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Structural Damage Detection and Identi� cation
Using Fuzzy Logic
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Although improved design methodologies have signi� cantly enhanced the reliability and safety of structures
in recent years, it is still not possible to build structures that are infallible. There is an increasing interest in the
development of smart structures with built-in fault detection systems that would provide damage and/or failure
warnings. A general methodology is presented for structural fault detection using fuzzy logic. The methodology is
based on monitoring the static, eigenvalue, and dynamic responses to determine the health status of a structure or
machine. Fuzzy logic coupled with principles of continuum damage mechanics is used to identify the location and
extent of the damage. The proposed methodology represents a unique approach to damage detection that can be
applied to a variety of structures used in civil engineering and machine and aerospace applications.

Nomenclature
A, B, C = fuzzy sets
ai = � ring strength of the i th antecedent
D = damage parameter
d = damage parameter vector
E = elastic modulus of damaged element
Ē = elastic modulus of undamaged element
k = number of structural regions or elements
p = noise level parameter
ui = i th eigenvector of damaged structure
ūi = i th eigenvector of undamaged structure
unx = displacementof nth node in the x direction

of damaged structure
ūnx = displacementof nth node in the x direction

of undamaged structure
w i = weight of the i th antecedent
x = vector of measured structural responses
x , y, z = set elements
Y j = measured response
Ŷ j = analytically determined response
a = strength of evidence inference parameter
e = error norm
l = fuzzy set membership grade
x i = i th natural frequency of damaged structure
¯x i = i th natural frequency of undamaged structure

Introduction

IMPROVED design methodologies have signi� cantly increased
the reliability and safety of structures. However, due to a wide

variety of unforeseenconditions and circumstances, it will never be
possible nor practical to design and build a structure that has a zero
percent probability of failure. Structural aging, environmentalcon-
ditions, and reuse are examples of circumstances that could affect
the reliability and life of a structure. This realization has led to the
concept of smart structureswith built-in fault detectionsystems that
will provide failure warnings. The term smart structure is widely
used to describe a structure that has integrated sensors, actuators,
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and control systems that monitor and change the behavior of the
structure to produce desirable effects such as active vibration con-
trol. The network of sensors could also be used for collecting data
for online fault detection. This paper proposes a new methodology
for structural damage detection that monitors static and dynamic
responses to determine the health status of a structure or machine
component. The methodology uses a fuzzy rule base and inference
algorithm to locate possible damage sites based on the evidence
provided by changes in structural response. The reason for using
fuzzy logic is to establish a system that can effectively handle the
uncertaintiesand complexities of real structures.

Structural faults such as cracking,delamination,debonding,mis-
use, or the looseningof fastenerswill change the mechanicalproper-
ties of a structure.A change in any one of the mechanicalproperties
of stiffness,damping, or mass will result in a change in the dynamic
response of the structure. Kim and Bartkowicz1 and Kam and Lee2

investigatedmethods for fault detection based on statistical identi� -
cation procedures. Identi� cation procedures and signature analysis
havebeenused for a numberof years to � ne tune � nite elementmod-
els to the actualbehaviorof existingstructuresusingmodal test data.
By the use of the same procedure, modal test data from a suspect
structure can be used to update the stiffness matrix of the corre-
sponding sound structure. The damage locations are then identi� ed
by determining the elements for which the stiffness has changed.
Hajela and Soeiro3 suggested the use of static de� ection in addition
to modal analysis in an approach to damage detection based on an
identi� cation procedure and an iterative method of optimization.
The use of neural networks in structural damage detection has been
studied by several investigators including Kudva et al.,4 Chaudhry
and Ganino,5 Elkordy et al.,6 Manning,7 Simon,8 Spillman et al.,9

Szewczyk and Hajela,10 Tsou and Shen,11 and Worden et al.12 The
general approach in these systems involves the unsupervised train-
ing of a neural network to associate particular structural responses
to damage. Data for the training process is typically provided by
� nite element models. Once properly trained, the neural network
will in theory provide damage information when measured struc-
tural responses are provided to the system. Several expert systems
for structural fault detection and reliability assessment have been
proposed.These systems in generalassess structural integritybased
on the information generated by visual inspections. Visual inspec-
tions generate linguistic expressions that describe the condition of
the structure and noticeable damage. Fuzzy expert systems have
been developed by Yao13 and Ross et al.14 to process this type of
information to assess the overall condition of existing structures.
The work presented by Yao13 uses a fuzzy expert system to assess
the condition of a structure based on information provided by the
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visual observations made by building inspectors. In the approach
presented in the present paper, fuzzy associationsbetween measur-
able structural responses and damage conditions are generated by
� niteelementsimulationsand supervisedlearningand are to be used
for online (real-time) damage detection.

Fuzzy Logic
Since it was introduced by Zadeh,15 the theory of fuzzy sets has

found a wide range of applications including consumer electronics,
image processing, speech recognition, medical diagnosis, securi-
ties trading, and control systems. In a broad scope, fuzzy systems
are mathematicallybased systems that process vague, imprecise, or
ambiguous information. Recent developments in the area of fuzzy
systems, particularly in the area of fuzzy associative memory sys-
tems and adaptive fuzzy systems, have provided a new foundation
for machine learning and arti� cial intelligence.16

A fuzzy set is a set where membership is a matter of degree. The
degreeof membership is determinedby a membershipfunction.The
fuzzy term about 5 may be representedby a fuzzy set de� ned by the
following membership function:

l D(x) =

0, for x < 3

(x ¡ 3) /2, for 3 · x · 5

(7 ¡ x) /2, for 5 · x · 7

0, for x > 7 (1)

A membershipgrade of zero indicates nonmembership,and a grade
of one signi� es full membership. In this example, the element x = 4
hasa membershipgradeof l (4) =0.5 in the fuzzyset about5. Other
examples of fuzzy sets are shown in Figs. 1 and 2. The fuzzy sets
shown here are de� ned by linear membership functions. Nonlinear
forms, such as bell-shaped curves, may be used as well.

Classical or bivalent logic is based on the assumption that every
proposition is true or false. In most situations, the truth states of a
propositionare neithercompletely true nor false, and the dichotomy

Fig. 1 Membership functions for terms describing changes in natural
frequencies.

Fig. 2 Damage level membership functions.

of classical two-valued logic makes it an inappropriate reasoning
process in real-world applications. Fuzzy logic is reasoning with
fuzzy or uncertainsets. Fuzzy associationsor rules can be expressed
in the following form:

If X is A1 and Y is B1 , then Z is C1

If X is A2 and Y is B2 , then Z is C2 (2)

In these expressions, Ai , Bi , and Ci are fuzzy terms that are de� ned
by fuzzy sets. Given two input values, x and y, the rules can be
evaluated and a conclusion about the value of z is inferred. Many
inferenceprocedureshavebeenproposed.The most commonlyused
method is the correlation-minimum inference procedure shown in
Fig. 3 (Ref. 16). Here, the degree of truth in the statement X is A1

is determined by the membership value of x in A1. Likewise, the
degree of truth in the statement that Y is B1 is determined by the
membership value of y in B1 . In this example, the input values and
respectivemembership grades are

x = 3.0 ) l A1 (3.0) = 0.3 (3)

y = 2.2 ) l B1 (2.2) = 0.8 (4)

In the rules [Eq. (2)], the two antecedents are connected with an
AND operator, thus the overall degree of truth or � ring strength of
the rule is taken as the minimum of these two values. That is,

min l A1 (x), l B1 (y) = min(0.3, 0.8) = 0.3 (5)

Thus, the conclusion Z is C1 is true to a degree of 0.3. The resulting
fuzzy set C 0

1 is obtained by clipping the membership values of C1

to this degree of truth. Each rule leads to a decision in the form of
a fuzzy set. The overall conclusion is the union of the fuzzy sets
produced by each individual rule. Some applications may require
a � nal crisp decision. A crisp representation z is determined by
locating the centroid of the fuzzy set C 0 ; thus,

z =
x l (x) dx

l (x) dx
(6)

The location of z in this example is shown in Fig. 3. Figure 4 shows
the structure of a general fuzzy logic decision making system. The
input vector X consists of fuzzy feature variables, and the output
vector Y consists of fuzzy conclusion variables. The fuzzi� er part
of the system maps the crisp or fuzzy input values to prede�ned
fuzzy sets. The inference engine matches the premises of the rules
in the knowledgebase with the input data and performs implication.
The defuzzi�er translates the fuzzy conclusions into crisp values.

The proper selection of the membership functions and rules is
essential to successfuldevelopmentof a fuzzy-logic-baseddecision
system. The concept of introducing machine learning capabilities
to establish membership functions and rules has received consider-
able attention. The learning block shown in Fig. 4 represents this
function. Here, known inputs and corresponding correct decisions
are used to generate the membership functions used by the fuzzi� er
and to develop the rule base. If the fuzzy sets are predetermined
or manually de� ned, the teaching method is referred to as super-
vised learning because the fuzzy sets are prescribed. Various other
architectures, such as neural networks and adaptive fuzzy associa-
tive memory systems,16 useunsupervisedlearning.An unsupervised
system learns from raw training data that are clustered into like pat-
terns to form classes and fuzzy associations. In general, a large
number of training data sets are required for unsupervisedlearning.

Structural Fault Detection Using Fuzzy Logic
The purposeof a structuralhealthmonitoringsystem is to provide

information about the condition of a structure in terms of reliability
and safety. A system designed for this purpose will consist of hard-
ware and software that together will measure certain properties of
a structure in a given state and, by analyzing any changes in these
properties, infer if the structure is damaged. If it is damaged, the
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Fig. 3 Correlation-minimum inference procedure.16

Fig. 4 General fuzzy logic decision system.

structural fault detection system will report possible damage sites
and the severity of the damage.

The proposedfuzzy-logic-basedstructural fault detection system
is shown in Fig. 5. The knowledge base consists of fuzzy asso-
ciations between observed structural responses or properties and
particular damage conditions. The system reads a state vector of
measured structural properties and then maps these crisp values
into the fuzzy sets. The inferenceengine performs damage implica-
tion through evaluation of the rules in the knowledge base and the
supplied fuzzy states. The output of this implication procedure is a
fuzzy vector that describes possible damage levels of prede� ned re-
gions throughout the structure. The knowledge base is created by a
rule generationalgorithmthat converts crisp trainingdata into fuzzy
rules through supervised learning. The training data are generated
by executingdamage simulationswith a � nite element model of the
structure.

The input vector x contains measured properties or responses of
the structure that is being evaluated. In most cases, these values will
be compared to the baseline values of the undamaged structure.For
example, if the � rst natural frequency is used, the corresponding

componentof the input vector x would be the fractional decrease in
this frequency. That is,

xi = ( ¯x 1 ¡ x 1) / ¯x 1 (7)

where ¯x 1 and x 1 are the � rst natural frequencies of the undam-
aged and damagedstructure,respectively.However, the use of mode
shapes in damage detection has been limited due to the relative in-
sensitivity to damageand acquisitiondif� culties.However, should a
particular application favor the use of eigenvectors, a state variable
could be de� ned in terms of a mode shape correlation coef� cient
or the model assurancecriteria (MAC).17 This coef� cient quanti� es
the difference between two mode shapes with a normalized scalar
product. The state variable is de� ned such that

xi = 1 ¡ MAC (ū1 , u1) = 1 ¡
ūT

1 u1
2

ūT
1 ū1 uT

1 u1

(8)

where ū1 and u1 are the � rst mode eigenvectors of the undamaged
and damaged structure, respectively.This quantity will range from
0 (no change) to 1.0 (orthogonalvectors) as the eigenvectorchanges
due to damage. These modal state variables may be de� ned for any
numberofmodesdeemedappropriateor usefulfor a particularstruc-
ture. Static de� ectionsmay also be used for damage detection.Here,
state variablesare de� ned as a fractionalchange in displacementdue
to a given load. That is,

xi = (ūnx ¡ unx ) / ūnx (9)

where ūnx and unx are the displacements of the nth node in the x
direction of the undamaged and damaged structure, respectively,
for a given load condition.These state variablescan be expressed in
fuzzy terms and sets like those shown in Fig. 1. Any combinationof
these or other appropriately de� ned structural state variables may
be used for monitoring structural changes.

The fault detection system provides information about the pos-
sible damage levels and sites throughout the structure. By the use
of prede� ned regions of a structure, the possible level of damage in
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Fig. 5 Structural fault detection system based on fuzzy logic.

each region is determined.Because a � nite elementmodel is used to
train the system, a logical de� nition of these regions for moderately
sized systems would be the same discretization used in the model.
Thus, the output vector y will provide the possible damage level in
each element de� ned in the model. Damage is modeled as a sim-
ple reduction in element stiffness. Using principles of continuum
damage mechanics, a damage parameter D can be de� ned such that

D = ( Ē ¡ E )/ Ē (10)

where Ē and E represent the elastic modulus of the element in the
undamagedanddamagedcondition,respectively.Examplesof fuzzy
sets representingdamage terms de� ned over the damage parameter
space are shown in Fig. 2.

The rule base contains fuzzy rules that relate the structural states
givenin the inputvectorx to possibledamageconditionsthatare then
supplied in the output vector y. In the complete knowledge base, a
rule for eachdamagelevel (none,slight,moderate,severe,extensive)
in each element is de� ned. In this system, the rules are encoded in
a fuzzy associativememory (FAM) bank.16 The inference engine in
the structuralfaultdetectionsystemexecutestheFAM inferencepro-
cedure.The overall � ring strengthof several antecedentsconnected
with an AND operator, the intersection, is typically determined by
taking the minimum value of the individual � ring strengths as de-
scribed in theprecedingsection.An OR operator,theunion,takes the
maximum of the � ring strengths. In diagnosticapplications,such as
this, the intersection may be too restrictive, and the union would be
too relaxed in evaluatingthe overall truth of the proposition.For ex-
ample, if the propositionis based on changes in the � rst four natural
frequencies and if any one of the four measurements is completely
erroneous, the overall � ring strength would evaluate to zero regard-
less of the strengthof the evidence provided by the other states. The
overall conclusion about the health of the structure would be deter-
mined to be inconclusivedespite the evidenceprovided by the other
measurements. In such cases, the minimum operator should be re-
laxed to consider the strength of the other antecedents in the overall
� ring strength of the rule. This can be accomplished by parameter-
izing the operator such that it can evaluate overall � ring strengths
in a range from the minimum (intersection) to a maximum (union)
of the individual � ring strengths. A weighted generalized mean18

h(a1 , a2 , . . . , an ; w1, w2 , . . . , wn ) =
n

i = 1

w i a
a
i

a

(11)

is used in this application. Here, ai and w i are the � ring strength
and weight of the i th antecedent, respectively, n is the number of
antecedents in the rule, and a is a parameter ranging from ¡ 1 to
1 . The inference procedure is initiated with an intersection opera-
tor ( a = ¡ 1 ). If a conclusion cannot be drawn from the given set

of measurements, a is increased until a conclusion can be drawn.
The parameter a is a measure of the strength of the evidence or
con� dence level associated with the conclusion. The output of the
entire inference procedure is a vector of k fuzzy sets, where k is the
number of regions or elements in the structure. The kth fuzzy set is
de� ned over the damage parameter space and describes the level of
damage in the kth element or region. The defuzzi� cation procedure
evaluates the centroid of each fuzzy set to produce a vector of crisp
damage parameter values.19

Training the structural fault detection system is a procedure
wherein the rules in the knowledge base are formulated from struc-
tural response data for known damage conditions. These data are
supplied by simulating damage with a � nite element model. The
crisp data generated by the damage simulations are read by a rule
generationalgorithmthat fuzzi� es the data and formulates the fuzzy
rules. In this system, a rule for each damage level in each element
is generated.This supervised learning is accomplishedwith a � nite
numberof simulationsand ensures that all possibledamage sitesand
levels are re� ected in the rule base. The weights of the individual
antecedentsare prescribedbased on the sensitivity of the particular
state variable to damage.20

Damage Detection Examples
The � rst example involves a cracked � xed–free beam. This sim-

ple structural system has been used in experimental tests by Rizo
et al.21 and numerical analysisby Kam and Lee2 to evaluatedamage
detection methodologies. The steel beam is 300 mm in length and
has a 20 £ 20 mm cross section. The � rst three natural frequencies
are the structuralparametersused as input to the fault detectionsys-
tem. The measured values for various damage conditions are listed
in Table 1. For training purposes, the system is modeled with 20
beam elements. Damage is simulated in each element with the set
of damage parameters D ={0.0, 0.2, 0.4, 0.6, 0.8}. The resulting
rulebaseconsists of 100 fuzzy rules. A rule for each damage level in
each element is generated. This requires N £ n simulations, where
N is the number of damage levels simulated and n is the number of
elements in the model. During fuzzi� cation, the natural frequencies
are mapped into fuzzy sets. A family of six fuzzy sets is used to de-
� ne the space for each input parameter. Five fuzzy sets are de� ned
over the damage space.

Figure 6 shows the possible damage sites and levels in the can-
tilever beam with an edge crack near the � xed end. In the � rst case
(Fig. 6a), where the crack depth is only 10% of the section height,
the detection system recognized the presence of slight damage, but
could not pinpoint the location. The small shift in the natural fre-
quencies produced by this small crack along with measurement un-
certainty does not allow for locating the damage with any certainty.
As the crackextends to 30 and 50% of the section height, the shift in
the natural frequencies becomes more signi� cant and distinct, thus
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Table 1 Natural frequency data for damaged
� xed–free beams2

Natural frequency, Hz
Crack depth,
mm x 1 x 2 x 3

Crack position 10
2 182.7 1149.4 3242.9
6 163.9 1073.4 3097.3
10 129.8 980.6 2954.2

Crack position 140
2 184.7 1153.1 3258.1
6 181.2 1092.9 3250.1
10 171.5 971.5 3233.6
Undamaged condition 185.2 1160.6 3259.1

Fig. 6 Fixed–free beam with a crack 10 mm from the � xed end; crack
depth indicated as a fraction of the section height (p/b). Shaded regions
indicate possible damage locations and levels reported by the fault de-
tection system.

Fig. 7 Fixed–free beam with a crack 140 mm from the � xed end; crack
depth indicated as a fraction of the section height (p/b). Shaded regions
indicate possible damage locations and levels reported by the fault de-
tection system.

increasingthe possibilityof distinctly locating the damage.Figure 7
shows similar results for the case with a crack located 140 mm from
the � xed end. A similar procedurecan be used for cracked free-free
beams.22

To further illustrate the possible advantages of the proposed
fuzzy approach in structural damage detection, the following ex-
amples are evaluated using the present method and the sys-
tem identi� cation approach proposed by Hajela and Soeiro.3 The
system identi� cation approach of Hajela and Soeiro consists of
formulating an optimization problem that minimizes the differ-
ence between the analytical (� nite element analysis) and ex-
perimental (measured) response of the system. The damage pa-
rameters di , which describe the reduction of stiffness in the
i th element, constitute the design variables for the optimization
problem. This optimization problem can be written as follows.
Find

d =

d1

d2

...

dn

which minimizes

f (d) =
m

j = 1

(Y j ¡ Ŷ j )
2 (12)

subject to

0 · di · 1, i = 1, 2, . . . , n

whereY j and Ŷ j are themeasuredandanalyticallydeterminedvalues
of the j th state, respectively,m is the number of states monitored,
and n is the number of elements in the � nite element model.

This minimization requires that Ŷ be obtained from the eigen-
value or static load de� ection problem using a stiffness matrix that
is a function of the design variables di . On convergence to a solu-
tion, damage is located through inspection of the element damage
parametersdi . In the followingexamples,Powell’s methodwas used
for function minimization.

The 15-bar and 48-bar trusses shown in Figs. 8 and 9, respec-
tively, are the systems considered. In each case, the measured val-
ues were provided by computer simulations with added noise of
varying severity. Noise was introduced to represent uncertainty in
structuralmodeling,damageconditions,and measurement systems.
Given a computedresponsevaluex0 , a randomnumberu in the inter-
val [ ¡ 1, 1], and a noise level parameter p, the simulated measured
value x is generated by the expression

x = x0(1 + up) (13)

The parameter p determines the maximum variance between the
computed value x0 and the simulated measured value x. If, for ex-
ample, p =0.2, the simulated measurement x with random noise
may be as much as 20% different than the given value x0. Thus, p
can be used to control the amount of noise added in the simulations.
In these simulations, the added noise is uniformly distributed.

In the 15-bar planar truss example, static de� ection values in the
direction of loading for each of the nodes with point loads (nodes
7 and 8) were monitored. As shown in Fig. 8, three different load
conditions were used. Thus, a total of six measurements were used
as input to the damage detectionprocedure.In the 48-bar space truss
example,staticde� ectionvaluesin thedirectionof loadingfor the12
freenodes(nodes5–16), shown in Fig. 9, were monitored.One static

Fig. 8 Example: 15-bar planar truss, dimensions in centimeters.

Fig. 9 Example: 48-bar space truss, dimensions in centimeters.
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Table 2 Results for 15-bar planar truss example

Damage parameter Damage parameter
without system noise with system noise

Actual
Element damage Present Identi� cation Present Identi� cation
number Nodes parameter method method method method

1 1–3 1.000 0.960 0.998 0.950 0.957
2 2–4 0.000 0.000 0.006 0.000 0.000
3 2–3 0.000 0.000 0.014 0.000 0.419
4 1–4 0.000 0.000 0.010 0.000 0.000
5 3–4 0.000 0.000 0.011 0.000 0.000
6 3–5 0.000 0.000 0.004 0.950 0.098
7 4–6 0.000 0.000 0.000 0.000 0.000
8 4–5 0.000 0.000 0.014 0.000 0.001
9 3–6 0.000 0.000 0.000 0.000 0.000
10 5–6 0.000 0.000 0.000 0.000 0.000
11 5–7 0.000 0.000 0.006 0.950 0.700
12 6–8 0.000 0.000 0.000 0.000 0.000
13 6–7 0.000 0.000 0.033 0.000 0.967
14 5–8 0.000 0.000 0.030 0.000 0.000
15 7–8 0.000 0.000 0.013 0.000 0.825
Error norm —— 0.040 0.053 1.350 1.514

Table 3 Results for 48-bar space truss example

Damage parameter Damage parameter
without system noise with system noiseActual

Element damager Present Identi� cation Present Identi� cation
number Nodes parameter method method method method

1 1–5 0.870 0.870 0.869 0.790 0.814
2 1–6 0.000 0.000 0.000 0.000 0.003
3 1–8 0.000 0.000 0.000 0.000 0.001
4 2–5 0.000 0.000 0.010 0.000 0.000
5 2–6 0.000 0.000 0.000 0.000 0.000
6 2–7 0.000 0.000 0.000 0.000 0.003
7 3–6 0.000 0.000 0.001 0.000 0.839
8 3–7 0.000 0.000 0.000 0.000 0.001
9 3–8 0.000 0.000 0.002 0.000 0.009
10 4–5 0.000 0.000 0.014 0.000 0.000
11 4–7 0.000 0.000 0.000 0.000 0.002
12 4–8 0.000 0.000 0.000 0.000 0.000
13 5–6 0.000 0.000 0.000 0.000 0.000
14 5–8 0.000 0.000 0.001 0.000 0.003
15 5–9 0.000 0.000 0.000 0.000 0.588
16 5–10 0.000 0.000 0.001 0.000 0.552
17 5–12 0.000 0.000 0.007 0.000 0.981
18 6–7 0.000 0.000 0.000 0.000 0.000
19 6–9 0.000 0.000 0.001 0.000 0.002
20 6–10 0.000 0.000 0.000 0.000 0.000
21 6–11 0.000 0.000 0.000 0.000 0.000
22 7–8 0.000 0.000 0.000 0.000 0.000
23 7–10 0.000 0.000 0.010 0.000 0.004
24 7–11 0.000 0.000 0.000 0.000 0.000
25 7–12 0.000 0.000 0.003 0.000 0.007
26 8–9 0.000 0.000 0.001 0.000 0.007
27 8–11 0.000 0.000 0.000 0.000 0.000
28 8–12 0.000 0.000 0.001 0.000 0.000
29 9–10 0.000 0.000 0.001 0.000 0.001
30 9–12 0.000 0.000 0.000 0.000 0.003
31 9–13 0.000 0.000 0.000 0.000 0.000
32 9–14 0.000 0.000 0.000 0.000 0.001
33 9–16 0.000 0.000 0.002 0.000 0.857
34 10–11 0.000 0.000 0.002 0.000 0.000
35 10–13 0.000 0.000 0.001 0.000 0.001
36 10–14 0.000 0.000 0.001 0.000 0.000
37 10–15 0.000 0.000 0.000 0.000 0.001
38 11–12 0.000 0.000 0.000 0.000 0.000
39 11–14 0.000 0.000 0.005 0.000 0.000
40 11–15 0.000 0.000 0.000 0.000 0.000
41 11–16 0.000 0.000 0.000 0.000 0.039
42 12–13 0.000 0.000 0.000 0.000 0.000
43 12–15 0.000 0.000 0.001 0.000 0.001
44 12–16 0.000 0.000 0.003 0.000 0.013
45 13–14 0.000 0.000 0.016 0.000 0.007
46 13–16 0.000 0.000 0.010 0.000 0.017
47 14–15 0.000 0.000 0.001 0.000 0.000
48 15–16 0.000 0.000 0.000 0.000 0.000
Error norm —— 0.000 0.030 0.080 1.748
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Fig. 10 Comparisonof error in reported damagefor the 15-barplanar
truss example.

Fig. 11 Comparison of error in reported damage for the 48-bar space
truss example.

load condition was used, which gave 12 de� ection measurements
as the monitored values.

In the 15-bar planar truss example, the actualdamagewas located
in element number one with a damage parameter of d1 =1.0 (zero
stiffness). In the 48-bar space truss, the actual damage is located
in element number one with a damage parameter of d1 = 0.87. The
damage parameters as determined by both the fuzzy rulebase and
the identi� cation methods for representative noise conditions are
listed in Tables 2 and 3. By the use of an error norm

e =
n

i = 1

(di ¡ d̂ i )2 (14)

to quantify the differencebetween the vectors of actual damage pa-
rameters d and the parameters returned by the damage detection
system d̂, performance trends for each method under the varying
noise conditions can be analyzed. For these examples, the trends
are plotted in Figs. 10 and 11. Note that, in the case of 15-bar truss
(Table 2), although the method shows arti� cial damage in members
6 and 11 (along with the actual damage of member 1), these are
still longeronsnear where the actual damage occurred. The method
appears to be trying to capture the physics of the damage. Perhaps
the smearing of the damage is caused by the introduction of sys-
tem noise. These results clearly indicate that the fuzzy approach
can better tolerate noise and uncertainty in these systems. The iden-
ti� cation approach theoretically can detect multiple damage sites,
wherein the present fuzzy rulebase is only setup to evaluate sin-
gle damage site conditions. However, the ability to locate multiple
sites also means that there are a number of possible solutions and
local minima that make it dif� cult for the optimization method to
converge to the actual damage condition.

Conclusions
This paper presents a new procedurefor structural fault detection

based on fuzzy logic. Fuzzy logic and continuum damage mechan-
ics are used to process and analyze the uncertainties and complexi-

ties of damaged structures. Fuzzy associations between observable
structural responses and damage conditions are generated by � nite
elementsimulationsandsupervisedlearning.The fuzzyassociations
or rules are encoded in a fuzzy associative memory bank to form a
knowledge base. This knowledge base is referenced by a fuzzy in-
ference algorithm that infers possible damage locations and levels
based on the evidence provided by changes in the structural states.
The numerical examples demonstrate performance advantages of
the fuzzy-logic-basedsystem in noisy or uncertain conditions.

In the present method, the possible damage sites are reported on
an element-by-elementbasis. In the analysis of a large or complex
structure, an extremely large number of elements may be required
to model the system adequately. This would lead to a large num-
ber of rules if damage detection is done on an element-by-element
basis. In such cases it would be more practical to de� ne regions
(or substructures) in the structure for reporting damage. The rules
in the knowledge base would then be established to determine the
possibility of damage in each region (or substructure). The present
procedure is structured for single site damage conditions.Rules for
multiple damage sites could be constructed in a similar fashion.
However, attempting to cover a large number of possible damage
conditions would require a large number of rules. It may be more
practical to preselect the possible damage sites of concern and gen-
erate rules based on these situations. The method and examples
presented focus on the monitoring of global responses to damage
detection and are not well suited for multiple-site (simultaneous)
damage cases. The reason for this is that it would be necessary to
simulate the combinationsof multiple-sitedamage and damage lev-
els to generate the associated rules. Further research into the use of
local responses (local strain measurements) in a fuzzy logic dam-
age detection approach has been conducted. In this approach, the
rules are constructedand evaluatedbased only on local effects, thus
damage detection at various sites could be done independently.
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