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ABSTRACT: A damage diagnosis approach using time series analysis of vibration signals was recently pro-
posed by the Los Alamos National Laboratory. In this paper, the application of this approach to the damage 
detection of the benchmark problem designed by the ASCE task group on health monitoring is explored. The
damage detection approach is modified to consider the influence of excitation variability and the orders of the
ARX prediction model on the originally extracted damage-detection feature. Residual error of a new signal 
from an unknown structural condition associated with the prediction model is compared with those of signals
from the undamaged structure in the damage decision. The applicability of the modified approach is investi-
gated using various acceleration responses generated with different combinations of structural finite element
models, excitation conditions and damage patterns in the benchmark study. 

 
 
1 INTRODUCTION 

Damage detection and localization is still a daunting 
problem in structural health monitoring and extreme 
event damage evaluation (Chang, 1998, 2000). Vari-
ous methods have been developed in recent years 
(Doebling et al. 1998), many of which rely on cum-
bersome finite element modeling processes and/or 
linear modal properties for damage diagnosis. For 
practical applications, these methods have been 
shown to be ineffective because of labor intensive 
tuning and significant uncertainties caused by user 
interaction and modeling errors. Recently, a damage 
detection approach using time series analysis of vi-
bration signals was proposed by Los Alamos Na-
tional Laboratory (LANL) (Sohn and Farrar 2001, 
Sohn et al. 2001a, 2001b, Worden et al. 2002). The 
structural health monitoring problem is posed in a 
statistical pattern recognition framework (Farrar et 
al. 2000), which consists of four-parts: (i) the 
evaluation of a structure’s operational environment, 
(ii) the acquisition of structural response measure-
ments, (iii) the extraction of features that are sensi-
tive to damage, and (iv) the development of statisti-
cal models for feature discrimination. This damage 
detection approach has shown great promise in the 
identification of damage in the hull of a high-speed 
patrol boat as well as in several relatively simple 

laboratory test specimens. It is very attractive for the 
development of an automated monitoring system be-
cause of its simplicity and its minimal interaction 
with users. However, it is necessary to examine its 
feasibility by testing the approach with more time 
records corresponding to a wide range of operational 
and environmental cases as well as different damage 
scenarios before it can be embedded into a health 
monitoring system and used in practice.  

In this paper, the benchmark problem proposed 
by the ASCE Task Group on Health Monitoring 
(Johnson et al. 2000) is used as a test case as it pro-
vides a platform for consistent evaluation of the pro-
posed damage detection methods. In the benchmark 
problem, excitation to the benchmark structure is ei-
ther ambient stochastic wind loading at each floor or 
a stochastic shaker force applied on the roof. In or-
der to consider the influence of excitation variability 
and the orders of the ARX model on the residual er-
ror of the prediction model, a modified damage de-
tection algorithm is proposed. The applicability and 
limitations of the modified algorithm are investi-
gated by applying it to the various acceleration re-
sponses generated by different combinations of 
structural finite element models, excitation condi-
tions and damage patterns in the benchmark study. 



2 ASCE HEALTH MONITORING 
BENCHMARK PROBLEM 

To coordinate research activities in the area of dam-
age detection, a benchmark problem was proposed 
by the ASCE Task Group on Health Monitoring 
(Johnson et al. 2000). The benchmark structure is a 
4-story 2-bay by 2-bay steel frame scale model 
structure. Figure 1 is a schematic drawing of the 
benchmark building from Johnson, et al. (2000), in 
which the iw  are excitations, and iay&&  and iby&&  are 
accelerometer measurements ( icy&&  and idy&&  in the 
x-direction are omitted for clarity).  

 
Figure 1: The benchmark structure (from Johnson et al., 2000) 

Two analytical models for the structure were pro-
posed for numerical simulation: a 12DOF shear 
building model and a 120DOF model with more 
structural details. Both models are finite element 
based. Structural damage can be simulated by re-
moving the stiffness of various elements in the finite 
element models. Five damage patterns defined in the 
benchmark study are: (i) removing all braces in the 
1st story, (ii) removing all braces in both the 1st and 
3rd stories, (iii) removing one brace in the 1st story, 
(iv) removing one brace in each of 1st and 3rd story, 
and (v) damage pattern 4 with the floor beam par-
tially unscrewed from the column in the 1st floor. 
These damage modes are shown by the braces and 
beams drawn in dashed lines in Fig.1. Excitation to 
the structure is either ambient wind loading at each 
floor in the y-direction or a shaker force applied on 
the roof at the center column position. To account 
for the uncertainty of environmental loads, the loads 
are modeled as filtered Gaussian white noise. More 
information on the benchmark problem can be ob-
tained from the web site: http://wusceel.cive.wustl. 
edu/asce.shm/benchmarks.htm. 

A MATLAB program was provided by the ASCE 
Task Group to numerically simulate dynamic re-
sponses at the measurement locations on each floor 
as shown in Fig.1. Different combinations of struc-
tural finite element models, excitation conditions 

and damage patterns results in various dynamic re-
sponse histories. 

3 DAMAGE DETECTION USING TIME 
SERIES OF VIBRATION SIGNALS 

The damage diagnosis approach proposed by LANL 
is based solely on the statistical analysis of vibration 
signals from a structure of interest (Sohn and Farrar 
2001, Sohn et al. 2001a, 2001b). It is posed in the 
context of statistical pattern recognition paradigm. In 
this paper, we explore the application of this ap-
proach in the damage detection of the benchmark 
structure by the ASCE Task Group. 

First, an ensemble of acceleration responses 
)t(x j (j=1, 2, …, N) at one of the measurement loca-

tions (the accelerometer measurement shown in 
Fig.1) of the undamaged structure subject to differ-
ent excitation samples is generated using the MAT-
LAB program. The collection of these signals form 
the reference database (Sohn and Farrar 2001). All 
the time signals are standardized as 

)x(
)x(m)t(x

)t(x̂
j

jj
j σ

−
=  (1) 

where )t(x̂ j  is the standardized signal and )x(m j  

and )x( jσ  are respectively the mean and standard 

deviation of )t(x j . This standardization procedure is 
applied to all signals employed in this study. (For 
simplicity, )t(x j  is used to denote )t(x̂ j  hereafter.) 

For each time series )t(x j  in the reference data-
base, an AR (auto-regression) model with p AR 
terms is constructed as (Ljung 1987) 
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where j
xiα  is the ith AR coefficient, )t(e j

x  is a ran-
dom process and p is the order of the AR model. The 
order of an AR model is determined based on the 
partial auto-correlation analysis of the signal (Box et 
al. 1994, Chatfield, 1994).  

A new acceleration response y(t) is obtained from 
the same measurement location of the structure, 
whose structural condition (damaged or undamaged) 
is to be determined. The same order AR(p) model is 
fit to the new signal y(t). 
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This AR model is compared with each model of the 
signal in the reference database to select a signal 



)t(xk  ‘closest’ to y(t) determined by minimizing the 
following difference of the AR coefficients: 
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The selected signal )t(xk  is defined as the refer-
ence signal. The procedure of finding a reference 
signal closest to the new signal is referred to ‘data 
normalization’ (Sohn et al. 2001a, 2001b). If the 
new signal is obtained from the undamaged structure 
with operational condition close to one of the refer-
ence signal, the AR coefficients of the new signal 
should be similar to those of the reference signal.  

Second, an ARX (auto-regressive with exogenous 
inputs) model is constructed from the selected refer-
ence signal as 
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where na and nb are the orders of the ARX model, 
kia and kib  are the coefficients of the AR and the 

exogenous input, respectively, and )t(k
xε  is the re-

sidual error of the ARX(na, nb) model. This model 
is employed to predict the new signal y(t) 
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where )t(ey  is given in Eq.(3), kia and kib  are co-

efficients associated with )t(xk  in Eq.(5) and )t(yε  
is the residual error of the new signal. If y(t) is ob-
tained from the damaged structure, the ARX predic-
tion model developed from the reference signal 

)t(xk  cannot reproduce the new signal. Thus, the 
residual error )t(yε  is significantly changed in 

comparison to )t(k
xε . Also, a larger increase in the 

residual error would indicate that the location where 
the measurement is made is near the damage source. 

In the damage diagnosis approach employed by 
the LANL, the ratio of the standard deviation of the 
residue errors, )(/)(h k

xy εσεσ= , is defined as the 
damage-sensitive feature. Threshold limits and dam-
age decision are based on the empirical distribution 
of )t(k

xε  (Sohn et al. 2001, 2001b, Worden et al. 
2002). However, it is found that this damage-
sensitive feature h has both the effects from excita-
tion variability and damage. Also different combina-
tions of na and nb values in the ARX model make 
the value of h non-unique. Herein, the original algo-
rithm is modified by considering the effects of exci-

tation variability and the orders of the prediction 
model on the residual errors. 

The ARX model in Eq.(5) is also employed for 
the remaining signals )t(xl  (l=1, 2, …, k-1, k+1, …, 
N) in the reference database. 
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where )t(l
xε  is the residual error of the signal )t(xl  

associated with the ARX model defined by Eq.(5). A 
new factor )l(h′  is defined as the ratio of the stan-

dard deviation of residual errors of )t(l
xε  and )t(k

xε , 
i.e., 
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The remaining N-1 signals in the reference data-
base lead to N-1 values of h′ . Thus, the mean value 

)h(m ′  and standard deviation )h( ′σ  can be evalu-
ated. It is seen that the introduction of h′  and its 
probability distribution provides a more standard test 
for damage detection and localization since it ac-
counts for the effects of excitation variability as well 
as the orders na and nb in the prediction model. 
From the empirical distribution of h′ , threshold lim-
its corresponding to appropriate confidence intervals 
can be ascertained. Damage detection and localiza-
tion are based on the comparison of these threshold 
limits with the value of h. 

For instance, for normally distributed h′ , the 
threshold limit may be fixed as )h(m ′  + 1.96 )h( ′σ  
for a 97.5% confidence interval.  If the value of h 
lies below this threshold limit, then there is 97.5% 
confidence in stating that there is no damage to the 
structure. Similarly, if the value of h is greater than 
this threshold limit, then there is a 97.5% confidence 
in stating that there is damage to the structure. 

4 DAMAGE LOCALIZATION RESULTS 

Six simulation cases are classified in the benchmark 
study as the result of combinations of the excitation 
types and the structural models. Each case includes 
some damage patterns. 
4.1 Damage localization of case 1 and case 2  
Case 1 and case 2 are one – dimensional analyses in 
the weak (y) direction of the benchmark building. 
Case 1 concerns 12DOF structural model under am-
bient wind loading at each floor in the y-direction. 
Damage pattern 1 and damage pattern 2 are intro-
duced in this case. 

For each measurement location at the floor level 
of the benchmark structure as shown in Fig.1, 30 ac-



celeration response time histories from the undam-
aged structure are generated. They form the ensem-
ble of reference database with N=30. The orders na 
and nb of ARX model in Eq.(5) are properly se-
lected so that N-1 samples of h′  have a variation of 
less than 10%. Fig. 2 shows the normal probability 
plots of h′  from the measurements at the first floor 
level of case 1, where the plus signs show the em-
pirical probability versus the data value for each 
point in the samples h′ . Since the data points fall 
near the line, it is reasonable to assume that h′  is as-
ymptotically normally distributed. Then, threshold 
limits, which distinguish undamaged structural con-
dition from a damaged one, corresponding to appro-
priate confidence intervals, can be easily constructed 
based on the normal distribution of h′ . 
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Figure 2: Normal Probability Plot 

Five time series of acceleration responses at each 
measurement location of the damaged structure are 
tested. 97.5% confidence level is used to set the 
threshold limits. Damage localization results are 
shown in the following tables where ‘0’ denotes that 
no damage is detected, and ‘1’ indicates damage. 

Table 1 shows the damage detection results of 
case 1 with damage pattern 1. Damage due to the 
removing all braces in the first story is detected from 
the statistical analysis of the acceleration responses 
of the 1st floor. No damage is found in other stories. 

Damage detection results of case 1 with damage 
pattern 2 are shown in Table 2. From these results, it 
is concluded that no damage is found in the 4th  
story. Removal of braces in the 1st floor can lead to 
changes in the residual error of the 1st floor accel-
eration response while removal of braces in the 3rd 
floor can cause changes in the residual errors of both 
the 2nd and 3rd floor acceleration responses. Al-
though removal of braces in the 1, 2nd and 3rd story 
can also lead to similar results, damage localization 
can still be made by further comparison of the resid-

ual errors obtained from these two structural damage 
conditions. 
 
Table 1: Damage localization results of case 1 with damage 
pattern 1 

Test 1 2 3 4 5 

h 1.272 1.264 1.217 1.355 1.185 

)h(m ′  1.053 1.053 1.053 1.053 1.053 

)h( ′σ  0.047 0.047 0.047 0.047 0.047 

1st 

Floor 

 

Damage 1 1 1 1 1 

h 1.008 0.930 0.999 1.055 0.872 

)h(m ′  1.012 1.012 1.012 1.012 1.012 

)h( ′σ  0.056 0.056 0.056 0.056 0.056 

2nd 

Floor

Damage 0 0 0 0 0 

h 0.995 0.944 1.002 0.938 0.842 

)h(m ′  1.037 1.037 1.037 1.037 1.037 

)h( ′σ  0.117 0.117 0.117 0.117 0.117 

3rd 

Floor

Damage 0 0 0 0 0 

h 1.118 1.075 1.054 1.116 1.005 

)h(m ′  1.040 1.040 1.040 1.040 1.040 

)h( ′σ  0.072 0.072 0.072 0.072 0.072 

4th 

Floor 

 
Damage 0 0 0 0 0 

 
The 120DOF structural model with more struc-

tural details is used in simulation case 2. Damage 
pattern 1 and 2 are considered in this case. Similar 
damage localization results as those shown in Tables 
1-2 are obtained using the modified algorithm 
(These results will be shown elsewhere). The results 
presented here indicate that current damage detec-
tion algorithm is less model-dependant in the sense 
that only measurement signals are required in the 
analysis. No prior knowledge on the structural 
model and the related structural model parameters 
are required in the damage detection process. How-
ever, knowledge of structural details is helpful to in-
terpret the results of damage localization. 



 
Table 2: Damage localization results of case 1 with damage 
pattern 2 

Test 1 2 3 4 5 

h 1.253 1.366 1.218 1.570 1.234 

)h(m ′  1.053 1.053 1.053 1.053 1.053 

)h( ′σ  0.047 0.047 0.047 0.047 0.047 

1st 

Floor 

 

Damage 1 1 1 1 1 

h 2.087 1.985 1.872 2.201 1.976 

)h(m ′  1.137 1.137 1.137 1.137 1.137 

)h( ′σ  0.065 0.065 0.065 0.065 0.065 

2nd 

Floor 

Damage 1 1 1 1 1 

h 1.477 1.454 1.396 1.402 1.400 

)h(m ′  0.941 0.9421 0.941 0.941 0.941 

)h( ′σ  0.046 0.046 0.046 0.046 0.046 

3rd 

Floor 

Damage 1 1 1 1 1 

h 1.098 1.191 1.038 1.213 1.035 

)h(m ′  1.040 1.040 1.040 1.040 1.040 

)h( ′σ  0.072 0.072 0.072 0.072 0.072 

4th 

Floor 

 
Damage 0 0 0 1 0 

 

4.2 Damage localization of case 3 

Case 3 replaces the ambient excitation with a shaker 
on the roof (assumed to excite at the top of the cen-
ter column in a direction )ĵî( −± , where î  and ĵ  
are unit vectors in the x and y directions, respec-
tively). Thus, the benchmark structure is excited in 
two directions, and is analyzed with 2-D motion of 
the floor. Damage patterns 1 and 2 are considered in 
this case. 

Table 3 shows the damage detection results of 
case 3 with damage pattern 1 using statistical analy-
ses of the acceleration responses in the y-direction at 
each floor. Damage in the first story is detected. No 
damage is found in other stories. Similar results are 

also obtained from the analyses of the acceleration 
responses in x-direction. These results indicate struc-
tural damage, i.e., the braces in x and y directions 
are all removed in the 1st floor, which corresponds 
to damage pattern 1. 
 
Table 3: Damage localization results of case 3 with damage 
pattern 1 

Test 1 2 3 4 5 

h 1.295 1.326 1.501 1.523 1.503 

)h(m ′  0.924 0.924 0.924 0.924 0.924 

)h( ′σ  0.093 0.093 0.093 0.093 0.093 

1st 

Floor 

 

Damage 1 1 1 1 1 

h 1.078 1.105 1.031 0.959 1.155 

)h(m ′  1.081 1.094 0.996 0.991 1.081 

)h( ′σ  0.075 0.055 0.053 0.043 0.075 

2nd 

Floor

Damage 0 0 0 0 0 

h 0.933 0.838 1.183 0.858 1.030 

)h(m ′  1.052 1.023 1.071 0.969 1.052 

)h( ′σ  0.064 0.064 0.070 0.058 0.064 

3rd 

Floor

Damage 0 0 0 0 0 

h 0.9117 0.9118 1.104 1.138 0.9674

)h(m ′  1.037 0.9642 0.981 0.985 0.985 

)h( ′σ  0.063 0.058 0.058 0.057 0.057 

4th 

Floor 

 
Damage 0 0 0 0 0 

 

Damage detection results using the analysis of 
acceleration responses in the y-direction of case 3 
with damage pattern 2 are shown in Table 4. Similar 
results are also obtained from the analyses of the ac-
celeration responses in the x-direction. It is observed 
that no damage is found in the 4th story. Braces are 
removed in both x and y directions in the 1st, 2nd and 
3rd or just in the 1st and 3rd story. These structural 
damages lead to the significant changes in their re-
sidual errors of the 1st, 2nd and 3rd floor acceleration 
responses in x and y directions. 
 



Table 4: Damage localization results of case 3 with damage 
pattern 2 

Test 1 2 3 4 5 

h 1.613 1.792 1.762 1.692 1.899 

)h(m ′  0.905 0.905 0.905 0.905 0.905 

)h( ′σ  0.071 0.071 0.071 0.071 0.071 

1st 

Floor 

 

Damage 1 1 1 1 1 

h 1.274 1.294 1.292 1.246 1.410 

)h(m ′  1.057 1.057 1.057 1.057 1.057 

)h( ′σ  0.073 0.073 0.073 0.073 0.073 

2nd 

Floor 

Damage 1 1 1 1 1 

h 1.259 1.263 1.409 1.466 1.462 

)h(m ′  0.956 1.076 1.055 1.055 1.055 

)h( ′σ  0.059 0.087 0.057 0.057 0.057 

3rd 

Floor 

Damage 1 1 1 1 1 

h 1.068 1.054 0.928 0.935 1.069 

)h(m ′  1.168 1.062 1.005 1.005 1.005 

)h( ′σ  0.068 0.062 0.056 0.056 0.056 

4th 

Floor 

 
Damage 0 0 0 0 0 

 

4.3 Other cases and damage patterns 
In the benchmark problem, cases 4-6 introduce 

asymmetry by replacing one of the floor slabs on the 
roof (the one with shading in Fig.1) with a heavier 
slab, and are analyzed with 3-D motion of the floors. 
All damage patterns (damage pattern 1-5) are con-
sidered in case 4-6. The modified damage localiza-
tion algorithm is also applied to these cases. Medium 
and severe structural damage, i.e, damage pattern 1 
and damage pattern 2, can be successfully detected 
and localized, but minor damage (damage patterns 
3-5) has not been detected. Damage detection and 
localization of these minor damage patterns is still 
under study. The authors are also trying to extend 
the current algorithm to consider the case that h′  is 
not normally distributed. Threshold limits, which 
differentiate the undamaged structural condition 

from the damaged one, can then be constructed 
based on an appropriate empirical distribution func-
tion for h′ . 

5 CONCLUSIONS 

In this paper, a damage diagnosis approach using 
time series analysis of vibration signals, which was 
recently proposed by LANL, is modified to consider 
the effect of excitation variability and the orders of 
the prediction model on the originally extracted 
damage-detection feature. The modified algorithm is 
applied to damage detection of the benchmark prob-
lem proposed by the ASCE Task Group on Health 
Monitoring. Medium and severe damages are suc-
cessfully detected and localized.  The algorithm is 
solely based on signal analysis of the vibration data 
and it is less model-dependant. It is very attractive 
for the development of an automated health monitor-
ing system because of its simplicity. Damage detec-
tion and localization of other minor damage patterns 
in the benchmark problems and the application of 
the algorithm to experimental data of the benchmark 
problem (Dyke et al. 2001) is being studied by the 
authors. 
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