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Fig. 1  Stochastic log-linear model
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Stochastic modelling in finance and Monte Carlo simulations with R

Part C . Stochastic Log-linear model
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Abstract The key aim of this serial articles is to study various stochastic models in finance with emphasise on the

Monte Carlo simulations with R for these models.This paper investigates the stochastic Log-linear ( SLL) model and

obtains the mean payoff of European options.Moreover, this paper discusses how to perform Monte Carlo simulations

on the asset price.
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