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Earthquakes are a hazard which compromises many lives every decade around the planet. Finding out more about
the source of earthquakes can help to make decisions to avoid fatalities. To investigate the source of an earthquake,
wave motion data can be inverted for the fault parameters. The inversion process comprises an optimization of a
highly non-linear misfit function. There are in general two issues when optimizing highly non-linear functions: the
function shows in general many local optima and the global solution might not be unique. Standard optimization
procedures, like the common Newton optimization or the genetic algorithm, can not be used since they either find only
one stationary point or are inefficient. Recently, we introduced a new hybrid optimization method which is able find
many optima and can effectively remove them from the function. The resulting algorithm finds, lists, and removes
optima until the global optimum is found or until no improvement of the misfit can be made. This new optimization

procedure can be used to invert for many fault parameters and could therefore deliver a clear picture of the fault |

dynamics. As a first step, in this work, we are outlining the theory for the acoustic approximation of the wave equation ‘
and a simplified source term. The simplifications are made to direct the focus on the optimization procedure and to

keep the mathematical procedure as simple as possible. Future work will, step by step, consider more complex models.

Earthquake fault parameter inversion is a promising field of research. An accurately defined source leads in turn to accurate
ground motion predictions. The promising perspective comes at a cost; local and global optimization procedures, like the
Newton method and the genetic algorithm, offer a trade-off between accuracy and computational cost. Using the renowned
Newton method cannot lead to success finding the global optimum because the misfit function to be optimized exhibits many
local optima due to the natural sine shape of a wave. Ackley’s function (see below) represents a famous example for this
problem. Furthermore, the global optimum might not be unique. On the plus side, the Newton method is very efficient in
finding a stationary point. As a global method, the genetic algorithm suffers from high computational costs in high dimensional
search spaces. Also, since no local information of the function is used, the algorithm cannot determine whether a stationary
point is found. Therefore, only one solution can be found. An advantage of the genetic algorithm is, however, that the global
optimum will be found eventually [1]. Genetic algorithm and the Newton method are only examples of many local and global
optimization methods but they are representative in terms of advantages and disadvantages. To join the advantages of both
methods, hybrid methods have been developed [2, 3,4, 1]. Hybrid methods are using a global optimization scheme like the
genetic algorithm to explore the parameter space and a local scheme to find stationary points. One major drawback persists;

one optimum can be found several times which leads to biased behavior and a premature convergence. Another algorithm :
worth mentioning in the context of earthquake source inversion is the neighborhood algorithm [S]. This scheme places a
multiplicity of individuals randomly in the search space. The function values of the individuals determine regions in which the
global optimum could be located. The neighborhood algorithm does not use local information. For many dimensions of the
search space, the algorithm becomes inefficient because many individuals are necessary to preserve the unbiased behavior.
Recently, we proposed a new method with the name Hybrid Genetic Deflated Newton method (HGDN) which uses the
advantages of a hybrid method. The new method places several individuals randomly in the search space. All individuals
perform a Newton method to a stationary point. The found points are transferred to a list and the points are removed from the
function by deflation. Afterwards, the entire population of individuals is set back to its starting position and the search starts
again. Already found optima cannot be found again. Therefore, the individuals converge in new stationary points. The
procedure continues until no more stationary points can be found in the vicinity. A genetic algorithm replaces the fittest
individuals and the procedure starts over. In the context of earthquake source optimization, the function to be optimized is a
functional, mapping a real number to the difference of a computed and a measured wave motion field. The mentioned
individuals are different source models. Since it is unfeasible to obtain the gradients and the Hessian by finite differencing, the
adjoint equations of the problem have to be derived. The location of the optimum gives the parameters of the source of the
investigated earthquake.
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The optimization is subject to the wave equation
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In this work, we outline the work flow of using HGDN for fault parameter optimization, illustrating the concept for the case of
a distributed acoustic source. Future work will consider the corresponding elasto-dynamic source inverse problem. The poster
is organized as follows. Each box gives an introduction to the basics of the new algorithm. The center box outlines how the
methods are joint to create the earthquake source optimization method.
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2. Hybrid Optir 4. Deflation Operators

The core of the novel optimization method is the deflation. After a new optimum is found, its location is transferred to
a list. In the next iteration, the function will be deflated at the stored locations. The function being deflated means that
the gradient of the function is altered as shown in the equation below. Deflating the function effectively removes the
stationary point since a Newton scheme does not converge anymore in deflated optima. Therefore, already found
optima cannot be found again, which represents the main advantage compared with traditional hybrid methods.
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The deflation operator presented below cannot directly be used when multiple deflations occur since the gradient of
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