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OUTLINE

» Shallow Learning — A Closer Look
» Deep Leaning — Nuts and Bolts
» Case Study | — Production Performance in Delaware Basin

» Case Study Il — Decline Curve HM and Forecast
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Methods of Shallow Learning

Classification (e.g. Decision Tress, Neural network. K-means
clustering, Self-Organizing Maps)

Regression (e.g. Linear, Logistic, Random Forest, Gradient Machine Learning
Boosting Machine, Support Vector Machine)

Supervised Learning Unsupervised Learning Reinforcement Learning
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Deep Learning Architecture

Input X
v" Input layer — data is fed in

v Output layer — prediction

Weights |—> )

v' Hidden layers — neurons
interconnected

v Red neurons — amplify the values Hidden Layers __
which activates the neuron it is

feeding to by altering weights and
biases

Weights | —» OIS, —

v’ Different layers build rough hierarchy

of different features \ /
v With each pass a loss function guides
the optimizer to alter the magnitude

and direction of weight change for
the following pass

v’ This handover and gradual
elimination process piece meals
information for final task, e.g. image
recognition

v' All layers are updated
simultaneously
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Machine Learning Moving Parts

v" Problem Description — Identifying features and targets

v’ Data Cleaning

v’ Feature Engineering omaiknowied)

v’ Exploratory Data Analysis -
v Model Selection / \

v" Model Validation (k-fold, batches)

v’ Parameter Tuning — Hyper Parameter Search
v Improving Predictive Capability

v’ Saving trained model and application on new datasets
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Case Study |

Predicting Production Performance using Reservair,
Completion, Geology, Fluid Data - Wolfcamp Dataset
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5716 horizontal wells
131 predictors

Target — EUR BOE

21 completion

9 reservoir fluid

53 production

26 reservoir

22 well architecture

Dataset Description
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Shallow Learning Results — DT vs RF

0Y—data vs Y-model -- Decision Tree with Bagging Regressor 0\Of—data vs Y-model -- Random Forest with Bagging Regressor
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Shallow Learning Results —

Variable Importance - Random Forest

Variables of Importance

Variable Importance - Decision Tree
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Results — DL (unoptimized) vs SL

Y-data vs Y-model -- Deep Learning Keras Regressor

3000000

2000000 -

1000000 A

Y-data

Deep Learning — Keras Regressor

[ ]
L
) ®
.. ('Y
®
®
P [ ]
T T
1000000 2000000 3000000

0\Of—data vs Y-model -- Random Forest with Bagging Regressor

30000
2000000 -
™
°
b ® e
b
b
1000000 $
. T .l
1000000 2000000 3000000

Y-data

Random Forrest -- Bagging

11



EOR Workshop, OGS, OK City, Nov 14t 2019

Deep Learning Optimizing — Hyper Parameter Search

Softmayx, softplus, softsign, relu, tanh, sigmoid, hard sigmoid,
linear
Dropout rate, weight constraint

'uniform’, 'lecun_uniform’, 'normal’, 'zero’, 'glorot_normal’,
'glorot_uniform’, 'he_normal’, 'he_uniform'

Learning rate, momentum, rho

Number of neurons

'SGD’, 'RMSprop’, 'Adagrad’, 'Adadelta’, 'Adam’, 'Adamax’,
‘Nadam'
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1.4

=
o
1

o
o
|

o
o
|

S
i
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DL

Results — DL (Opt) vs SL

Y-data vs Y-model -- Deep Learning Keras Regressor - Tuned Paramete) Y-data vs Y-model -- Random Forest with Bagging Regressor
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Case Study |

Using LSTM to Forecast Decline Curves - EagleFord
Dataset

15
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Methodology

» Specialized Deep Learning Technique — Long-Short Term Memory (LSTIM)

» The difference is it has memory and therefore good for time series data e.g.
weather forecast, sales forecast, decline curves etc.

» LSTM is specialized form of RNN to process sequence data and output a
sequence data

» Types of LSTM — Vanilla, Stacked, BiDirectional, CNN-LSTM

» Case Study Il — Three Phase Production Forecast of an Eagle Ford Horizontal Well
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LSTM — 3 Phase Production HM & Forecast

» 55 months of production
> 2/3"to HM, 1/3" to hind cast
» All three phase production forecast

» n_step is the key parameter: number of
past time steps used to forecast next step

Results sensitive to n_step

Adjoining figure n_step = 10

» Actual-Gas
» HM-gas

» Fcast-gas
» Actual-Oil
* HM-oil

e Fcast-oil

e Actual-water
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» Sensitive to type of LSTM

Adjoining figure n_step =10

Sensitivities to Variants of LSTM

« Actual-0Oil

e HM-LSTM

e Fcast-LSTM
~o HM-StackLSTM

» Fcase-StackLSTM
* HM-BiDirLSTM

® Fcast-BiDirLSTM
* HM-CNN

e Fcast-CNN

¢ HM-ConvCNN

e Fcast-ConvCNN
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Summary and Conclusions

» Systematic approach to applying SL and DL methods are elaborated. The
workflow consists of data prep, exploratory data analysis, model selection,
model validation, model parameter tuning, selection of variable of importance,
model application.

» SL (RF, DT, MLP with and without bagging) and DL methods are applied to a large
Delaware basin data set in order to find relationship between the driver
variables to predict target variables.

» DL learning methods need parameter optimization to get better results. RF with
bagging seems to outperform others.

» Feasibility of LSTM and its variants is investigated to HM and forecast a
representative Eagle Ford well production. Although all methods perform good
in HM data set but forecast performances differ. Therefore, parameter tuning is
needed for better results.
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