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ABSTRACT: In earth- and rockfill dams it is usually difficult to determine values of soil parameters by traditional methods; since 

destructive methods may affect the performance and safety of the dam structure in a negative way. The technique of inverse analysis, 

a non-destructive method, can be utilised to identify the values of soil parameters. An error function and a genetic search algorithm are 

combined with a finite element software to perform the inverse analysis. The model parameters in the chosen constitutive model are 

calibrated until the simulated values for the deformations correspond to the deformations from the inclinometer data.  
Errors or irregularities in field measurements can occur, for instance based on the accuracy of the equipment. In this study, the 

performance of the genetic algorithm was investigated, when applied to identify soil parameters for a dam. The inclinometer data is 
perturbed by randomly generated errors within a chosen interval. The results showed that the genetic algorithm found a minimum solution, 
even though the field data was substantially perturbed. Errors up to 10% were shown to have minor impact. 

 

1  INTRODUCTION 

In earth- and rockfill dams, information regarding the mechanical 
behaviour of the soil material in the dam zones is unfortunately 
often insufficient to provide a decent base for constitutive 
modelling. Determination of soil parameters by traditional 
methods is not easily performed, especially in the impervious 
parts, since the performance and safety of the dam structure may 
be affected by sampling in an unfavourable way.  

Inverse analysis, a non-destructive analytical method, can be 
utilised to obtain material parameter values for the constitutive 
models. Based on inverse analysis theories by Tarantola (1987), 
the technique was introduced to geotechnics by Gioda & Sakurai 
(1987); and has since then been applied to a wide range of 
applications. In inverse analysis, a finite element (FE) model can 
be calibrated until the behaviour observed in the simulation and 
monitoring correspond to each other. The calibration is 
performed automatically, by a search algorithm, until the 
discrepancy between modelled and observed behaviour is 
minimised. Levasseur et al (2008) developed a FORTRAN code 
that was utilising the genetic algorithm in inverse analysis. The 
code was interacting with the FE programme PLAXIS in the 
optimization process.  

With the base of the work by Levasseur et al (2008), Vahdati 
et al (2014) adopted inverse analysis to an earth- and rockfill 
dam. The genetic search algorithm was able to identify values for 
the material parameters that well captured the field behaviour, 
described by the horizontal deformations from an inclinometer. 
The results were also able to contribute to explain changes in the 
material when subjected to increased loads; showing that inverse 
analysis can be utilised to interpret field measurements.  

Even though a methodology is found for the identification of 
material parameter values, challenges are faced anyway. One of 
the challenges is errors in field data. Therefore, the occurrence of 
random measurement errors and their effect on the search 
strategy is the object of this study. In order to have a set of 
solutions that are known as “correct”, optimization is conducted 
towards a synthetic case. A synthetic case means that the 
inclinometer values are simulated in the finite element 
programme. Thereafter the obtained values are perturbed, 
choosing error intervals ranging from 1% up to 100%. The 
effects on the search strategy are assessed in terms of proximity 
to the solution of the unperturbed synthetic case. 

 

2  THE EARTH- AND ROCKFILL DAM 
 

The analysed earth- and rockfill dam is 45 metres high, with a 

crest width of 6.5 metres. The inclination of the upstream slope 

is 1:1.85 (V:H) and 1:1.7 (V:H) for the downstream slope. The 

dam is built with a central impervious core of glacial till. 

Adjacent to the core, there are fine and coarse filters. As 

supporting zones, rockfill was used. The foundation in the 

analysed section consists of rock.  
The dam is equipped with various types of installations; 

measuring e.g. deformations, seepage etc. A typical cross section 
is shown in Figure 1. 
 

Figure 1. Cross section of the dam. After Vahdati et al (2014). 

 

The procedure of finite element modelling of the dam is 
described in Vahdati et al (2014). For this study, the constitutive 
model Hardening soil was chosen, where the utilised soil 
parameter values are based on Vahdati et al (2014). Information 
about the Hardening soil model is available in Brinkgreve et al 
(2014).  

3  SOIL PARAMETER IDENTIFICATION  

Sensitivity analyses, performed by Vahdati et al (2014), showed 
that the two most sensitive parameters for deformations at the 
inclinometer position in Figure 1 are the reference secant moduli, 𝐸𝐸50𝑟𝑟𝑟𝑟𝑟𝑟 , of the core and of the rockfill. Therefore, these two 
parameters have been chosen for the optimization.  

The discrepancy between the measured values and the 
modelled values was evaluated by a scalar error function, with 
the base of the least-square method. Descriptions can be found in 
Levasseur et al (2008) and Vahdati et al (2014). 

The genetic algorithm (GA) is a global optimization 
technique, inspired by Darwin’s theory of evolution; which can 
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provide a set of solutions close to the global optimum. The 
process of optimization consists of some stages, starting with an 
initial population where the individuals are randomly generated. 
Thereafter the evolutionary processes selection, reproduction 
and mutation are applied. In this case, individuals will consist of 
pairs of values for the chosen moduli. Only the individuals with 
the best fitness, evaluated by the error function, are chosen to be 
parents. The processes are repeated until the average value of the 
error function for each new population does not vary 
significantly. Descriptions of the GA and optimization can be 
found in e.g Holland (1975), Goldberg (1989) and Haupt & 
Haupt (2004). 

For the optimization, the domain was limited by lower and 
upper bounds for each search variable; based on the previous 
study by Vahdati et al (2014). The bounds for the search domain 
are seen in Figure 2.  

The initial population size of 240, with offspring generations 
of 120, was found to be suitable by Vahdati et al (2014) and is 
also applied to the present study. This means that 240 FE 
computations are run for the initial generation, repeating the 
computations with offspring generations of 120 until the error 
function does not decrease significantly.   

4  ERRORS IN SYNTHETIC FIELD DATA 

In order to investigate how the search strategy (GA) is affected 
by random errors in the experimental data, the synthetic 
horizontal deformations from the inclinometer position in Figure 
1 are perturbed. Following a similar mathematical procedure as 
Mattsson et al (2001), perturbations are randomly generated 
within a chosen interval 
 − x < ψ < + x     (1) 
 
where |x| represents the limits of the intervals and 𝜓𝜓 is the 
randomly generated perturbation. Thereafter the horizontal 
deformation values are perturbed as follows 
 𝑢𝑢𝑥𝑥,   𝑝𝑝𝑟𝑟𝑟𝑟𝑝𝑝𝑝𝑝𝑟𝑟𝑝𝑝𝑟𝑟𝑝𝑝 = 𝑢𝑢𝑥𝑥 ∙ (1 + 𝜓𝜓)   (2) 
 
where 𝑢𝑢𝑥𝑥  is the deformation measured at each measurement 
point in the inclinometer. A new value for 𝜓𝜓 is generated for 
each point of the inclinometer deformations. The global 
minimum is represented by the perturbation 𝜓𝜓 = 0 when the 
solution corresponds to OPT. The following perturbation 
intervals, |𝑥𝑥|, are considered: 1, 2, 4, 6, 8, 10, 20, 30 and 100%.  

The optimum solution (OPT) is known as [𝐸𝐸50,𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟
, 𝐸𝐸50,𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

] = 
[56.250 MPa, 7.8125 MPa], considering the reference secant 
moduli from the Hardening soil model.  

5  RESULTS  

The obtained optimization variable values for 𝐸𝐸50,𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟
 and 𝐸𝐸50,𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

, 
are plotted in Figure 2 for the minimum value of the error 
function for each perturbation interval. 

The minimum solution for each interval is shown along with 
the global optimum (OPT), which represents the unperturbed 
case. The global optimum is not found exactly when searched for 
with perturbed deformation values. This should not be regarded 
as misbehaviour of the algorithm, but rather as a consequence of 
the perturbed set of inclinometer values.  

For perturbation intervals up to 10%, the minimum solution 
for each interval are gathering around the global optimum (OPT). 
Considering higher perturbation intervals, 20% and above, the 
distance from the global optimum to the minimum point 
increases. It should be noted that more solutions are available, in 
Figure 2 only the minimum solutions are shown.  

 

Figure 2. Minimum solutions for the perturbed deformation values. 

6  CONCLUDING REMARKS 

This study gives an indication of how random measurement 
errors are affecting the performance of the search strategy. The 
genetic algorithm is able to find a minimum solution for the 
optimization parameters even though the field data is 
substantially perturbed. This shows that the search strategy can 
handle errors, which is beneficial when field data is considered 
where errors are likely to occur. However, if data containing 
errors is incorporated in the optimization the obtained solution 
and the “real” solution can deviate from each other. 

Errors under 10% do not have large impact on the results for 
this case. The genetic search algorithm can continue to find 
solutions near the global optimum. Larger errors than 10% 
present solutions that deviate significantly from the global 
optimum. However, the algorithm is continuing the optimization 
process and is still finding solutions. This shows one of the 
strengths of the genetic algorithm.  
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