, the exact
modal parameters, obtained from the analytical mo-
dal with the assumed damage, are perturbed with
noise. More explicitly the estimated modal parame-
ter set 17(n) is constructed such that:

~ &

() =y (Lt 557) (12)
Where y = the exact modal parameter set obtained
from the analytical model; » = normally distributed
random number with zero mean and a variance of
1.0; £=noise level in terms of percentage.

We produced 50 training samples with noise level
of 1% for every damage serials. Every damage pat-
tern has 100 train samples, so there are 1300 train
samples.

5.2 Train the BP neural networks

5.2.1 The first BP neural network (BPNN1)

The ratios of the first 6 natural frequency and first 3
mode shapes between before and after damages were
used as the input to the BPNN1. So the BPNN1 has
30 inputs.



Table 1. The damage patterns

No. 1 2 3 4 5 7 8 9 10 11 12 13
Damage location A B D [ BBF CG DH EF
u d
=L 00w (13)  5:2.3 The third BP neural network (BPNN3)
‘ 1 The stiffness matrix before damage and after dam-

Where £ = ratio of the frequency; £“= frequency
after damage; f.“ = frequency before damage.

MG (14)

" Pij

Where ¢;; = ratio of the mode shape; ¢";; = the
value of jth mode shape at i before damage; ¢";; =
the value of jth mode shape at i after damage.
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Figure 5. The BPNNL1.

5.2.2 The second BP neural network (BPNN2)
Stubbs and Kim (1996) proposed a damage index,
based on the changes in the curvature of the jth
mode at location 7, defined as:

U lo?" (x)f e+ j o (x)]dej' o Fae
,B,-,j = : _ 0 : :
(I [ (f i+ J o) ()f J{ [ () ax

Where ¢’ (xt) and ¢?"(x) are the second deriva-
tives of the jth mode shape corresponding to the un-
damaged and damaged structures, respectively, L is
the length of the structure, a (location i) and 5 (loca-
tion i+1) are the limits of a segment of the structure
where damage is being evaluated. For the purpose of
this paper it was decided to use the following formu-
lation of the damage index method:

(0} + ST | Slo )

1 1 (16)
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1

(15)

Where imax = the maximum order location.

The p;; of the first 3 mode shape as the inputs of
the BPNN2. So have 24 inputs. The structure of
BPNN2 after trained as Figure 6.
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Figure 6. The BPNN2.

age can be expressed as:

KE =3 (o) o} (17)

i=1

n 2 T
K] ~ Z(wid) {¢id }{¢id} (18)
i=1l
Where o = the ith frequency before damage; w;* =
the ith frequency after damage; ¢°= the ith mode
shape before damage; ¢’ = the ith mode shape after
damage. The variance of the stiffness matrix can be
represented as:
u d
Hj — K]J MKJJ (19)
K./'/'
Where 6; = the variance of stiffness at j. Location
corresponding the maximum value of &, is consid-
ered as damage place.
Consider the first 3 frequencies and mode shape,
so the BPNN3 have 8 inputs. The structure of
BPNN3 after trained as Figure 7.

Figure 7. The BPNN3.

5.2.4 The fourth BP neural network (BPNN4)
Composite the inputs of the BPNN1, BPNN2 and
BPNN3, and used as the inputs of BPNN4. So the
BPNN4 have 62 inputs. And also has 1300 train
samples. The BPNN4 are trained to compare with
the effect of combing the BPNN1, BPNN2 and
BPNN3 using Dempster-Shafter Evidence Theory.
The structure of BPNN3 trained as Figure 8.

Figure 8. The BPNN4

5.3 The results

Just like the training data, every damage pattern has
two damage serials, therefore there are 26 damage
serials altogether. In order to consider the effects of
noise to the identification accuracy of the neural net-



Table 2. The test results of each BPNN and the fusion.
BPNN1 BPNN2 BPNN3 BPNN4 Direct fusion ~ Weighted fusion

Noise n* accuracy  n* accuracy n* accuracy n* accuracy n* accuracy n*  accuracy
1.0% 2600 100% 2595  99.81% 2311 88.88% 2581  99.27% 2600  100% 2600  100%
15% 2541  97.73% 2469  94.96% 1929 74.19% 2405 9250% 2571  98.88% 2595  99.81%
20% 2322 89.31% 2278 87.62% 1489 57.27% 2020 77.69% 2471  95.04% 2533  97.42%
25% 1968  75.69% 2006  77.15% 1155 44.42% 1635 62.88% 2232  85.85% 2389  91.88%
3.0% 1651 6350% 1736 66.77% 976 37.54% 1326  51.00% 1962  75.46% 2159  83.04%
35% 1404 54.00% 1482 57.00% 781 30.04% 1111  42.37% 1692  65.08% 1892  72.77%
40% 1171  45.04% 1330 51.15% 661 25.42% 925 35.58% 1489  57.27% 1670  64.23%
Total 13657 75.04% 13896 76.35% 9302 51.11% 12003 65.95% 15017 82.51% 15838 87.02%

* n = the number of identified correctly.

Table 3.  Weight coefficients.

BPNN Weight coefficients
BPNN1 0.98165
BPNN2 0.99725
BPNN3 0.86075

works, we added different noise with seven levels:
1%, 1.5%, 2%, 2.5%, 3%, 3.5%, 4%. 100 test sam-
ples are produced randomly of every noise level.

Then we get: 100X 26 X 7=18200. Every damage
pattern has 2600 test samples, so there are 18200 test
samples in all.

To find the best or near best weight coefficients,
we produce another group of test samples under
noise level of 1%, 2%, 3%. Total is 2600 X 3=7800
samples. The weight coefficients calculated by Ge-
netic Algorithms are shown in Table 3.

Combine the outputs of the BPNN1, BBPNN2,
and BPNN3 use the Dempster-Shafter Evidence
Theory. All the results are shown in Table 2.

Table 2 showed that the noises have great impact
on accuracy of the identification using neural net-
works. And revealed the accuracy is improved dis-
tinctly under every level of noise after fusion. When
weight coefficient is considered in process of fusion,
the accuracy is 87.02%, increased 10.67% compared
with the best one in single BPNN, and enhanced
4.51% compared with the accuracy after fusion
without weight coefficient. And the accuracy of fu-
sion considered the weight coefficient is 64.23% at
noise level of 4%. From the above analysis, the
method of fusion with weight coefficient is the best
way. And can increase the accuracy and reduce the
impact of environment noise greatly.

6 CONCLUSION

In this paper advance a new method to locate the
structure’s damage based on BP neural networks and
Dempster-Shafter Evidence theory. The method first
use several neural networks trained with different
inputs to identify the damage. Then combine the
outputs of each neural network according to Demp-
ster-Shafter Evidence Theory .But it is considered
that the multiple evidence from different neural net-
works of different importance or reliability is not
equally important when they are combined accord-

ing to Dempster-Shafer theory. So searches for the
optimal weighting coefficients of the different evi-
dences using genetic algorithm, then weighted and
adjusted the evidences and finally combined them
according to Dempster-Shafter theory. Taking a two-
span continuous beam for example, considering the
influence of noise, the total accuracy is 87.02% by
the method proposed in this paper, enhances 10.67%
compared with the best one in single neural network.
In conclusion: this method can decrease the effect of
environment noise and improve the identification
accuracy greatly.
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