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Abstract

The process of obtaining petrophysical properties of the subsurface structures and their spatial variability is called Reservoir Characterization
(RC). Usually, the process begins after a seismic and geological survey, using data from well-logs, core analysis, and seismic reflection. This
process allows us to predict the subsurface fluid flow, and reservoir performance to optimize the scavenging efficiency (Yu et al., 2011).
Several works have been proposed to solve this problem, but its difficulty and intrinsic uncertainties do not allow the generation of a systematic
method that can be used outside of certain study areas. Machine learning algorithms (ML) are well known for their large capacity to generalize,
and they show promise in the RC field, as has been shown in recent works allowing us to use seismic data to infer several types of well-logs.
(Alfarraj and AlRegib, 2018) Use a Recurrent Neural network to estimate density and p-impedance. (Biswas et al., 2019) Use a Convolutional
Neural Network (CNN), and a physical guide to estimate p-wave, s-wave, and density. (Das et al., 2018) use a CNN to estimate seismic
impedance. This work proposes an encoder-decoder-like architecture to estimate the well-log properties using post-stack seismic data, the
properties used were Density, Sonic, and P-impedance and the seismic data was obtained from the offshore F3-Block the Netherlands. The
results shows that the proposed architecture can infer the used properties beating results found in the literature. The proposed architecture is an
encoder-decoder, The encoder is composed of two convolutional layers activated by the ReLU function; both have 64 filters and a kernel size
of 3, followed by a MaxPooling layer. The input and the output of the first convolutional layer have skipped connections and are concatenated
with the encoder output. The bottleneck comprises a Flattening and a RepeatVector. The RepeatVector repeats the input T times. The decoder
has one LSTM with 200 neurons with a dropout layer, deactivating 5% of the units. Followed by a fully connected layer with 100 neurons, and
finally, the output has a regression layer composed of one neuron. The neuron is responsible for presenting the inferred Well-Log. The input is
a seismic trace matrix, sub-volume in-lines, that contains the seismic samples around the well and are used one at a time. The dataset is
composed of 4 wells: FO2-1, FO3-2, FO3-4, and FO6-1. The working depth is between 600-1300 ms. The sub-volume used has 11x11 traces
centered at the well. Since the model is trained with the in-lines. The database has 44 samples, of which 33 were used to perform the training
process (3 wells) and 11 samples for testing. Validation uses 20% of the test samples. The sub-sampling of the well-log was performed by
interpolating the midpoint every 4 ms. The filtering was performed using a low-pass Butterworth filter with order 3, power of 1, and a critical
frequency of 4. To measure the performance of the model, the Pearson correlation is used. In this work, an encoder-decoder model was
proposed to estimate well-log properties from seismic data using CNN and RNN, respectively. The model was validated using 4-fold validation
and tested with three different properties: density, sonic, and P-impedance. The results show that the model has a good inference capacity,
beating results found in the literature, and perhaps it can be improved by using a larger dataset.



