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ABSTRACT: Since civil structures degrade with time, their properties are changing from their construction
leading to unavoidable uncertainties coupled with difficulties to model analytically their inherent nonlinearities.
Detecting eventual damages or anomalies in structural properties appears thus as a daunting task using conven-
tiona analysis tools. Therefore, artificial neural networks represent a fair alternative to deal with such prob-
lems. A neural network-based approach is using directly measured dynamic responses is proposed to model the
structure and, detect, locate and evaluate eventual damages that may occur in the structure. Detection is per-
formed through the comparison of reconstructed restoring force loops and corresponding stiffness time histo-
ries for different stiffness degradation cases. Applications of the proposed ANN scheme on both shear building
and seismicaly isolated bridge demonstrated the efficiency and accuracy of diagnosis. The proposed technique
is believed to support further development in structura health monitoring using innovative measuring devices

like MEM S-based sensors and wireless communication technologies.

1 INTRODUCTION

Implementing accurate model of civil structures for
analysis and damage detection purposes represents a
daunting task because of unavoidable uncertainties
and nonlinearities present in such structures. In addi-
tion, structura properties continuously change or
degrade since the construction stage and all aong the
service life of the structures due to natural or man-
made hazards as well as successve repair and
strengthening works, which make the modeling task
more difficult. Following, detecting eventual dam-
ages or anomalies in civil structures appears to be
delicate using conventional anaysis or theoretica
tools.

In view of such difficulties, the adaptability and
robustness of artificial neural networks are promising
for applications in civil engineering domain. A large
amount of literature and researches had aready been
devoted to the application of neura networks in the
field of system identification and structural control.
Among them, Masri et a. (1987a, b, 1992, 2000) ex-
plored the potentiad of using parallel distributed
processing approaches to identify the internal forces
of structure-unknown nonlinear dynamic systems.
Conte et a. (1995) used neura networks to predict
and simulate responses of linear structures. Chen et
al. (1995) and, Kim et a. (2001) among others, in-
vestigated neura network-based procedures for the
identification and control of dynamic structures.

More recently, Hung et a. (2002) detected struc-
tural damage using the optima weights of the ap-
proximating neural networks. The work aim to over-
come the difficulties encountered in understanding
the relation between the physical properties of the
identified system and the weights of the trained net-
works, pointed out formerly by Masri et al. (2000),
by introducing the partial derivative form of the net-
works. Kao et a. (2003) and Xu et a. (2003) also
tried to apply neural networks for structural health
monitoring purpose.

However, most of these studies failed to propose
a satisfactory solution to the problem induced by the
congtitution of the architecture of the implemented
networks. Moreover, most of them use predefined
damage patterns to train the networks or use the
weights of the networks to identify the structural
properties of the structure at hand. The problem in
such case is the poor reliability of the diagnosis since
failure modes are by nature unpredictable and trained
networks are not unique.

Need is thus to propose an approach that frees us
from defining any damage pattern in advance and
that eases the implementation of the networks with-
out being disturbed by the selection of the architec-
ture of the networks.

This study intends to provide an approach satisfy-
ing these requirements by reducing the size and sim-
plifying as possible the architecture of the approxi-
mating networks.



2 PROPOSED NEURAL NETWORK-BASED
DAMAGE DETECTION APPROACH

Focus is done on damage detection of structures sub-
ject to seismic ground motion. Assumption is done
that ground motion accelerations and acceleration of
each major degree-of-freedom are measured in the
system.

The dynamic characteristics of a structural system
can be used to confirm the quality of construction re-
gard to the origina design, improve the analytical
model of the system or monitor eventua anomalies
that may occur in the structure. The proposed ap-
proach attempts thus to identify and localizes dam-
ages through the direct use of measured dynamic re-
sponses, which are the measured accelerations at
each mgor node of the system and the ground mo-
tion (Choo, 2003).

The concept of damage or health is meaningless
without a comparison between two different states of
the system at hand, one of which being assumed to
represent the initial or healthy state of the structure.
Accordingly, the proposed agorithm begins by con-
structing a model of the healthy structure and a
model representing the actual and eventually dam-
aged structure. All the networks implemented in this
study are feedforward, multilayered networks using
backpropagation algorithm.

After the modeling process, the stiffness of each
of the congtitutive structural elements is selected to
identify the state of the structure. Changes in the
stiffness indicate thus damage in the structure. The
proposed agorithm processes by neuro-computing
the acceleration, velocity and displacement responses
of the system step-by-step through integration-like
operations.

Note that for the training process of the networks,
initial values are assumed to be known from design.
It has been seen further that modeling errors do not
affect the accuracy of the diagnosis (Choo, 2003).

Once the acceleration, velocity and displacement
responses of the system are obtained through neural
operations, these values are fed to another network
which computes the stiffness as well as the restoring
force of each of the structural member. Through this
process, the restoring force loops and giffness time
histories of the members can be obtained using very
simplified networks.

Thereafter, the restoring force loops obtained for
both reference and actual states of the structure at
hand are compared so as to identify the presence, se-
verity and location of damages.

The overall process is subdivided into training
stage and detection stage, as illustrated schematically
in Fig. 1. This methodology enables to detect simply
changes in the system through the observation of the
output error produced by the trained networks. It
provides an appropriately sensitive measure of the er-
ror that can be identified. One of the main issues of

interest relies thus in the quantification of the
changes in the neurd network’s output with respect
to the changes of the parameters in the physica sys-
tem.
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Figure 1. Schematic diagram of the proposed damage detec-
tion algorithm.

This step-by-step scheme permits to reduce the
Sze of the implemented networks with simple archi-
tecture and a very small number of training data sets.
The restoring force of each structurad member is
computed easily via simple neura network using the
acceleration, velocity and displacement responses
output by the emulator networks fed with ground
motion accelerations. This constitutes the first phase
of the process and corresponds to the upper part of
Fig. 1.

The second phase consists of computing the ac-
tual state of the structure using the measured accel-
eration responses, which produce the actual restoring
force of each structura member. This phase corre-
sponds to the lower part of Fig. 1.

The comparison of the expected and recon-
sructed restoring force loops for each structural
member at each time step gives information about the
location of eventual damages, as shown in Fig. 2 for
a linear structure. The loops are then used to com-
pute the corresponding tangentia stiffness time histo-
ries.
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Figure 2. Example of comparison of restoring force loops and
stiffness produced by the proposed damage detection approach.

In order to illustrate the proposed approach, ap-
plications will be presented for both linear and
nonlinear structures subjected to seismic loading.



3 APPLICATION OF THE PROPOSED
DAMAGE DETECTION ALGORITHM

Due to the lack of experimenta data, numerica
analysis is performed to generate the database that
will be used for the training of the networks and for
damage detection.

Table 1. Considered seismic load cases.

Load case  Earthquake Dt (sec) Duration (sec)
1 Taft 54.4
2 El Centro 31.2
3 Tokyo 0.02 114
4 Hachinohe 36.0

The seismic load cases considered for both appli-
cations are summarized in Table 1 and plotted in Fig.
3. The load cases, scaled down to 0.154g, have been
selected for generalization purpose since they exhibit
different durations of strong motion and different
frequency contents.
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F|gure 3. Considered load cases and correspondlng frequency
contents.

3.1 Damage detection in a multi-storey shear
building subject to seismic load

The first application consists of a classical linear 5-
storey shear building of which structura parameters
are listed in Table 2. Rayleigh damping is assumed
for the structure.

Table 2. Structural parameters of the shear building structure.

Floor 1 2 3 4 5
Mass (ton) 25 20 20 18 15
Stiffness (kN/m) 5,000 4,000 4,000 3,000 3,000

The idea underlying the proposed procedure is to
extract the interstorey drift—restoring force relation
from measured data so as to evaluate the actual state
of the structure. To that goal, the proposed neura
model begins by computing the acceleration re-
sponses for each floor from which the corresponding

velocity and displacement responses are computed
step-by-step. For each sampling interval, the neuro-
obtained responses are fed as input in the restoring
force-emulator network to provide the desired in-
terstorey drift—restoring force loops for each struc-
tural element. This process furnishes the reference of
the structure to be used further for damage detection
purpose.

3.1.1 Training of the networks

The inputs of the learning sets used to train the ac-
celeration-emulator network are constituted by 4
successive ground accelerations from time (n-3)Dt to
nDt, together with 3 successive acceleration records
from (n-3)Dt to (n—-1)Dt, which correspond to 19 in-
puts for each time step Dt spanning from O to 12 sec-
onds. The outputs of these training sets are com-
posed by the acceleration responses for each floor at
time nDt.

The training data sets used to train the network
are the first 600 records taken from the 2,720 re-
cords of load case 1 (Fig. 3). The whole training
process converged after 8 cycles and reached a RMS
error of 452" 10 m/sec’.

The velocity and displacement responses can be
computed indifferently using neural networks or by
numerical integration. Neura networks have been se-
lected to emulate these responses. The architecture
of the networks being extremely simple, details are
skipped in this paper (see Choo, 2003).
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Figure 4. Companson of neural and target acceleration re-
sponses and corresponding RM S errors.
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Fig. 4 plots the target and neuro-obtained accel-
erations for load case 4, with the corresponding
RMS errors a each floor, and similar results were
obtained for the other networks for generalization
accuracy.

Generalization accuracy tests performed for each
of the acceleration, velocity and displacement-
emulator networks revealed that the performance ex-



hibited by the networks were comparable to the de-
cided training accuracy.
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Figure 5. Architecture of the proposed restoring force net-
works for the shear building structure.

Asthe structural properties of the undamaged sys-
tem are assumed to be a priori known, the restoring
force for each floor can be easily computed. For the
predictor network, the restoring force is function of
the external force, velocity and acceleration re-
sponses or function of the relative displacements.
Fig. 5 illustrates the architecture of the proposed re-
storing force-predictor networks of the shear build-
ing structure.

For the restoring force network, the training data
sets used to train the network are the first 600 re-
cords taken from the load case 1, that is the first 12
seconds, and the network converged after 23 cycles
to reach a RMS error of 1" 10° N. The obtained
RMS for the whole structure is 1.61° 10°° N, which
approaches fairly the RMS goa fixed during the
training process. The means of the RMS errors for
each floor from the 1% to the 5" floors are 2.99° 107,
1.86° 107, 1.62° 107, 1.39° 10, and 6.83 10°°N, as
illustrated in Fig. 6.
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3.1.2 Damage detection

Damage detection will be performed for the building
subject to seismic loading and encountering different
damage episodes.

The acceleration, velocity and displacement re-
sponses of the building in its undamaged state will be
computed using the networks implemented in the
previous section. These 3 parameters will then be fed
into the restoring force-emulator network, which will
finally able us to draw the interstorey drift—restoring
force loops for each structural element. This process
will give us the reference state to which responses
measured in the actual or damaged building will be
compared.

Measured responses of the damaged building are
congtituted by its acceleration responses at each
floor. These responses fed in the restoring force net-
work will produce restoring forces different from the
ones obtained in the healthy structure. Using such in-
formation, the interstorey drift-restoring force loops
for each structural element can be reconstructed us-
ing the previous restoring force-predictor network.

Finaly, stiffness extracted from the obtained in-
terstorey drift—restoring force loops will be com-
pared to provide us information about the degree and
location of damages occurring in the building. The
accuracy of the implemented networks for severa
loading episodes being aready verified in the previ-
ous section, damage detection will be limited to load
case 1 for the building showing the different damage
cases summarized in Table 3.

Table 3. Stiffness degradation cases for the shear building
structure.

Dam- Stiffness (kN/m) in damage episodes

age Floor1 Foor2 Floor3 Floor4
case

Floor 5

Original 5000 4000 4000 3000 3000

Casel -10% - - - -
Case2 5% -
Case 3 - -
Cased4d -10% -5%
Case5 —20% -
Caseb6 - - -

-10% -
- -10%
—10% —20%

Even of most of these damage cases are not redlis-
tic, the cases are sdlected to demonstrate the ability
of the proposed process to detect changes in the
dructural properties under different conditions.
Cases 1 and 2 correspond to stiffness deterioration of
10% and 5% localized at the first floor, 5% of
deterioration has been selected to show the
sensitivity of the process even for small structural
changes. Case 3 stands for stiffness deterioration at
the fourth floor to show that the proposed damage
detection is able to find the location of damage
wherever it occurs. Cases 4, 5 and 6 show the ability
of the process to identify multiple structural changes
occurring simultaneously in the system



Damage detection results are output graphically
for each floor as shown in Fig.2. Table 4 compares
the identified and actual stiffness for each of the

damage episodes.

Table 4. Comparison of identified and actual stiffness for the
considered building structure.

Damage Hoor Actual Identified Error
case diffness diffness
(KN/m) (kN/m)
1 1 4500 (-10%)  4541.0 0.91%
2 1 4750 (-5%) 4695.6 1.15%
3 4 2700 (-10%)  2652.3 1.77%
4 1 4500 (-10%)  4622.0 2.71%
2 3800 (-5%) 3868.0 1.79%
5 1 4000 (—20%)  4245.3 6.13%
5 2700 (-10%)  2702.7 0.10%
6 4 2700 (-10%)  2672.2 1.02%
5 2400 (-20%)  2362.6 1.56%

Comparison of the detected and actual degraded
stiffness shows good agreement. For most of the
cases the error oscillates behind 2.71%. Smaller er-
rors were found for the stiffness of undamaged
floors. The error of 6.13% for the stiffness of the
first floor in case 5 can be explained by the fact that
case 5 is maybe unrealistic, which in turn pollutes the
results obtained by the networks. In real cases, struc-
tural damages occurring in the building will remain
limited to the first and sometimes second floors. The
aim was to prove that the proposed network process
can detect structural changes wherever they happen
in the system. On the other hand, the estimated stiff-
ness obtained for the undamaged structure corre-
sponds perfectly to the ones assumed for the origina
and undamaged building.

In view of these results, the proposed damage de-
tection process can be said to work efficiently and
accurately to localize and give the extent of damage
in building-like structures subject to seismic loading,
damages being single or multiple.

3.2 Damage detection in a seismically isolated
bridge structure subject to seismic load

The structure selected for this application is the Seo-
Busan IC Bridge shown in Fig. 7. It is a three-span
continuous steel plate girder bridge with a tota
length 70 m (17.5+32+17.5 m) and a width of 15.2
m. The rahmen type piers are congtituted by align-
ment of 6 piers of 6.6 m height (Koh et al., 2003).
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Figure 7. Longitudinal view and structural model of the se-
lected seismically isolated bridge.

In the present application, the seismic isolators are
lead plug rubber bearings (LRB) that have been de-
signed according to lifecycle-cost concept for low to
moderate seismic regions. The model, which simu-
lates analytically the bridge, comprises the pier, isola-
tor and superstructure as illustrated in Fig. 7. The
pier is modeled by means of a lumped mass my, repre-
senting the effective mass of the pier, a siffness ke
and adamping Cjer. The superstructure is modeled by
means of the mass m, representing the participating
mass applied on the pier. The seismic isolator is
modeled by Kiisiaor @8N0 Kaisoiaor, itS first and second
horizontal stiffness, respectively, and Ggaor, ItS
damping. Such model has been proven to model ac-
curately the bridge structure. The structura parame-
ters of the bridge are summarized in Table 5, where
d, is the yielding displacement corresponding to the
transition from elastic deformation to plagtic defor-
mation

Table 5. Structural parameters of the bridge model.

Pier my 96.7 ton
Koier 6.45 10* kKN/m
Coier 100.48 kN-sec/m
| solator kl—isolator 3.1 104 kN/m
k2—iso|ator 3.3 103 kN/m
0.011m
Cisolator 1519.0 kN-sec/m
Superstructure m, 899.4 ton

3.2.1 Training of the networks

The acceleration at the top of the pier is emulated
through an acceleration-emulator network with 11
inputs, 2 hidden layers of 5 nodes and 1 output node.
The inputs are constituted by ground motion accel-
erations from time (n-3)Dt to nDt, coupled with ac-
celeration responses measured at the top of the pier
from (n-3)Dt to (n-1)Dt and acceleration responses
measured in the superstructure from (n-3)Dt to nDt.
The acceleration of the superstructure is used as in-
put to express the interaction due to the presence of
the seismic isolator. The output is the acceleration at
the top of the pier at time nDt.

The training data sets used to train the network
are the first 600 records taken from the 2,720 re-
cords of load case 1 (Fig. 3). The whole training
process converged after 231 cycles and reached a
RMS error of 1" 10" nvsec®.

The velocity and displacement responses can be
computed indifferently using neural networks or by
numerical integration. Neura networks have been se-
lected to emulate these responses. The architecture
of the networks being extremely simple, details are
aso skipped in this paper (see Choo, 2003).

For the predictor network, the restoring force is
function of the external force, velocity and accelera-
tion responses or function of the relative displace-
ments. Following, the restoring force of both pier
and isolator may be reconstructed using restoring
force-predictor networks. Fig. 8 illustrates the archi-



tecture of the proposed restoring force-predictor
networks of the pier and isolator.
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Restoring force-predictor network for the pier
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Restoring force-predictor network for the isolator
Figure 8. Architecture of the proposed restoring force net-
works for the seismically isolated bridge structure.

For the restoring force of the pier, the training
data sets used to train the network are the first 600
records taken from the load case 1, that is the first 12
seconds, and the network converged after 15 cycles
to reach a RMS error of 1" 10° N. For the isolator,
the training data sets also correspond to the first 12
seconds of load case 1 and the network converged
after 26 cyclesto reachaRMS error of 1° 10° N.

For the reconstruction of the isolator’s hysteress
loop, the restoring force-predictor network is used
each time the restoring force at time (n—1)Dt equals
the yield force of the isolator so asto retrieve its first
or second stiffness.
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Figure 9. Reconstructed and actual restoring force loops of the
isolator.

Fig. 9 plots the reconstructed loops (point
marker) and actual loops (solid line) of the isolator
for each of the considered load cases. It is seen that

the network reconstruct accurately the restoring
force loops even for input data for which the net-
work has not been trained.

The training accuracy of the implemented net-
works has been verified by means of test sets selected
from the origina training sets. Emulations using
these selected test sets were seen to produce errors
very close to the performance goals set up for each
network. The trained networks output thus results
with sufficient accuracy for all the load cases, further
damage detection applications will be limited to load
case 3.

3.2.2 Damage detection

Damage in seismically isolated bridges may occur in
the pier as well as in the isolator. Damage in the pier
may be caused by bond dip, loss of performance due
to aging, accident, etc. For the isolator, the area de-
veloped by the hysteretic loop decreases by a small
amount when subject to repeated loading cycles. This
is due to the increase of temperature of the lead in-
sde the isolator, which reduces its stiffness. This
phenomenon generaly disappears after a few days.
However, isolator which experiences large displace-
ment may exhibit weakening of the rubber following
the development of cavities inside the rubber.

In view of such damage patterns, Table 6 summa-
rizes different plausible damage episodes that will be
considered for damage detection application. Cases 1
and 2 correspond to damage occurring in the pier
while the isolator remains intact. Cases 3 to 5 con-
Sder damages of the isolator following: increase of
temperature of the lead after large displacement
(Case 3), development of cavity inside the rubber
(Case 4) and the combination of these two factors
(Case 5). Damages occurring in the pier and isolator
are considered in Cases 6 and 7

Table 6. Considered stiffness degradation episodes for the
bridge structure.

Damage Stiffness (kN/m) in damage episodes)

Case kuier kl—isolalor k2—iso|at0r
Original 64,549 30,885 3,334

Casel 58,094 (-10%) 30,885 3,334

Case2 51,639 (-20%) 30,885 3,334

Case 3 64,549 27,797 (-10%) 3,334

Case4 64,549 30,885 3,001 (—10%)
Caseb 64,549 27,797 (-10%) 3,001 (—10%)
Case 6 58,094 (-10%) 27,797 (-10%) 3,334

Case7 58,094 (-10%) 24,708 (—20%) 3,001 (—10%)

Figs. 10 to 12 plot the neural network-based dam-
age detection results obtained from the proposed
algorithm. Comparison of the reconstructed loops for
both damaged and undamaged pier and comparison
of the corresponding stiffness time histories are illus-
trated graphically in the upper part of each figure.
The lower part of each figure compares the recon-
structed and actua hysteresis loops (left) and the re-
constructed loop with the one that would have been



obtained for the undamaged structure (right). Table 7
summarizes the values of the actual (damaged struc-
ture) and reconstructed (neuro-computed) stiffness
for dl the 7 damage episodes considered in this ap-
plication.
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For the pier, the difference between the recon-
structed and actua restoring force loops remains be-
neath 1.5%. Considering such a small error, it can be
said that the values obtained for the stiffness of the
pier find and measure perfectly damage that may oc-
cur in the pier. Comparison between the actual and
reconstructed stiffness is also performed for the
isolator. In the case, one or both stiffness of the
isolator remain undamaged, the network matches
perfectly the actual values. When damage occurs, the
error for the first stiffness oscillates between 0.80%
and 1.81%, which can be seen to be satisfactorily
accurate. On the other hand, the error computed for
the second gtiffness is 4.91%. This can be explained
by the fact that the yield displacement of the isolator
has been assumed to remain unchanged in the simu-

lation.
Table 7. Comparison of identified and actual stiffness for the
considered bridge structure.

Dam- Stiffness (kN/m)
age Actual Reconstructed Error
case
1 Koier 58,094 58,832 1.27%
2 Koier 51,639 52,408 1.49%
3 Koier 64,549 65,255 1.09%
Kiisgitor 27,797 28,021 0.81%
4 Koier 64,549 65,255 1.09%
Koisiator 3,001 3,127 4.19%
5 Koier 64,549 65,255 1.09%
Kiisotor 27,797 28,021 0.80%
oicoltor 3,001 3,127 4.19%
6 Koier 58,094 58,831 1.27%
Kiisgitor 27,797 28,021 0.80%
7 Koier 58,094 58,831 1.27%
vislaor 24,708 25,157 1.81%
Koisoiator 3,001 3,127 4.19%

In redity, this displacement reduces by a very
small amount, which may affect the computed second
stiffness during the prediction. Nevertheless, the ob-
tained results show that the proposed approach de-
tects and measures accurately damages even in struc-
tures presenting nonlinear behavior. This shows that
the capability of the proposed process to reconstruct
the hysteresis loop based on measured data

4 CONCLUSIONS

A neura network-based algorithm has been proposed
to identify the location and extent of damage for civil
sructures. The agorithm processes by computing
successively the acceleration, velocity and displace-
ment responses from measured ground accelerations,
and the velocity and displacement responses from
measured accelerations. Using the computed re-
sponses, the actual and reference restoring forces of
each structural member are also computed via neural
networks to produce the actual and reference stiff-
ness of the corresponding members.



The proposed step-by-step procedure makes it
possible to reduce as possible the size of the imple-
mented networks so that the problem constituted by
the selection of the networks’ architecture can be
avoided. In addition, no need is to predefine damage
patterns in advance, which renders the proposed
method applicable for any kind of damages.

The applicability and efficiency of the proposed
damage detection algorithm have been verified
through applications on a linear shear building and
nonlinear seismically isolated bridge. The applica
tions demonstrated that the proposed approach may
be readily exploited for structural health monitoring
as it makes direct use of measurement database of
the applied loading. The use of neura network makes
it possible to identify damage in structure without as-
sumptions regarding the complexity of linear as well
as nonlinear interactions that may exist between the
different structural members. The outputs produced
by the procedure make it possible to visuaize at once
the actual state of the structure with the location and
extent of damage, which can be advantageous in field
and real-time identification as time is not spent to
analyze huge data listing. In addition, early damage
detection can be performed as the network is sensi-
tive for small changes in the measured responses,
which makes the proposed agorithm very attractive
for structural health monitoring.
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