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Abstract

Variation in where stratigraphic surfaces are interpreted in well logs can significantly impact oil and gas resource calculations. Generating
stratigraphic picks in hundreds of wells logs can take a geologist weeks to months. We propose a method for how supervised machine-learning
can be used to extend human-generated well log picks to new wells, assuming a highly penetrated area where most depositional variance is
captured in a training dataset. We use an open dataset of 2193 wells from the Mannville Group in Alberta Canada [Wynne et al., 1995] and our
code is open source [Gosses and Zhang, 2018]. Curve matching approaches, while useful for lithologic correlation, are abandoned due to the
difficulty of getting those methods to deal effectively with local controls on deposition or controls whose expression changes spatially. Instead,
features are created to mimic the visual comparisons geologists make while correlating cross-sections but at a lower level of observation,
letting the machine-learning algorithm, XGBoost, combine features and assign weights to reach higher-order conclusions. For each depth point,
features are created using GR, ILD, DPHI, NPHI curve values at above, below, and around that depth point. Other features are generated from
known picks in neighboring training wells, curve data features from neighboring wells, location, and summary descriptions of each full well.
To address class imbalances that result from trying to predict one depth in a well of thousands of depth points, we create class labels for depth
points at the pick, within 0.5 meters, above 5 meters, below 5 meters, and outside that range. Less than 15% of the depth points outside of the 5
meters range are kept for training, and two machine learning models are employed in sequence. The first for class prediction. The second to
examine the depths labeled as either at the pick or within 0.5 meters and choose the best pick candidate in each well via regression. For the top
McMurray pick, absolute mean errors are similar to that of a geologist new to the area mimicking the picking style of a geologist experienced
with that formation. This type of approach may be useful in evaluation of nearby acreage, extending interpretation to infill wells, or quickly
generating multiple probable picks in each well for Monte Carlo simulations.
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# predictatops

Readme File

Installation

& Usage

How to use predictatops in a
project:

Contributing
Credits

Histary

Docs » Usage View page source

Usage

How to use predictatops in a project:

This uses Conda, so you might have to install that first.

In a terminal type the following commands -

Clone the predictatops repository first as we don't have have it PyPy yet:
git clone https://github.com/JustinGOSSES/predictatops.git

CD into the the folder:
cd predictatops

Create the conda environment with all the dependencies from the environment.yml at the top level
folder:

conda env create -f environment.yml
Activate that conda environment:

source activate predictatops

Predictato ps

Python code for top
prediction

M.I.T. License

Run interactive in Jupyter
or all at once via config

file
Alpha state
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Parts of Machine-learning Code Worth Mention

Create Train/Test split before creating features, so you don’t cheat when you create
features using spatial knowledge.

Class rebalancing is critical as the class you care most about (those nearest the top pick)
will be the more sparsely populated in your original dataset.

Sometimes a well doesn’t have any depths predicted as remotely close to the top. Which is
great! Lets you know that well is different than training wells and needs a human
touch!
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Conclusions
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Phﬂo sophy:
* Instead of trying to encode a geologic model in code directly or find mathematical patterns in the raw

data, create features that map to low-level geologic observations & then let the program figure out the
relationships that human would describe with a model.

Requirements for use: 1000s of wells & acceptable to have slightly worse than human performance
Possible Application: Time reduction on regional scale work & new uncertainty management options

Future Work: Different algorithms + More features + Different Datasets + Better Visualizations + Better Docs

https://github.com/JustinGOSSES/predictatops
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