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Abstract

This study presents a workflow for seismic inversion and characterization using both unsupervised and supervised Self-Organizing Maps
(SOM) to analyze a clastic faulted and tilted reservoir in the Poseidon field, Western Australia. The aim is to delineate lithology, especially the
porous sands, in a complex geological setting, benchmarking this brand-new characterization approach with traditional statistical methods, after
seismic inversion. The SOM is powerful to handle large datasets, recognize outliers, and preserve the relationships between data ensures
accurate and reliable reservoir characterization, even in challenging, data-scarce areas. In the case study, one full-stack, three angle-stacks, and
eight wells, are available to study the Plover and Montara Formations. The Plover Formation is characterized by fluvio-deltaic sands and
volcanic materials, while the Montara Formation comprises deltaic to shallow marine deposits (ConocoPhillips, 2012). A Residual Normal
Moveout (RNMO) correction has been applied to ensure the compatibility between the stacks before any inversion process. After controlling
and conditioning the well database, the wavelets have been extracted statistically and optimized in phase and energy using a multi-trace, multi-
well approach. The well tie has been carried out using all the stacks simultaneously, ensuring good control while interpolating the impedances
along correlation lines for the prior model building. The model-based elastic inversion parameter set has been designed to ensure a relatively
high convergence, incorporating the seismic signal and removing the noise, partly thanks to its grid-based aspect, and a prior dip volume
estimated from seismic data. A petro-elastic model has been built, both at a well scale and after upscaling, providing various training and
validation datasets for the SOM. If compatible, these datasets are then enriched using more seismic attributes. The characterization process
included both unsupervised and supervised SOM applied to the inversion results and attributes, in 3D. The unsupervised SOM reorganizes
these high-dimensional data into a two-dimensional map, to visually select features related to key lithologies, enhancing both geological
interpretability and control. The supervised SOM automatizes the key neurons selection, producing a labeled cube with lithological classes.
After adjusting key parameters and inputs in both steps, the lithologies tend to be better identified, especially the sands, and, to a lesser extent,
the volcanic materials, compared to classical statistical methods such as the discriminant analysis. Quality controls based on geological criteria
were crucial for validating the results, with visual inspections confirming that the key neuron selection correspond to realistic geological
features such as channels, fluvial deltas, and sand deposits such as barrier fringing sandstones. This workflow, combining advanced seismic
inversion techniques, machine learning algorithms, and rigorous quality control mixing machine learning and geological concepts,
demonstrates the potential to effectively characterize complex reservoirs, even in challenging geological conditions.



