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Abstract 
In this paper a method for damage localization using finite element model updating is 
introduced as a subsequent step to a three tier SHM scheme for damage detection. Modal 
parameters are used for the formulation of an objective function of an optimization problem. 
This problem is solved using sequential quadratic programming. The proposed approach is 
applied to two examples. The first is a purely numerical benchmark that proves the 
functionality of the algorithm for damage localization. The second example is a scaled model 
of a wind energy converter on a tripile structure with real damage. The algorithm is able to 
locate damages with a small disturbance of the initial parameters, but it reveals a poor 
convergence behaviour. This is assumed to be caused by the Maratos effect. 
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1. INTRODUCTION 

Structural Health Monitoring (SHM) is necessary to ensure functionality of offshore wind 
energy converters. The Federal Maritime and Hydrographic Agency (BSH) of Germany even 
instructs the operators to have at least ten percent of the substructures equipped with SHM 
systems [1]. Hence, there is a big demand for systems that are able to detect and localize 
damages [2]. Furthermore, these systems can help reducing the time and cost consumptive 
visual inspections of big structures. Finite element model updating is known to be a 
promising approach for damage localization in large civil engineering structures. 
According to Rytter [3], SHM methods can be classified to different levels: Level 1 is 
damage detection, Level 2 is localization of damage, Level 3 quantifies a damage and 
Level 4 estimates the remaining service life. A higher level can only be reached, if the 
previous is fulfilled. Recently, a three-tier modular SHM framework containing methods for 
Level 1 was developed at the Institute of Structural Analysis [4] (see Figure 1), a practical 
implementation is given in [5]. If this framework encounters potentially unhealthy data, 
Level 2 SHM is the successive step. Hence, damage localization is in the scope of this paper. 

The occurence of significant damages is supposed to alter the dynamic behaviour of a 
structure due to stiffness changes [6]. Besides direct techniques that only use measured data 
for damage localization, there are model based techniques that are known to outperform the 

non-model based approaches [9]. The mismatch between a numerical model and the 
measured data can be used to modify the numerical model in order to fit the measurements. 
The positions where stiffnesses of single elements in the numerical model are altered by an 

algorithm can be interpreted as the damaged areas. Time series, frequency response functions 
and modal data are suitable for comparing measurement data and numerical model. Modal 
parameters provide the advantages of not needing any input data such as forces, there are  
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Figure 1 [4]: In the modular SHM framework, training and testing data sets are rated based on combinations of 
machine learning algorithms, condition parameters and hypothesis testing based on probabilistic models. If data 

are classified as potentially unhealthy, level 2 SHM is the successive step 

quite reliable sensors and established methodologies to extract them from measurements [7]. 
Therefore, using modal parameters is widely accepted in model updating. The combination of 
deviations of eigenvalues and mode shapes to a single objective function is proven to lead to 
better results than a uncoupled treatment [8]. Whereas direct methods are suitable for simple 
applications, algorithms used for model updating in complex structures typically implement 
iterative optimization methods in order to reduce the deviation between numerical model and 
measurement data [9]. Sequential Quadratic Programming (SQP) is such an iterative 
optimization algorithm that is especially known for its numerical stability. In comparison to 
other optimization algorithms, SQP is supposed to need less evaluations of the objective 
function [10]. This is of special interest in model updating because each evaluation of the 
objective function includes a numerically costly modal analysis. In the current work an 
implementation of a SQP method and a new application for this advanced optimization 
method is presented. 
Section 2 of the paper deals with the formulation of the objective function based on mode 
shapes and eigenvalues. Section 3 provides an overview of the implemented SQP method. 
After the theoretical foundations have been laid, the algorithm is applied to a numerical 
model of an offshore wind turbine based on a monopile foundation with artificial damage 
induced via stiffness reduction of single beam elements in section 4. The algorithm is applied 
to the localization of these damaged elements. Besides this theoretical benchmark study, in 
section 5 the algorithms damage localization capabilities are investigated on a scaled model 
of a tripile foundation with real damage. Finally, section 6 provides concluding remarks and 
an outlook. 
 
2. FORMULATION OF THE OPTIMIZATION PROBLEM 

In order to be able to quantify the deviation between numerical models and measurement 
data, metrics for comparison must be defined. In this context, the modal properties provide a 
correlation between real systems and numerical models. On the one hand they can be 
measured precisely using established sensors and state of the art signal processing methods, 
on the other hand they can be obtained from a numerical model using established modal 
analysis techniques. Hence, modal quantities are chosen for model updating. The eigenvalues 
are compared using the expression 
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where the subindices m and s denote the measured and the computed eigenvalues that are 
dependent on the set of model parameters Θ , respectively. They are normalized to the 
measured eigenvalues in order not to overweight the deviations of higher eigenmodes. Here, 
Θ  represents the set of stiffness parameters. The scalar parameters   are weighting factors 
for the individual eigenmodes. These can be obtained from the energies of the measured 
spectra. According to [8], mode shapes are compared using the length of the difference vector 
of the eigenvectors with 

  
i

i
s

i
m

i

2
Θφφ , (2) 

with   being weighting factors for the mode shapes. After a damage event, neither stiffness 
can never be negative nor larger than before, hence upper and lower bounds ju  and jl  are 

defined for the parameters Θ . These bounds ensure physical feasibility of the model and are 
introduced as 

jjj ul Θ . (3) 

Damage is supposed to emerge in a single area rather than in several regions at the same 
time. Mathematically, this can be expressed using 


1

)( 1ΘA , (4) 

with A being a diagonal matrix containing weighting factors. The closer any of the variables 
gets to the expected stiffness reduction  , the closer all other variables have to be to 1. This 
parameter has to be fitted to the individual problem and the individual damage severity. 
Certain variables can be released from this constraint by setting the respective entry of A to 
zero. From a mathematical perspective, equations (1)-(4) can be interpreted as a nonlinear 
optimization problem. The sum of (1) and (2) forms the objective function that is to be 
minimized subject to the constraints (3) and (4), explicitly [8] 
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where the values   and   ensure that the deviations of the eigenvalues as in equation (1) 
and mode shapes as in equation (2) are in the same range. A good assumption is to set   to 
be equal to 2 . 

3. SEQUENTIAL QUADRATIC PROGRAMMING 

SQP is a class of techniques that iteratively find the solution to the general optimization 
problem (NonLinear Program, NLP) 

 xf
x

min  (6a) 

  ixci  0tosubject  (6b) 

by solving a series of Quadratic Programs (QP). In SQP, the NLP (6) is approximated at 
iteration k by the QP using Taylor’s expansion 
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where the solution vector p can be interpreted as a Lagrange Newton step towards the 
solution of the NLP (6), containing both optimization variables and Lagrangian multipliers. 
The subindex k denotes the evaluation of a function at iteration k and L the Lagrangian of 
(6). The next iterate xk+1 is calculated using  
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where  is a parameter controlling the step length.  
Methods for solving the QP (2) are classified into active set and interior point methods. For 
small problems (dim p<1000), active set methods are known to outperform interior point 
methods that reveal their potential for big problems, especially if warm start strategies are 
used [10]. For this reason, the QP is solved using an active set method. These methods 
approximate the solution of the QP iteratively by solving equality constrained subproblems of 
(7). The constraints of (7b) that are equal to zero at a given iteration can be treated as equality 
constraints. There are quite advanced methods for solving these QPs with equality constraints 
like the projected conjugate gradient method that is used here. 
It is apparent from (7a) that the first and even the second derivatives of the objective function 
(6a) are needed for construction of the QP. The partial derivatives of (6a) can be obtained 
using finite differences. A construction of the Hessian of the Lagrangian would be 
numericaly expensive, hence the second derivative L

2
xx  is approximated using the BFGS- 

method [10] with the unity matrix as an initial choice. Furthermore, using the BFGS method 
ensures that the matrix is positive definite, which simplifies the solution of the QP. 
In order to proceed to the next iteration the steplength parameter   has to be estimated first. 
It can be computed using a merit function, which measures the agreement between a step 
towards a minimum solution and the constraint satisfaction. By definition, the merit function 
is small for a good agreement. A typical merit function for SQP- methods is the 1l -merit 
function  

     
11 ; xcxfxΦ   , (9) 

where  
1

xc is set to zero if the constraints are fulfilled (  0xc ). A step kpk will be 

accepted, if it fulfills 

));;((),();( 111 kkkkk pxxpx kkkkk ΦDΦΦ   , (10) 

where ));;(( 1 kk px kΦD   is the directional derivative of 1Φ  in the direction kp  and  1,0k . 
If ));;(( 1 kk px kΦD   is negative, kp  is a descent direction for 1Φ . k  has to be chosen large 
enough to fulfill this condition. Appropriate ways to find good estimates for k  can be found 
in [10]. 

4. INVESTIGATION OF A THEORETICAL MODEL 

For a theoretical verification of the damage localization capabilities, the OC3 Phase 1 wind 
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energy converter [11] is chosen (see Figure 2). This model represents a 5MW reference wind 
turbine with a nacelle height of 90m and a rotor diameter of 126m. It is based on a monopile 
foundation that is clamped at the ground and has a water depth of 20m. The influence of 
resonating water was neglected. After a convergence analysis, the model was implemented 
with 14 Timoshenko beam elements for the tower and monopile using the software DeSiO 
(Design and Simulation Framework for Offshore Wind Turbines), which is an inhouse tool 
for pre- and postprocessing of offshore wind turbines at the Institute of Structural Analysis. 
The models of the OC3/4 pojects provide information on the geometry of offshore wind 
turbines that are usually not available due to retentions of the wind turbine manufacturers. 
Damage is simulated via a decreasing stiffness of single beam elements in 5 percent steps 
down to 20 percent of the initial stiffness. The resulting modal properties of the modified 
model are recorded and the undamaged model is then fitted to these ‘damaged’ modal 

 
Figure 2: Numerical model, locations of sensors (marked in red), transition piece (purple) and element 

numeration. 

quantities using the SQP- algorithm and the proposed objective function (5). The assumed 
sensor locations are illustrated in Figure 2. The first three global eigenmodes are considered 
for this investigation because these are known to be normally identifiable in real offshore 
wind turbines. The results of this investigation are illustrated in Figure 3. The correct 
stiffness reduction is identified only for a few cases (see the dark blue cells in Figure 3) 
whereas the correct location is found by the algorithm in most of the cases (blue) as it is 
intended. In 22% of the cases the algorithm detected damage to be in the neighboured section 
(bright blue), which is acceptable if one is interested in the damaged area only instead of the 
exact location. In some cases, especially for small damages and when damage is in the upper 
section of the tower, there was no localization possible (orange). This is the case when  
all stiffness parameters are lowered to the same level instead of altering the stiffness of a 
single element. The few remaining cases are wrong detections. These wrong detections locate 
damage in another element than the correct one and its neighbours.  
Especially in the upper section of the tower the performance of the algorithm is quite poor. 
Damage is localized successfully in the upper three elements of the tower only in 33 percent 
of the iterations. This is due to the fact that the changes in the upper area of the tower have 
little influence on its mode shapes and that the bending stiffness of the tower is quite low in 
this section in comparison to the lower section of the tower. 

87m 

20m 
1 

14 

7 

Element number 
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Figure 3: Overview on success of damage localization for different stiffness grades and different locations in the 
OC3 model. 

There are systems for ice monitoring of the blades that can facilitate a reduction of this 
negative effect. Usually, these systems provide a single accelerometer in the blade. With this 
additional sensor more information on the mode shapes is obtained especially for the upper 
section of the tower. The results of this investigation for the three elements located at the top 
of the tower are illustrated in Figure 3. The accuracy of damage localization increases  

Figure 4: Overview on success of damage localization in upper section for different stiffness grades and 
different locations using additional sensors in the blades in the OC3 model. 

dramatically with this additional measurement point for the elements in the upper section of  
the tower. Damage is localized to the correct section or the correct element in 84 percent of 
the iterations. In 25 percent of the iterations even the correct value could be estimated. There  
are only few iterations where no element is identified and only one false detection. A 
question that raises during the formulation of the QP as in equation (7) is how to define the 
derivative of the objective function and the constraints. Finite differences are used to 
approximate these derivatives. There are different possibilities regarding the finite 
differences, hence these are compared subsequently. Here, forward differences 
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and central differences 
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are compared. Due to the fact that  xf  is known, the forward difference is numerically 
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cheaper at first sight because for central differences two evaluations of the objective function 
have to be performed in order to evaluate the objective function for  hxf   and  hxf  . On 
the other hand, central differences are known to approximate the derivatives more precisely 
and lead to a faster convergence speed. 
The most important characteristic that is compared here is, of course, the accuracy of damage 
localization. Results using central differences are illustrated in Figure 5. Results from the 
preceding section (Figure 3 and Figure 4) are created using forward differences.  
Comparison of the differentiation methods reveals that central differences are superior to 
forward differences, as expected. Especially for small stiffness degradations the central 
differences perform a lot better. Damage is located at least in the neighboured element, 
whereas using forward differences damage could not be located for small damages. This is 
assumed to be caused by the more accurate approximation of the derivative using central 
differences. However, there are few false localizations in elements number 10 and 11. The 
detected element is always element number 14, the top element of the tower. Even with the 
additional sensor, this element has small influence on the eigenmodes. Obviously, the  
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Figure 5: Overview on success of damage localization for different stiffness grades and different locations using 
additional sensors in the blades and central differences in the OC3 model. 

algorithm converges to another optimum than the correct one. The forward difference 
approximation took an average of 5.45 SQP- iterations to converge, whereas using the central 
difference needed 6.17 iterations. The convergence behaviour is similar for both 
approximation methods, central differences converge a little faster (Figure 6). 

 
Figure 6: Comparison of convergence behavior of forward and central differences for damage localization in 

element number 7 and a stiffness reduction of 30 percent. 
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5. APPLICATION TO A SCALED MODEL 

5.1 Description of the model and the measurement set up 

A scaled model of a tripile foundation with tower is used in order to test and validate the 
developed method with real measured data. The dynamic effect of the rotor nacelle assembly 
is simplified using a head mass mounted on top of the tower (see Figure 7a). The structure is 
equipped with seven triaxial 3g accelerometers. Vertical oscillations are neglected. The 
accelerometers are arranged to identify at least the first four global bending eigenmodes. 
A possibility for stiffness variation is incorporated in one of the braces using double plate 
joints. Damage can be induced via loosening of bolts, insertion of different materials or  
notching, as it is done in this study (see Figure 7b). The replaceable section of the brace is 
notched increasingly in 13 steps beginning from a small notch to a cut through the complete 
 section. A possibility for stiffness variation is included in one of the braces using double 
plate joints. Damage can be induced via loosening of bolts, insertion of different materials or 
notching, as it is done in this study (see b). The replaceable section of the brace is notched  
increasingly in 13 steps, beginning from a small notch to a cut through the complete section. 
The structure is excited using impact hammer strokes. The excitation by the hammer is not 
recorded since an output only behavior is simulated. At each damage state, several time series 
are recorded using two different locations of excitation, one at the top of the tower to excite 
the first global bending eigenmode and a second one in the middle of the structure in order to 
excite the second mode shape. Frequency Domain Decomposition is used for system 
identification[7]. 

5.2 Application of the damage localization algorithm  

The eigenmodes and frequencies from the measurements can be utilized for updating a 
numerical model of the structure and to apply the damage localization algorithm. After a 
convergence analysis the model consists of 22 Timoshenko beam elements, six for each leg 
and four for the tower. Again, variations of Young’s modulus of various elements are used to 
model damage. Due to the fact that the braces are primarily shear stressed, the shear modulus  
is decreased accordingly. 

 

Figure 7: Tripile model, sensor location and induced damage. 

a)                       b) 

 

2.6m 

accelerometer 
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Direct application of the algorithm yields no results. As in some iterations in the previous 
example, all parameters are reduced to the same level and no damage localization is possible  
with this initial parameter vector. Hence, a disturbance is added to the vector. This 
disturbance could be predetermined by a global optimization algorithm that is conducted 
prior to the local SQP iteration. 
For the most severe damage, a cut through the complete cross section, one percent 
disturbance is enough in order to allow the algorithm to locate damage properly. With a cut 
through the complete cross section the stiffness of the elements located in the damaged area 
should be close to zero, but it is around 0.95, not being able to converge. This is due to the 
check of the merit function (equation 10), although a reduction of the stiffness of the 
corresponding element vitally affects the objective function value (see Figure 8). This 
phenomenon of a merit function influencing the step size and preventing superlinear 
convergence is known as the Maratos effect. There are different strategies for preventing this 
effect, such as the watchdog strategy or a second order correction [10]. 

 

Figure 8: Influence of stiffness reduction of the element in the damaged area of the tripile on the objective 
function. 

6. CONCLUSION AND OUTLOOK 

In this paper a damage localization algorithm based on finite element model updating was 
investigated as an extension to a three tier damage detection framework. In order to minimize 
the difference between a numerical model and measured data from real structures, 
eigenfrequencies and mode shapes were considered. This difference was minimized using 
SQP, a class of gradient based local optimization methods that has the advantage of high 
stability, good convergence behavior and being able to respect constraints.  
The algorithm was applied to two examples. The first example is a purely theoretical model 
of an offshore wind turbine based on a monopile foundation. Damage was simulated in 
various positions and the localization algorithm is applied. The investigations reveal that an 
additional sensor in the rotor blades helps locating damages in the top area of the tower. It is 
shown that the good performance of central differences compensates the additional numerical 
cost. There are few examples where the algorithm converges to the wrong solution. It is 
supposed that this behavior is caused by other local optima. Due to the fact that SQP is a 
local algorithm, it converges to the nearest local optimum, even if this does not provide the 
lowest objective function value. 
The second example is a laboratory model of a tripile structure that is excited with impact 
hammer strokes. The structure is notched gradually in one of the braces in order to simulate 
damage. For this example, success of damage localization is limited. The algorithm 
converges to the correct solution only with a disturbance of the parameter vector of at least a 
few per cent. Further progress is restrained by the Maratos effect, hence the algorithm will be 
extended by techniques to avoid this effect. 
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It was already shown that a global optimization algorithm is able to locate damage at this 
structure [8]. Furthermore, this method is supposed to find the correct solutions for the first 
example. The main disadvantage of global optimization methods is their demand for high 
computational power. There are modifications of the simulated annealing method that 
approximate the solution very roughly (Simulated Quenching [12]). This method will be used 
in future works to establish a two step algorithm consisting of simulated quenching for 
approximating the solution in the first step and SQP to find the exact solution in the second 
step. Furthermore, the SHM framework for damage detection that was developed at the 
Institute of Structural Analysis will be coupled to the damage localization algorithm. 
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