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Abstract 

Modal property of structural system gets affected not only due to the presence of damage but 

also due to a variation of environmental agents like temperature, humidity etc. Detection of 

damage through modal parameter comparison thus may lead to false predictions. This article 

presents a two-stage data-driven approach in which damage detection and localization are 

performed in consequence. For detection, an auto-associative neural network (AANN) has been 

developed and its prediction error is defined as the novelty index. Each unique damage pattern 

has been observed to demonstrate a unique pattern in the prediction error and this pattern is also 

found to be consistent under different ambient temperatures. This prediction error is, therefore, 

modelled using a second artificial neural network (ANN) with radial basis function (RBF) as its 

activation function. Through this second ANN, the damage cases are classified against associated 

patterns in AANN prediction error and subsequently used for damage detection purpose. A 

numerical experiment is performed on a 2D truss bridge for validating this proposed algorithm. 

The results demonstrated the efficacy of this algorithm to be employed for damage detection 

under varying temperature. 

Keywords: Damage detection; Artificial Neural network (ANN); Residual error modelling; 

Auto-associative neural network (AANN); Radial Basis Function (RBF) 

1. Introduction: 

Health of structural system reflects on its dynamic properties. Thus, an anomaly in structure due 

to damage can always be sensed through analyzing its dynamic response. Although, not only 

damage but effects of temperature or other environmental agents like wind or humidity on 

material properties may potentially alter the dynamic properties of the structure
 (1, 2, 3)

. Altered 

service conditions like modified loading pattern may also induce changes in the modal properties 

of the infrastructure systems. Isolation of damage sensitive features from the variation of 

dynamic properties due to all aspects combined, therefore, poses the major challenge towards 

efficient monitoring of structural health 
(4)

.  

This study will be, however, concentrating on the damage identification in structural systems in 

presence of temperature effects only. Generally, with increase in temperature, stiffness properties 

of most structural materials monotonically deplete. Besides, a damage occurred anywhere in the 

structure can also reduce its global stiffness. This stiffness degradation obviously affects its 

modal properties. Existing literatures on frequency based damage estimation observe that the 

impact of damage on modal properties is not always prominent or at least monotonic. Thus by 

mere tracking changes in the modal properties mostly fails to lead to a conclusive decision on the 

actual health of the system
 (5)

, especially for cases with varying temperatures
 (6)

. A temperature 

invariant yet
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damage sensitive feature can thus be a prospective breakthrough in this endeavor that can 

identify damages in presence of varying temperatures.  

Modal properties, being global parameters, are known to have mild sensitivity towards local 

changes in the structure. Compared to the time domain information, modal domain information 

is, however, easy to store and work with and can be used in developing very prompt damage 

detection methodologies 
(7,8,9)

. Yet, there are several studies that specify the aspect of low 

correlation between local damage to the modal property changes. This in turn discourages the 

use of modal information for damage detection purpose as a whole. This study, on the other 

hand, attempts to enhance this low correlation between damage and modal properties by means 

of machine learning.  

Present study applies a data driven approach to enhance the weak correlation between local 

anomalies with the global parameters. This is achieved through training neural network models 

using a rich archive of training data corresponding to the damaged and undamaged state of the 

structure. Of course satisfying this requirement of large data set especially corresponding to 

damaged state through experimentation may not be a practical or economically viable option. 

The undamaged data set can, however, be collected from a prolonged monitoring history of the 

structure under various temperature conditions. For the data related to damaged state, this 

approach simulates different damaged conditions under different ambient temperatures on a good 

predictor model instead of performing experiments on the real structure. The precision of this 

proposed damage detection technique eventually depends on the richness of this archive. With 

this as the central idea, this article presents a two-stage damage identification algorithm that is 

capable of filtering out the effect of temperature through setting up a temperature invariant 

feature which is subsequently employed for damage detection. 

 To this cause, modal parameters of the healthy structure under varying temperature have been 

considered in this study as measurements. Proposed approach further employs two consequent 

neural network steps in which the first one employs a network similar to the Auto-Associative 

Neural Network (AANN). This AANN step considers identified frequencies of the healthy 

system state as input while the same has been attempted to be predicted through this network as 

output. To embed the temperature-frequency (undamaged) correlation in this network model, 

ambient temperatures are additionally included in the AANN network as input. The temperature-

frequency dataset consumed to train this network corresponds only to healthy system states of 

the structure. The trained AANN network thus correlates the frequencies with temperature and 

frequencies themselves under the assumption of the healthy system state. Obviously, any 

violation of this assumption will invalidate this prediction model and will cause large prediction 

error. This article attributes this residual error to a possible damage case in the system. A second 

neural network is then employed to model this residual error to classify and localize the possible 

damage scenarios. To create a training data set for this second model, a predictor model is 

simulated for a batch of different damage conditions under different temperatures and the 

simulated frequencies are put through the AANN model in order to obtain the AANN prediction 

error against each damage case. Trained with these error-damage case dataset as input-output 

pairs, the second network can then efficiently classify the damage case for a given prediction 

error.  

The proposed methodology is tested on a numerical two dimensional truss bridge. The numerical 

model is prepared using ANSYS platform. Different damage scenarios involving different 
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ambient temperature, damage extent and locations are taken up. The predictive ability and 

possibility of a false alarm associated with the proposed algorithm have been investigated in this 

endeavor. Details of each of the steps are presented in the following. 

2. Auto Associative Neural Network 

Recent trends in neural network research concerns more about detection of novelty 
(10, 11)

. The 

approach is to follow a set of predefined patterns and identify any anomaly if arises. This is done 

by recursive comparison of the pattern in new data against the predefined one and try to identify 

if there is any significant change or as it is termed “novelty”. Among the various options 

available within the neural network based approaches, AANN has been identified as one of the 

strong candidate for novelty detection 
(11)

. AANN method defines a network in which the inputs 

and outputs are considered to be the same. The network architecture consists of three hidden 

layers, one input and one output layer. Within three hidden layers, the first one is termed as de-

mapping layer where the nodes are usually higher in number than the input layer and similarly, 

the third layer is called as mapping layer having equal number of nodes as in the de-mapping 

layer. In between these two layers, an internal layer is placed that has a dimension lesser than 

input as well as output layer. This layer is termed as bottleneck layer. General purpose AANN 

networks are symmetric in structure having equal network architecture before and after the 

bottleneck layer (see Figure 1).  

Thus by, AANN network firstly de-constructs the input into nodes larger in dimension than the 

dimension of input layers. Subsequently, information in all these nodes is compressed in 

bottleneck layer. Next, the same procedure is repeated but in reverse order to get back the inputs. 

Obviously, once this network is trained, this learns the inter-relation between the inputs 

themselves. This correlation is obviously valid as long as the inputs originate from the same 

source. Any alterations in the source will eventually cause an alteration in this correlation 

structure and subsequent error in the predicted output. 

3. Dual filtering strategy for damage detection  

In this study, two separate neural networks are employed in consequence: first one to detect 

presence of damage and the second one to localize it. The overall idea is to first develop a 

network model for prediction and use the prediction error as the novelty index to detect any 

possible damage. In the following, a second network is trained to relate the error in prediction to 

the corresponding damage cases. Details of both the steps are presented in the following. 

3.1 AANN based damage detection 

For the first objective, the previously described AANN method has been employed. For this, a 

set of measured natural frequencies obtained from a healthy structural system is used as input 

data. A five layer (input, output, and three hidden layers) AANN network is then employed to 

predict the same as output data (see Figure 1). For this a feed-forward back-propagation network 

is constructed with Tan-sigmoid transfer functions for the hidden nodes and Levenberg-

Marquardt algorithm as network training function. Once trained, this network can perfectly 

return the same input frequencies provided the input is collected from a healthy system. Thus if 

frequencies of a damaged system are fed in to this network, it can never yield the same 

frequencies as output since the reality does not conform to the assumptions made. Damage 
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obviously alters the correlation between frequencies and it gets reflected from the AANN output. 

The AANN prediction error, k
ε  , for this purpose becomes very handy, and can be used as a 

novelty index as: 

                                                               ( ) ( )k k k

i of T f Tε = −                                                                     

(1)  

where, k
ε  denotes AANN prediction error for k

th
 measurement. For a measured frequency ( )k

if T  

used as input, ( )k

of T  gives the AANN prediction as: ( )k

of T  = AANN( ( )k

if T ). Clearly, as ( )k

if T  

and ( )k

of T  are functions of ambient temperature T, the error term becomes inherently a function 

of T and thus not temperature invariant.     

 

Figure 1. Schematic diagram of the AANN model 

To take this ambient temperature into consideration, temperature has been additionally 

incorporated along with the frequencies as input. This in turn includes the correlation of 

frequencies and temperature into the AANN model. For this AANN network, the architecture is 

presented in Figure 1. This model is then trained using undamaged frequencies for which the 

prediction error for the validation data is observed to be considerably low. Since the AANN 

model is conditioned on data collected from a healthy system, prediction error will be large for 

data collected from any damaged system. Moreover, this prediction error is not only large in 

magnitude for damaged system, but also demonstrates patterns associated to each damage type. 

This aspect is exploited with a second ANN model, described in the following. 

3.2 RBF-ANN based damage localization 

 For damage localization as well, a second ANN model is employed. Through numerical 

experimentation, it has been identified that, unlike the impact of local damages on global 

properties (e.g. modal frequencies), the impact on the AANN prediction error is very prominent 

and consistent. It has further been observed that, every unique damage scenario demonstrates a 

very unique pattern in the AANN prediction error. One can thus closely follow the pattern in the 

prediction error to identify the corresponding damage scenarios. Thus, even though the 

magnitudes of change in modal frequencies are very small and therefore sometime undetectable, 

the pattern in change is very much distinguishable.  
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 ANN based classification algorithm is therefore employed in this study that uses Radial Basis 

Function as activation function (RBFNN) to classify the error patterns to corresponding damage 

cases. Compared to traditional Back Propagation Neural Network or BPNN, RBFNN is known 

to be fast learning algorithm. Additionally, it is characteristically a local approach simulating 

local adjustment of human brain and has been acknowledged as a very prompt classification 

algorithm in literature. 

 

Figure 2. Schematic diagram of the RBFNN model 

RBFNN typically consists of three layers with just one layer hidden. The remaining two layers 

are input and output layers (see Figure 2). The hidden layer nodes are termed as radial centers 

and they adopt an RBF as activation function. There is a family of RBF activation function to 

choose from: Gaussian radial function, thin plate spline, quadratic function and inverse quadratic 

function etc. are to name a few. Details of these basis functions are given in the following: 

Gaussian radial function:    
2 2/2( )i z

z e
σφ −

=    

Thin plate spline:               2( ) log( )i
z z zφ =    

Quadratic function:            
1

2 2 2( ) ( )i
z z rφ = +                                                (2) 

Inverse quadratic function:   
1

2 2 2( ) 1/{( ) }i
z z rφ = +  

where z = ||x − ci ||with x being the input and ci being the center of i
th

 cluster with i =1,2,· · · , m 

and m being the dimension of the hidden layer. The output layer being linear combination of the 

hidden layers can be presented as:  

                                                         
1

( );               1,  2,· · ·,
m

i

i ij

i

y w z j pφ
=

= =∑                                

(3)                                                                                 

with 
ij
w  as the weight defining the correlation between i

th
 hidden layer to j

th
 output layer.  



6	
	

This activation function basically maps the distance between inputs and radial centers to a 

distance measure and this mapping is non-linear. However, the output layer is a linear 

combination of the hidden layers and therefore is linear. The hidden nodes or radial centers can 

be estimated though K-mean clustering approach which creates k numbers of clusters of similar 

data types from the given observation data and finds the mean position (ci) and distribution (σ )  

of each cluster.  

Next, RBFNN is trained using AANN prediction error data set related to damaged and 

undamaged frequencies. The undamaged dataset can be obtained through rigorous monitoring of 

the actual structure. However, it can never be expected that a rich archive of frequencies 

corresponding to damaged state of the structure will be available. Thus instead of real data, a 

sufficiently accurate phenomenological model of the actual system can be simulated. This further 

can be compared against the measured data to check the validity of the model. Finally, different 

damage scenarios can be induced in this model in order to create a large archive of frequencies 

and responsible damage cases.  

The entire domain of the structure is further segmented and damages of different magnitude are 

induced in different segments under different temperature. All these frequencies along with 

corresponding ambient temperatures are then put through the previously developed AANN 

network and the prediction errors are recorded. These along with the undamaged datasets are 

subsequently employed as training input for the RBFNN model. For the training output, Boolean 

values are used to define segment health with 1 and 0 signifying damaged and healthy state 

respectively. The RBFNN is then trained with all the available datasets (damaged and 

undamaged combined). Once trained, a set of datasets are put through the trained network to 

check its validity.  

Furthermore, this study compares four different kernels for RBF (presented in Equation 2) to 

develop a multi-kernel RBFNN that employs a kernel in which each individual kernel functions 

are weighted and combined. For this, the system is simulated for each of the candidate kernels 

individually and their performances are quantified through a truth function Ι :  

                    
1 1

1 ˆ{ ; }
c s
n n

k sc sc

c sc s

P D D
n n = =

= Ι∑∑                                                 (4) 

ˆ
sc
D is the estimate of actual damage state Dsc measured in Boolean (1: damage; 0: healthy). 

c
n  

and 
s
n  are defined as the number of validation sample (or cases) and number of segments the 

structure has been divided into respectively. { ; }
k
a bΙ  can be defined as:  

                                                                      
{ ; }   1          

               0      

k a b if a b

elsewhere

Ι = =

=

               (5) 

Thus the performance measure of th
k  kernel,

k
P , will be 1 if every damage instance has been 

perfectly identified with no false positive or false negative predictions. On the other hand, 
k
P will 

have a value 0 if none of the damages are identified and also the healthy segments are identified 
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as damaged. This procedure is followed for all four kernels and their normalized weights are 

obtained as: 

                                                               
4

1

k

k

ii

P
w

P
=

=

∑
                                                                  (6) 

The kernel for the proposed RBFNN model is then defined as:  

  
4

1

( ) ( )i i

k k

k

z w zφ φ
=

=∑                                                   (7) 

where 
4

1

( ) ( )i i

k k

k

z w zφ φ
=

=∑  are the weighted sum of the individual kernels ( )i

k
zφ . 

 

Figure 3. Schematic diagram of the experimental structure 

In the following, a numerical experiment has been performed on a 29 members 2D truss and 

attempts are made to identify the damage in presence of varying temperature. The details of this 

experiment are presented in the following. 

4. Numerical experiment 
For this numerical experiment, a bridge truss is considered for which the geometry, boundary 

condition and section details are adopted with minor alterations from (12). The truss, presented 

in Figure 3 is a simplistic representation of the Louisville Bridge in USA. The geometric 

properties and section details are listed in Table 1. 

Table 1. Geometry and section details of the truss 
 

Elements Length (m) C/S area (cm
2
) Section details 

B1B2, B2B3 8.0 181.0 IPB360 

B3B4, B4B5 8.0 373.0 IPBV300 + 2PL350*10 

B1TI 11.3 463.0 IPBV300+2PL400*20 

B2T1, B4T3 8.0 72.7 IPE360 

B3T2, B5T4 8.0 143.0 IPBL360 

B3T3,B3T3,B5T3 11.3 181.0 IPB360 

T1T2, T2T3 8.0 373.0 IPBV300+2PL350*10 

T3T4 8.0 463.0 IPBV300+2PL400*20 
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A finite element model (FEM) representing the healthy state of the truss is prepared with 

ANSYS 18.1 commercial FEM software. The material model is defined with its dependence on 

temperature between ranges of -30  to 70 . The modal properties are obtained through modal 

analysis under different temperature conditions. Considerable variations in frequencies under 

varying temperature are observed even for the healthy state of the structure. This clearly 

emphasizes the fact that damage detection through tracing the frequency change may lead to 

false predictions, and thus by it attests the importance of this study. First five natural frequencies 

and corresponding ambient temperatures are recorded from this system. Conceptually, this 

ANSYS model mimics the healthy state of the system and will be treated as the “real structure'' 

for this numerical experiment. An AANN model is then prepared with these recorded data and 

associated prediction errors are estimated.  

Next, segments are defined for this structure. In this particular experiment, eight numbers of 

equally spaced segments are defined. The segment is considered to be damaged if any of the 

members within that segment is damaged. Damages in the vertical posts (e.g. B2T1, B3T2 etc.) 

are assumed to cause damage in both the adjacent segments. In the following, a large list 

containing damage cases under arbitrary ambient temperatures is prepared for which the natural 

frequencies are required to be simulated. For this, one needs to prepare a sufficiently accurate 

phenomenological model of “the real structure” (here the ANSYS model). Since this method is 

validated numerically in this study, a numerical model to replicate the real system is however 

already available (i.e., the ANSYS model itself). For real cases, one although have to make a 

good predictor model of the system.  

Finally, all the damage cases under different temperature conditions from the list are simulated 

and corresponding natural frequencies are recorded. These natural frequencies when put through 

the AANN model obviously yielded large error in prediction. The comparison between 

prediction error for damaged and undamaged scenarios are presented in Figure 4. In this figure, 

it can be observed that AANN has yielded significantly large error in prediction for frequencies 

collected from damaged system. Eventually, with prediction error as the damage index, the 

occurrence of damage can easily be identified. The natural frequencies are further compared 

from damaged and undamaged case studies (see Figure 5) and found that the variation 

bandwidths for damaged or undamaged frequencies under different temperature are quite similar. 

Thus, by only comparing variation in frequencies, nothing can be concluded on the health of the 

structure. In contrast, with AANN prediction error, the occurrence of damage can be identified 

without any ambiguity. 
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Figure 4. AANN prediction error for all frequencies of damaged and undamaged state 

(First 48 datasets correspond to healthy state and remaining correspond to damaged state) 

 

Figure 5. Damaged and undamaged frequency variations under varying temperature 
(The grey area signifies the band in which frequencies can vary under damaged condition.) 
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Figure 6. AANN prediction error for different damage cases 
(Each damage case demonstrates a unique pattern. For the second case study, first three samples correspond to the 

damage case B3B4-B4B5 and therefore is a little different in magnitude from the rest (B4B5). However, the trend is 

found to be the same. All patterns are found to have no temperature dependencies.) 

 

Next the cases with similar damage conditions are collected and their prediction errors are 

plotted in recurrence in Figure 6. Results corresponding to four different damage cases in B2B3, 

B4B5, T2T3 and B9T7 are presented in this article. Additionally, for the case study with damage 

in B4B5, three damage cases are prepended in which B3B4 is additionally damaged along with 

B4B5. The objective is to identify whether presence of damage in other segments masks damage 

in certain segment or not. It can be seen from Figure 6 that each of the damage cases have a 

unique pattern in prediction error from which the corresponding damage can be identified. Also, 

this pattern is found to be temperature invariant and therefore appearing consistently for all case 

studies performed under different temperatures. The same is not true if the natural frequencies of 

a damaged state is directly compared to a standard undamaged frequency (say natural 

frequencies of the healthy state at ). These errors in frequency, unlike the AANN prediction 

error, are observed to be following no significant pattern (see Figure 7). Additionally, it has also 

been observed that presence of damage in B3B4 did not mask the damage in B4B5 and also the 

unique pattern of B4B5 is not much altered but only in some places enhanced. 

These results motivated the use of proposed RBFNN in order to localize the damage. For this, 

the AANN prediction errors corresponding to all case studies (damaged and undamaged cases 

combined) and corresponding damage status have been employed in RBFNN as inputs and 

outputs  

 

Figure 7. Error in frequency for different damage cases 
(Damaged frequencies are compared against undamaged frequencies at 20

o
C and the errors are plotted.) 
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Figure 8. Validation study of RBFNN for damage detection for different damage cases: 

With noise free measurements 

 

respectively. Four different kernels (presented in Equation 2) are compared and their 

performance indices came out to be {0.98 0.96 0.93 0.94} respectively. With these performance 

indices, the weights of multi-kernel RBFNN are calculated. The network is subsequently trained 

with this multi-kernel approach. The model is further validated using a set of validation sample. 

Furthermore, this entire numerical experiment is done with and without considering noise in the 

measured frequencies. For cases with noisy measurements, 2% noise is added to the measured 

natural frequencies. Damage detection results corresponding to both these experiment are 

presented in Figures 8 and 9. 

 

Figure 9. Validation study of RBFNN for damage detection for different damage cases: 

with 2% noise in measurements 

 

From Figures 8 and 9, it can be verified that the RBFNN has precisely identified the damage 

location/s. While noise free measurements lead to a near perfect damage estimation, with noise, 

some healthy segments in the system are falsely identified as mildly damaged. However, this 

error in estimation due to noise contamination can be easily avoided through recursive 



12	
	

estimation. Three undamaged cases are also tested in this endeavor and it has been found that 

RBFNN method does not raise any significant false alarm. 

5. Conclusion 

Present study proposes a two-stage neural network based damage detection algorithm that can 

detect damage using modal frequencies in presence of temperature variation. For this, an AANN 

based algorithm is developed that defines a prediction error based novelty index to detect 

presence of damage in the structure. The pattern of this prediction error is further found to be 

invariant to the temperature variation. Additionally, this pattern is found to be unique for each 

unique damage scenarios. This aspect is further used for damage localization purpose using an 

RBFNN based classification algorithm. The results demonstrated that the proposed algorithm can 

perfectly detect damage under varying temperature with no serious false alarm. 

6. Reference 
 

1. MA Wahab and G De Roeck, ‘Effect of temperature on dynamic system parameters of a 

highway bridge’, Structural Engineering International, Vol 7, No 4, pp 266-270, 1997. 

 

2. CR Farrar, SW Doebling, PJ Cornwell, and EG Straser, ‘Variability of modal parameters 

measured on the Alamosa canyon bridge’, tech. rep., Los Alamos National Lab., NM 

(United States), 1996. 

 

3. J Ko, J Wang, Y Ni, and K Chak, ‘Observation on environmental variability of modal 

properties of a cable-stayed bridge from one-year monitoring data’,  Structural health 

monitoring, Vol 2003, pp 467-474, 2003. 

 

4. Y Xia, B Chen, S Weng, YQ Ni, and YL Xu, ‘Temperature effect on vibration properties 

of civil structures: a literature review and case studies’, Journal of civil structural health 

monitoring, Vol 2, No 1, pp 29-46, 2012. 

 

5. O Salawu, ‘Detection of structural damage through changes in frequency: a review’, 

Engineering structures, Vol 19, No 9, pp 718-723, 1997. 

 

6. Y Xu, B Chen, C Ng, K Wong, and W Chan, ‘Monitoring temperature effect on a long 

suspension bridge’, Structural Control and Health Monitoring, Vol 17, No 6, pp 632-653, 

2010. 

 

7. SW Doebling, CR Farrar, MB Prime, et al., ‘A summary review of vibration-based 

damage identification methods’, Shock and vibration digest, Vol 30, No 2, pp  91-105, 

1998. 

 

8. H Sohn, ‘A review of structural health monitoring literature: 1996-2001’, Los Alamos 

National Laboratory Report, 2004. 

 



13	
	

9. Y Yan, L Cheng, Z Wu, and L Yam, ‘Development in vibration-based structural damage 

detection technique’, Mechanical systems and signal processing, Vol 21, No 5, pp 2198-

2211, 2007. 

 

10. K Worden, ‘Structural fault detection using a novelty measure’, Journal of Sound and 

vibration, Vol 201, No 1, pp 85-101, 1997. 

 

11. H Zhou, Y Ni, and J Ko, ‘Eliminating temperature effect in vibration-based structural 

damage detection’, Journal of Engineering Mechanics, Vol 137, No 12, pp 785-796, 

2011. 

 

12. S Subhamoy, and B Bhattacharya. ‘Progressive damage identification using dual 

extended Kalman filter’ Acta Mechanica, Vol 227, Issue 8, pp 2099-2109, 2016. 

 

  


