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a b s t r a c t 

Automated calibration is a crucial stage when validating non-linear dynamic systems. The 

modeler must control the calibration results and analyze parameter values in an iterative 

way. In many non-linear models, it is usual to find sets of configuration parameters that 

may obtain the same model fitting. In these cases, the modeler needs to understand the 

results’ implications and run a sensitivity analysis to check the model validity. This pa- 

per presents a framework based on niching genetic algorithms to provide modeler with 

a set of alternative calibration solutions which also ease the analysis of their parameters, 

model’s response, and sensitivity analysis. The framework is called MOMCA, an integral 

and interactive solution for model validation which facilitates the implication of decision 

makers. The core component of MOMCA is its niching genetic algorithm, able to reach var- 

ious optima in multimodal optimization problems by keeping the necessary diversity. The 

proposed framework is applied to two different case studies. The first case study is a bio- 

logical growth model and the second one is a managerial model to improve brand equity. 

Both applications show the benefits of the framework when providing a set of calibrated 

models and a way to analyze and perform sensitivity analysis based on the set of solutions. 

© 2016 Elsevier Inc. All rights reserved. 

1. Introduction 

Non-linear dynamic models are widely used as they characterize real-world systems and the key relationships between 

their elements. These models are particularly suitable for systems with a high number of interrelated variables, where all 

relevant data to build the system is not always available or precise. They also provide a way to carry out simulations, under- 

stand the effects of alternative strategies, and assist stakeholders in better planning and management [67] . An example of 

these models is system dynamics which presents methodologies and tools for developing mathematical models of complex 

systems for social, biological, and economic problems [34,51,62,68] . 
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A decisive phase when modeling non-linear dynamic systems is model validation [67] . The validation requires testing 

a set of hypothesis, the significance of their behavioral components (by assuming that the behavior is a consequence of 

the system structure), and the historical model fitting [49] . Validation is also measured in terms of degrees of confidence 

or quality and this quality is usually difficult to obtain for most non-linear simulation models in use [25] . The search for 

better validation procedures and methodologies is still necessary to ensure an appropriate level of confidence in the models’ 

performance [6] . 

Automated calibration, mainly based on gradient search methods and genetic algorithms (GAs) [3] , is a useful tool for 

model validation, but its results must be analyzed with caution [49] . The modeler needs to use automated calibration meth- 

ods judiciously and in iterative and controlled way in order to manually filter the different alternatives. Otherwise, if mod- 

elers blindly accept the calibrated parameters without studying them, these values will be forced to match the historical 

behavior, with the subsequent risk of treating the model as a black box [58] . 

The presence of a multimodal nature of parameters is an another problem while calibrating the model [46] . The existence 

of several sub-optimal solutions in a multimodal search space [28] causes difficulties to find a unique solution for the 

parameters. This is also known as “system identifiability” [4] . Modelers also need to study the parameters and outputs of 

the model as non-linear simulation models cannot be properly understood without exploring their behaviors under different 

parameter settings [37] . Input/output exploration, sensitivity analysis, and parameters’ distribution visualization are the most 

valuable validation techniques to help to understand the model’s behavior [37,49] . 

In this contribution, we propose a novel calibration framework based on handling the parameter space multimodality 

to help and support the modeler in an integral model validation process. Our multimodal calibration framework, called 

multimodal optimization for model calibration (MOMCA), can obtain a set of different and acceptable calibration solutions 

for the same model in a single run. The framework generates different parameter configurations which show the same or 

a similar model behavior. This archive of valid calibration solutions are used by MOMCA to perform automatic parameter 

analysis and run sensitivity analysis to provide additional indications on the model validity [59] . 

The use of niching genetic algorithms (NGAs) for the optimization process [28,54,61] is a key strength of the presented 

framework. These methods allow the framework to obtain multiple alternatives (calibration solutions) in a single run and to 

enhance the exploration of possible combinations of parameters [71] . The majority of the existing NGA-related studies tried 

to find a single best solution without getting stuck in local optima and the assessment is made in terms of the number 

of found optima from the known set of solutions [61] . However, our MOMCA approach takes advantage of NGAs not only 

to improve the search performance of standard GAs but to also offer the modeler a set of equally preferable calibration 

solutions in terms of fitness (model fitting). 

Up to our knowledge, this work represents the first NGA application to model calibration. Additionally, the framework ex- 

tends current state-of-the-art solutions by incorporating interaction methods that achieve the primary MOMCA objectives: 

to serve as an integral framework for a whole model validation process [49,56] and facilitate the implication of decision 

makers and stakeholders [6,67] . The proposed MOMCA framework is decomposed in three main stages: 1) an optimization 

algorithm based on NGAs, 2) an evaluation and interactive filtering process on the set of calibration solutions, and 3) an as- 

sisted sensitivity analysis and parameters’ study based on quantitative and visualization tools for the same set of calibration 

solutions. 

After presenting the framework we apply it to two non-linear models for different real-world case studies, disparate 

both in the application field and the used modeling methodology. In the first case, MOMCA is applied to a biological model 

based on the dynamic energy budget (DEB) theory [36,41] . DEB interrelates several physiological processes of individual 

organisms such as ingestion, assimilation, respiration, growth, and reproduction to simulate non-trivial biological processes. 

The calibration of a DEB model is complex because the observations of some parameters of the models are not directly 

measurable [24,57] . We calibrate a growth prediction model for blue mussels using empirical data from a Norwegian bay 

area by also analyzing the parameters and DEB model response. 

The second case study uses system dynamics for modeling a brand value management problem [1] . The model simulates 

the evolution of the brand equity of a television show, the Indian television show Who wants to be a millionaire? [45] . In 

this second case, modelers are assisted through MOMCA to estimate the parameters of the effects between the branding 

variables of the case and to understand the dependencies between those parameters that better fit the interest level of the 

television show. Our experimentation also shows the generic nature of the MOMCA framework which allows its application 

to any non-linear simulation model. 

The rest of the paper is structured as follows. Section 2 extends this work motivation as well as the benefits of the 

framework to tackle existing challenges in model calibration. Then, Section 3 explains the MOMCA framework and its com- 

ponents. The computational setup is established in Section 4 while Sections 5 and 6 describe both case studies with more 

details and report the results analysis and modeling implications. Finally, we present our concluding remarks in Section 7 . 

2. Open problems and motivation for the MOMCA framework 

In this section, we review related literature, explore the main existing problems in non-linear models validation, and 

highlight how our proposal can help to face them. A summary of these open problems and MOMCA benefits is shown in 

the diagram in Fig. 1 . 
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