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Abstract 

 

Pre-salt carbonate rocks present a significant challenge for Swi (irreducible water saturation) estimation due to their complex and 

heterogeneous pore structures, which limit the effectiveness of traditional approaches such as the Timur-Coates equation. Nuclear Magnetic 

Resonance (NMR) has emerged as a valuable tool for characterizing rock properties, offering non-invasive insights into fluid distribution and 

pore geometry. However, despite its potential, existing methods struggle to accurately infer Swi from NMR signals in carbonate formations. 

Despite various approaches in the literature, there is no widely accepted solution for directly inferring Swi from NMR signals in pre-salt 

carbonate formations. Traditional methods and empirical correlations often fail, highlighting the need for novel machine learning-driven 

approaches. In this work, we use deep learning techniques to address this gap, employing ConvNeXt, a state-of-the-art deep learning neural 

network architecture that combines the strengths of traditional Convolutional Neural Networks (CNNs) with design principles inspired by 

hierarchical vision transformers (e.g. Swin Transformer), to perform both regression and classification (of discretized) Swi. To process 

sequential NMR signals, we adapt ConvNeXt to a fully 1D architecture, enabling it to efficiently capture both local and long-range 

dependencies in the data. Unlike standard CNNs, ConvNeXt incorporates large convolutional kernels, LayerNorm normalization, an optimized 

feed-forward network structure, among other improvements, allowing it to efficiently capture long-range dependencies and hierarchical 

features within NMR signals. These characteristics are particularly advantageous when modeling NMR responses from pre-salt rocks, where 

pore complexity challenges traditional signal interpretation. Our methodology incorporates a signal preprocessing pipeline, including filtering, 

amplitude and frequency normalization, feature extraction, and a resampling strategy to account for varying sampling frequencies across 

datasets from different wells. Additionally, since NMR signals exhibit different lengths, all time series are truncated to the first 5,000 points to 

ensure consistency. ConvNeXt's robust hierarchical feature extraction is particularly beneficial in this context, as it allows the model to 

effectively learn both low-level and high-level patterns in NMR signals, capturing critical features that influence Swi values. To further 

enhance model robustness, we implemented a customized data augmentation strategy based on the fusion of distinct NMR samples, combined 

with Mixup data augmentation, to generate diverse and representative synthetic samples. These augmentation processes combine different rock 

samples in a controlled manner to simulate a broader range of Swi variations and expand dataset diversity, mitigating the limitations posed by 

small sample sizes. Initial results demonstrate that ConvNeXt outperforms conventional methods, exhibiting superior generalization capacity. 

The model captures Swi-relevant features from NMR data, offering a data-driven alternative to traditional petrophysical models. Future work 

will focus on further refining model architectures, optimizing hyperparameters, and validating the approach in real-world scenarios. 

Additionally, Monte Carlo Dropout will be applied to quantify predictive uncertainty, and the model will be extended to infer both Swi and 

permeability, enhancing its applicability. 




