I - L .
i ‘1'_: .
¥ o -

A/

" — |h Lg , ‘ﬁ'ﬂ-‘ﬁ I--|
! f i
ad A LR Y

. j -' .’ -’
o
- ‘ o -
I- . =
\ L

- . '_ -

il - Z P 1_____ N
-'f, .-'-_.

# GENCE
_AND DATA ANALYTICS FOR

£

1
L
——
F A :
§ b
e
-

e
. ‘_!r“"-"h:
: -:""--" --_.' -i_:-

'E =

red<Aminzadeh™ -
S




Table of Contents

Cover
Series Page
Title Page
Copyright Page
Dedication Page
Foreword
Preface
1 Introduction to Modern Intelligent Data Analysis
1.1 Introduction
1.2 Introduction to Machine Learning
1.3 General Example of Machine Learning
1.4 E&P Examples of Machine Learning
1.5 Objectives of the Book
1.6 Outline of Chapters
2 Machine Learning and Human Computer Interface
2.1 Introduction

2.2 Visualization of Machine Learning
2.3 Interactive Machine Learning
3 Artificial Neural Networks
3.1 Introduction
3.2 Structure of Biological Neurons
3.3 Learning_and Deep Learning Process for ANN
3.4 Different Structures of ANNs
3.5 Pre-Processing_of the ANN Input Data
3.6 Combining ANN with Human Intelligence



clbr://internal.invalid/book/OPS/cover.xhtml

3.7 ANN Applications to the Exploration and
Production (E&P) Problems

4 Fuzzy Logic

4.1 Introduction to Fuzzy Logic

4.2 Theoretical Foundation and Formal Treatment
of Fuzzy Logic

4.3 Oil and Gas Industry Application Domain
Discussion

4.4 Conclusions

5 Integration of Conventional and Unconventional
Methods

5.1 Strengths and Weaknesses of Different
Computing_Techniques

5.2 Why Integrate Different Methods?

CN
5.4 Conclusions
6 Natural LLanguage Processing
6.1 Introduction
6.2 A Brief History of NL.P
6.3 Basics of the NLLP Method
6.4 Use Cases of NL.P
6.5 Applications of NLP in the Oil and Gas Industry
6.6 Conclusion

7 Data Science and Big Data Analytics
7.1 Introduction
7.2 Big Data
7.3 Algorithms and Models in Data Sciences
7.4 Infrastructure and Tooling_for Data Science



7.5 Oil and Gas Focused Issues Associated with
Data Science and Big Data High Performance
Computing_in the Age of Big Data

8.1 Introduction
8.2 Al for Exploration Risk Assessment

8.3 Al for Data Acquisition, Processing, and
Integration in Exploration

9 Applications in Oil and Gas Drilling

9.1 Real-Time Measurements in Drilling Automation
9.2 Event Detection in Drilling
9.3 Rate of Penetration Estimations

9.4 Estimation of the Bottom Hole and Formation
Temperature by Drilling Data

9.5 Drilling Dysfunctions

9.6 Machine Learning Applications in Well Drilling
Operations

9.7 Conclusion

10 Applications in Reservoir Characterization and Field
Development Optimization

10.1 Introduction
10.2 Conclusions

11 Machine Learning Applications in Production
Forecasting

11.1 Introduction

11.2 Analytical Solution

11.3 Numerical Solution

11.4 Decline Curve Analysis (DCA),
11.5 Data-Driven Solutions

11.6 Conclusion



12 Applications in Production Optimization, Well
Completion and Stimulation

12.1 Introduction

12.2 Production Optimization
12.3 Stimulation

12.4 Well Completion

13 Machine Learning Applications in Reservoir
Engineering and Reservoir Simulation

13.1 Introduction

13.2 Fluid Properties Estimation with Machine
Learning_ Methods

13.3 Machine Learning_Applications in Well Testing
13.4 Conclusion

14 Machine Learning Applications in Artificial Lift
14.1 Introduction

14.2 Big Data and Analytical Solutions in Drilling
Operations

14.3 Machine L.earning
14.4 Artificial Lift
14.5 Conclusion

15 Machine Learning Applications in Enhanced QOil
Recovery (EOR),

15.1 Introduction

15.2 Enhanced Qil Recovery

15.3 Enhanced Oil Recovery (EOR)_Reservoirs
15.4 The Economic Value of EOR

15.5 Simulation Models

15.6 Machine Learning (ML)

15.7 Machine Learning in Enhanced Oil Recovery
(EOR) Applications



15.8 Machine Learning in Enhanced Qil Recovery,
(EOR)_Screening

15.9 Applications
15.10 Software
15.11 Conclusion
16 Conclusions and Future Directions

16.1 Technology Advances in Artificial Intelligence
and Data Science

16.2 Future Trends in the Energy Applications of
Artificial Intelligence and Data Science

References
Index
End User License Agreement

List of Tables

Chapter 4

Table 4.1 Differences between classical (binary)
logic and fuzzy logic.

Table 4.2 Sand population with different porosities
and their membership assig...

Table 4.3 Grouping_the descriptive rules according
to their consequents.

Table 4.4 Rules distinguishing different
stratigraphic facies based on theirs...

Chapter 5

Table 5.1 The Nature of challenges in some of the
exploration and production p...

Table 5.2 Score card for CM, NN, FI. and GA.



Chapter 6

Table 6.1 Example of original DDR describing_two
drilling ‘drag’ events (Cinel...

records (Zhang et al.,_...

Table 6.3 An example list of risks from risk

2020).

Table 6.6 Optimal results experimental scheme
(Shen et al., 2020).

Chapter 7

Table 7.1 Typical data used in exploration and
production.

Chapter 8

Table 8.1 Petroleum system elements.

Table 8.2 Characterization of different trap
geometry characteristics for pros...

Chapter 9

[Olukoga et al., 2021].
Chapter 10

Table 10.1 Reservoir characterization methods
mentioned in this section.

Table 10.2 Several machine learning algorithms.



Table 10.3 Literature survey of ANN models on
reservoir characterization [Saik...

Table 10.4 Literature survey on deep models in
reservoir characterization [Sai...

Table 10.5 Data categories considered in reservoir
characterization [Ertekin a...

Table 10.6 Reservoir simulation model parameters
and well-operating durations ...

Table 10.7 A summary of simulation times on 2,000
observations for Case 5 (*tr...

Table 10.8 Chemostratigraphic characterization of

Chapter 11

Table 11.1 Year EUR comparison for various
production lengths and DCA methods ...

Table 11.2 Ratio of impact of the design parameters
to the native parameters o...

Table 11.3 Summary of the publications where field
data were used to model ML ...

Table 11.4 Input parameters of the predictive
model by Mohaghegh (2017c).

Table 11.5 Performance of the intelligent model by
Mohaghegh (2017c).

Table 11.6 Performance of the intelligent model by
Sun et al. (2018).

Chapter 13

Table 13.1 Range of PVT Data (Ramirez et al.,
2017).




Table 13.2 Statistical analysis of the results for
bubble point correlations (...

Table 13.3 Score table for bubble point pressure
(Onwuchekwa, 2018).

Table 13.4 Review of some of the other machine
learning_to predict reservoir f...

Table 13.5 Sample of predicted vs. actual values
(Baser et al., 2020).

Table 13.6 Random Proxy Test Results vs.
Simulation Results (Baser et al., 202...

Table 13.7 Summary of the scenarios.

Table 13.8 Tasks and output of different types of
ANNSs used in the article (Ah...

Chapter 14

Table 14.1 Artificial lift design considerations
(Ounsakul et al., 2019).

Chapter 15

Table 15.1 The categories of enhanced 0il recovery
(EOR).

Table 15.2 Timing_for EOR prospect selected on

Table 15.4 Three components of learning
algorithms (D.P. 2012).

List of lllustrations

Chapter 1



Figure 1.1 Explosion of number of papes in
OnePetro between 2000 and 2020 on t...

Figure 1.2 Machine learning_challenges identified
in interviews and from liter...

Figure 1.3 Modern machine learning _pipeline

Figure 1.4 Machine learning_infographic, data flair
company (2020).

Figure 1.5 Summary of machine learning and
algorithms.

Figure 1.6 A framework for understanding machine
learning_algorithms (Brownlee...

Training, 2020).

Figure 1.8 Comparison of linear and logistic
regression methods (Knowledgehut....

Figure 1.9 Application of machine learning and
various applications (pwc.com -...

Figure 1.10 Value addition of Al and HPC in
different stages of exploration an...

Figure 1.11 User roles and ineraction with various
stages of a machine learnin...

Figure 1.12 Review framework for ANNs (Abiodun
etal., 2018).

Figure 1.13 Correlation between micro-seismic
cluster movement and velocity an...

depicting possible integra...

Figure 1.15 Evolution of NLP research (Cambria
and White, 2014).



Figure 1.16 Proportion of respondents who use
each type of tools for a data sc...

Figure 1.17 A seismic section from a 3-D seismic
volume with a deep learning (...

Figure 1.18 Some application of Al in drilling
system design and operations - ...

Figure 1.19 Characterization of a gas reservoir in
Grand Bay Field, Gulf of Me...

Figure 1.20 Neural network based production
predictions versus Duongs’s method...

Figure 1.21 Fracture modeling. Proppant coverage
at the end of pumping for per...

Figure 1.22 A general workflow to use MI.-based
models as an alternative to com...

Figure 1.23 An example application (Syed et al.,
2020).

Figure 1.24 4D QI inversion results from Bayesian
inversion and Neural Network...

Chapter 2

Figure 2.1 Visual analytics framework for model
building and parameter refinin...

Figure 2.2 Interactive classification workflow using
decision trees. From Anke...

Figure 2.3 Model and performance visualization.
From Li et al. (2018).

Figure 2.4 Classification of deep learning
visualization tools and target audi...

Figure 2.5 Tensorflow playground. From Smilkov et
al. (2016).



Figure 2.6 An example of visualization in CNN
EXPILAINER. From Wang_et al. (202...

Figure 2.7 Sampling_history of the search space,
showing_the balance between e...

Figure 2.8 Sampling_history of the search space,
showing_the balance between e...

Figure 2.9 Visual encoding and exploration in five
views of visualization inte...

Figure 2.10 Interaction and user operation in
visualization interface of TBT. ...

Figure 2.11 An interactive and iterative machine
learning_and visual analytics...

Figure 2.12 Different analysis scenarios in human-
centered ML process. From Sa...

Figure 2.13 Meta-attribute combining _machine
based multi-attribute and human k...

Figure 2.14 Architecture of interactive tracking _of
geobodies using U-Net. Fro...

Figure 2.15 Comparison between seismic image
predictions using_the interactive...

Figure 2.16 Iterative deep learning framework.
From Zhou et al. (2019).

Figure 2.17 Prediction results for the iterative deep
learning. From Zhou et a...

SCADA systems, historian and machi...
Chapter 3




Figure 3.2 Integration and activation functions.

http://sebastianraschka.co...

Figure 3.4 The simple “separable” sets of A and B
with the associated decision...

Figure 3.5 Hebbian learning procedures. with

Figure 3.6 Deep learning as a subset of more
general type of machine learning,...

Figure 3.7 The activation function Rectified Linear

Figure 3.8 Feed forward ANN (black links),
recurrent ANN (black and red links)...

network.

Figure 3.10 Schematic representation of a radial
basis function network for th...

Figure 3.11 An example of different activation
functions for RBF a Gaussian fu...

Figure 3.12 Configuration of a Modular Neural
Network (MNN).

Figure 3.13 Architecture of the modular neural
network for predicting K log_fa...

consecutive application of the...

Figure 3.15 A schematic representation of the
Unsupervised Vector Quantizer, U...

Figure 3.16 The training process of a UVQ network
(from Aminzadeh and de Groot...



Figure 3.17 Comparison of decision boundaries for
KNN versus Quadratic, MIL.P an...

Figure 3.18 Structure of PNN.

Figure 3.19 Impedance inversion using PNN (from
Misra and Chopra, 2011).

Figure 3.20 Estimated using PNN (from Misra and
Chopra, 2011).

Figure 3.22 Flow of GAN.

Figure 3.23 Cyclic GANSs (taken from
https://hardikbansal.github.io/CycleGANBIo...

Figure 3.25 Architecture of L.STM (from Olah,
2015).

Figure 3.26 Balancing_of the input data.

Figure 3.27 Impact of balancing on the output.

Figure 3.28 Comparison of human and machine
intelligence strength for job sear...

Figure 3.29 Workflow used in the auto-picker
implementation.

Figure 3.30 Sample attribute maps to choose ANN
input nodes.

Figure 3.31 Comparative analysis of actual trace
with evaluated attributes for...

Figure 3.33 A map of the current well pattern of
CO,_injection in FWU.



Figure 3.34 ANN training progress with 12 input
nodes (45,900 vectors trained)...

Figure 3.35 Porosity prediction results.

Figure 3.36 Overview of the framework, including
(a)_generating images, (b) bu...

Figure 3.37 Physics-informed CNN architecture,
including (a)_regular CNN and (...

Figure 3.38 The proposed exhaustive PNN-based
workflow for attribute selection...

Figure 3.39 Training and validation datasets.

Figure 3.40 Prediction results with the Exhaustive
PNN in the Eugene Island se...

Chapter 4

Figure 4.1 Fuzzy versus crisp representations,
Concept of “low porosity”, (a)_...

Figure 4.2 Smooth change in membership grade for

Figure 4.3 An example of membership function to
describe three categories of “...

Figure 4.4 Three types of membership functions
(from Aminzadeh and de Groot, 2...

Figure 4.5 Ranges of compressional-wave
impedance versus shear-wave impedance ...

Figure 4.6 a-cut Concept in fuzzy logic.

with experts-assigned weights, f...

Figure 4.8 Examples of different modifiers.



Figure 4.9 Two fuzzy triangular numbers.

Figure 4.10 Pseudo-number and pseudo-function
concept.

Figure 4.11 An example of a fuzzy relation (log_of
permeability versus porosit...

Figure 4.12 The rock physics template posted in the
cross-plot. (a)_P-wave imp...

Figure 4.13 True porosity field (top), lower bound
and upper bound (left and r...

Figure 4.14 Fuzzy temperature control.

Figure 4.15 Fuzzy rules versus crisp rules for

water/steam flooding: fuzzy swi...
Figure 4.16 Cyclic neuro-fuzzy water/steam

Figure 4.17 Block diagram for a rule-based fuzzy
system.

Figure 4.18 Fuzzy logic control of electric vehicles,
from Michalczuk (2021).

sets (https://en.wikipedia.or...

Figure 4.20 WORD vs. tools for CWW (from
Wordclouds.com, Shutterstock/Andrij B...

Figure 4.21 A linguistic variable with associated
elements describing Height. ...

Figure 4.22 Fuzzy sets selected by an input-output
tuple (x4, x,!

Figure 4.23 (a)_Grouping the rules describing
production of a steam-stimulated...



Figure 4.24 Field map showing the division of the
three zones.

Figure 4.25 Depth-based clustering_results for two
sample wells. The actual pe...

Figure 4.26 3-month peak production vs. total
perforation footages on good reg...

Figure 4.27 Fuzzy rules of table 1 to distinguish
different stratigraphic faci...

Figure 4.28 (a) Membership rule for classical set as
a function of the variabl...

Figure 4.29 (a)_Time slice at 864 ms where each
pixel indicates a direction in...

ms without applying inversi...
Chapter 5

Figure 5.1 Integration of neural networks area

Figure 5.2 Neural network realization of simple
membership functions, (a)_Netw...

Figure 5.3 A Neuro-fuzzy system to screen a
reservoir candidate for EOR (from ...

of NN (from Lin and L.ee, 199...
Figure 5.5 Workflow to utilize PSO for parameter
optimization of MKF, From Zho...

Figure 5.6 RF/ CNN/ Hybrid CNN and RNN
Architectures.

Figure 5.7 Architecture of Real-Time Drilling
Analytics System.



Figure 5.8 Multi-dimensional analysis of directional
drilling performance. The...

Figure 5.9 (a)_real permeability (continuous line),
and predicted permeability ...

Figure 5.10 Systematic pseudo density log
generation workflow.

Figure 5.11 Well correlation result.
Figure 5.12 Pseudo density log of Well #3.

Figure 5.13 Creation of HCP by a supervised neural
network.

Figure 5.14 Hydrocarbon probability, A;, based on
attribute i.

Figure 5.15 An example of NN-based HCP with
fuzzy rules.

Figure 5.16 The flow chart of PCA_DFNN, from
Chen et al. (2020).

Figure 5.17 (a)_change of fuzzy rules during_model

Figure 5.18 Optimum number of wells for Qil
Recovery and the corresponding NPV...

Figure 5.19 Framework for hybrid GA-FL. approach
for coal mining _process, from ...

Figure 5.20 The flow chart of hybrid GA-FL
approach for coal explotation.

Chapter 6

Figure 6.1 EXPLLORER A natural language
processing _system for oil exploration (...

Figure 6.2 Respective n-grams for the sentence “I




Figure 6.3 A snapshot of part of speech analysis
(https://parts-of-speech.info...

Figure 6.4 Dependency parsing_using_spaCy’s
dependency visualizer (https://exp...

framework’s coreference resolution t...

Figure 6.7 Unstructured daily drilling reports

Figure 6.8 A typical daily drilling report, adopted
from (Priyadarshy et al.,_...

Figure 6.9 An example word cloud represents the
extracted NPT data (Priyadarsh...

Figure 6.10 Example of NLP application to drilling
and completion report in Sp...

Figure 6.11 Workflow for classification of sentences
in drilling_reports (Hoff...

Figure 6.12 Example of data that is entered into the
system at the drilling ri...

Figure 6.13 t-SNE projection of keywords using the
O&G- Geoscience model (Cord...

classification model (Zhang et a...
Chapter 7
Figure 7.1 Key elements of a data science project.

Figure 7.3 Data from the decision to acquire it to
processing and analysis ste...



Figure 7.4 Ml flow tracking Ul (Zaharia et al.,
2018).

Figure 7.5 Progress of one evolution experiment on
projected binary CIFAR-10. ...

Figure 7.6 Requirement of an explainability
framework.

and during model learnin...

Figure 7.8 Homomorphic evaluation of a deep
neural network (784:30:10). Bandwi...

Figure 7.9 Federated quantum machine learning.
From Chen and Yoo (2021).

Figure 7.10 Continuous learning_on streaming_data
using MXNet-based algorithms...

Figure 7.11 Sample of a machine learning_code
written in Python.

Figure 7.12 Sample of a machine learning_code
written in R.

Figure 7.13 MATIAB (2020)_machine learning
interface.

Figure 7.14 WEKA interface.
Figure 7.15 Jupyter notebook editor.
Figure 7.16 Merging field and computational

Figure 7.17 BIG data 4V in 0il and gas (adopted
from Aminzadeh, 2019).

Figure 7.18 An example of a high-performance
system, the core architecture wit...




Figure 7.19 An example of use of EDX to
store/retrieve exploration and product...

Chapter 8
Figure 8.1 A petroleum system (SCA 2015).

Figure 8.2 Vertical and spatial resolution of various
geophysical, well logs a...

Figure 8.3 Expert systems are embedded in the
solution to provide geologically...

workflow used to study the petr...

Figure 8.5 The workflow of the geological risk
assessment methodology can be d...

asterisks) and identified ...

Figure 8.7 Schematic architecture of the original
GAN consisting of the genera...

Figure 8.8 The original seismic data in-line 339
(left) Predicted seismic faci...

Figure 8.9 Supervised object detection workflow.
This workflow can be used to ...

and non-chimneys (red)_loca...

Figure 8.11 Flowchart for the implementation of
Kriging_(from Zhao et al., 202...

Figure 8.12 (a)_results from non-fuzzy Kriging
(simple Kriging)_analysis with ...

Figure 8.13 Integrated workflow to create fracture
zone identification maps (f...



Figure 8.14 (a)_Locations of injector wells (in white),
and producer wells (in ...

Figure 8.15 RBENN design used for generating the
EFZI1 attribute. Inputs used (n...

Figure 8.16 FZI attribute distribution in 3D with
well locations. AA’ (BB’)_sh...

Chapter 9

2020].

Figure 9.3 An illustration of MWD and IWD tools in
BHA [Energy Oil Drilling, 2...

Figure 9.4 An example event detection algorithm in
action [Heittola, 2013].

Figure 9.5 Drilling fluid circulation system
[McBride, 2016].

Figure 9.6 The user interface used in the event
detector [Pournazari, 2018].

Figure 9.7 Comparing the change-point detection
algorithm (blue)_with SAX-base...

Figure 9.8 Analyses of various pit volume trends

Figure 9.9 Combination of input variables of the
Gain FIS system, providing th...

Figure 9.10 Machine learning_and deep learning
model architectures [Ben et al.

Figure 9.11 Workflow for rig-state identification
[Ben et al., 2019].




Figure 9.12 Schematic of ROP modeling within a
formation [Hegde et al. 2018].

Figure 9.13 ROP prediction using data-driven
models [Hegde et al.,_ 2018].

Figure 9.14 Configuration of the neural network [Li
and Samuel, 2019].

mud outlet temperature, botto...

Figure 9.16 Accuracy results of BHCT estimations
using random forest regressio...

Figure 9.17 Accuracy results of SFT estimations
using_random forest regression...

Figure 9.18 Screenshot of an example view from
the DAS system [Payette et al.,...

Figure 9.19 Data flow diagram of the DAS system
to real-time data. Green lines...

Figure 9.20 Overall accuracy results of lithology.
classification algorithm use...

Figure 9.21 Configuration of ANN model for ROP
prediction [Han et al., 2019].

Figure 9.22 Sample tree for ROP prediction [Hegde
et al.,, 2018].

Figure 9.23 ML workflow for downhole-vibration-
event prediction (CNN = convolu...

Figure 9.24 ML workflow for end-to-end coupled
drilling_optimization )_[Hegde

Figure 9.25 (a)_ Workflow using RF, (b)_workflow
using SVM -KKT 5 Karush-Kuhn-T...

Figure 9.26 ML workflow for drillstring-washout
detection [Jeong et al., 2020]...




Chapter 10

Figure 10.1 Multidisciplinary reservoir
characterization scheme [Yu et al., 20...

Figure 10.2 Sandstone image showing a porous
structure [Geomore, 1996].

2017].

Figure 10.4 Illustration of the permeability
characteristic of a rock [Geomore...

Figure 10.5 Graph showing the US discovery and
recovery efficiencies since 195...

Figure 10.6 ANN models in reservoir
characterization [Saikia et al., 2020].

Figure 10.7 Scheme of data mining and data fusion
[Nikravesh and Aminzadeh, 20...

Figure 10.8 Scheme of hybrid computational
intelligence [Anifowose et al., 201...

Figure 10.9 Scheme of comparing applied ensemble
model [Adeniran et al., 2019]...

Figure 10.10 The process of building a random
forest ensemble [Wang_et al., 20...

Figure 10.11 Performance of random forest on test

Figure 10.12 Schematic illustration of the
transition unit for the cRRDB-U-Net...

Figure 10.13 Schematic illustration of the decoding
unit in the cRRDB-U-Net ar...

Figure 10.14 PIML workflow creates an efficient set
of MI.-inverse models forr...



Figure 10.15 Details of PIMIL workflow (Mudunuru
et al., 2020).

Figure 10.16 A graphical abstract—a representative
framework for RC consisting...

Figure 10.17 (a) Homogeneous model used for
validation, (b)_correct profit res...

Figure 10.18 Validation results for Case 1. (Row A)
20 training_observations (...

Figure 10.19 Prediction of net CO2 stored (1010
mol). (Row A) Two hundred trai...

Figure 10.20 Heterogeneous model and grid
structure used in Case 5. (a)_Log 10...

Figure 10.21 Inversion results with confidence
intervals [Rizzuti et al. (2020...

Chapter 11

Figure 11.1 Type curves for a well generated with
dimensionless variables by G...

Figure 11.2 Comparison of predicted and actual
production curves by Kulga et a...

Figure 11.3 Typical flow regimes of a horizontal
well in marcellus shale with ...

Figure 11.4 Flow rate forecasting using_3 months

Figure 11.5 List of the native and design
parameters by Mohaghegh (2017b).

Figure 11.6 Conventional statistical analysis of
impact of porosity over the E...

the 10-Year EUR by Mohaghegh...



Figure 11.8 U.S. natural gas production forecasts
reproduced from Al-Fattah an...

Figure 11.9 Division of the dataset by Crnkovic-
Friis and Erlandson (2015).

Figure 11.10 Schematic of the proposed solution
method by Klie (2015).

Figure 11.11 Normalized cumulative production
predictions of the various solut...

Figure 11.12 Comparison of the actual and
predicted production by Cao et al. (...

Figure 11.13 Example smoothing process for
forecasting by Jia and Zhang (2016)...

Figure 11.14 Comparison of predictions using
various production history time i...

Figure 11.15 Comparison of NN and Arps DCA
methods for production forecasting ...

Figure 11.16 Overall workflow of production

and Han (2017).

Figure 11.18 Overview of PCA by Li and Han
(2017).

Figure 11.19 Predicted and actual cumulative oil
productions by Li and Han (20...

Figure 11.20 Type curve for well-A (pre-determined
location for a well in ther...

Figure 11.21 Arps and SEDM decline model
predictions by SVM MI. method for Well...

Figure 11.22 Weibull decline model predictions by
RF ML method for Well-3 and ...




Tools; See also deep learning visualization tools
CNN Explainer, 27-28, 28f
data science, 202-206, 202f-206f
for debugging and improving models, 26f, 27
for teaching concepts, 26, 26f
TensorFlow Playground, 27, 27f

Torsional vibrations, 258

Training Model , 222, 222f

Training vector, 49

Transfer function (F), 43

Transient hyperbolic model (THM), 336

Transfer Learning, 2, 51

Transient identification, 316

Transparent boosting tee (TBT)
interaction and user operation in, 31, 31f
visualization dashboard of, 30-31, 30f

Traps, 214, 214f

Trend analysis, 317

T-SNE technique, 190, 190f

Turing, A., 168

2-D maps, reservoir characterization, 272

Two-dimensional fuzzy relation, 101

Type curves, 316-317, 316f

Type-2 fuzzy logic software, 12



Type-2 fuzzy set, 114-116, 115f

UI. See user interface (UI)

Ultracapacitors, 113

Uncertain consequents, type-2 FLS, 115
U-Net, 33, 34f

U-net neural networks, 388, 388f

Unipolar activation function, 45

Universal approximators, 144

Unstructured daily drilling reports, 178, 179f

Unsupervised learning, 5, 5f, 6, 48, 58
Unsupervised machine learning, 409

Unsupervised Vector Quantizers (UVQ), 58-61, 59f, 60f
User interface (UI), 246, 247f

User-centered design, 23

UVQ. See Unsupervised Vector Quantizers (UVQ)

Value of information (VOI) analysis, 389

VAR. See vector autoregressive (VAR)

Vector autoregressive (VAR), 349
Vector quantizer part, UVQ, 58, 59f
Vector Space Model (VSM), 188, 190
Vertical seismic profile (VSP), 304
Visual Cortex, 64

Visual explanation, 26f, 27



Visualization, of machine learning, 24-30, 25f-29f
deep learning visualization tools, 25-27, 26f

interactive Machine Learning (iML) algorithm, 30-34,
30f-37f

model and performance, 25, 26f

using decision trees, 24-25, 25f
Visualization and interaction, 10-11, 11f
Voice user interface (VUI), 473
VSM. See Vector Space Model (VSM)

VSP. See vertical seismic profile (VSP)

Water saturation, 301-302
Waterflood controlling wells, 465
Water/steam flooding system, fuzzy logic in, 111-112, 112f
WEKA interface, 203-204, 205f
Well completion, 363-368, 364f-368f
predicted vs. actual runlife, 366f
recommention workflow for, 366f
stacking top performing models for, 368f

Well completion/stimulation applications of AI-DA, future
trends in, 488, 489f

Well (alarm) control, detection of, 426

Well drilling operations, ML applications, 262-269



Well log data
FZI using, 232-237, 237f
mining, 156-157, 157f
preprocessing, 155-156
reservoir characterization, 303-304, 304f
Well Quality Analysis (WQA), 329
Well stimulation, 358-363, 358-363, 359f-363f, 359f-363f

Well testing, 397-403, 399f, 401f, 401t, 402f; See also
Reservoir engineering/simulation, ML applications in

Wellbore productvity, prediction of, 364, 364f
Wildcat well, 217

“Winner takes all” type. See Kohonen networks (KNN),

Wireline logs, 217
Word cloud, NPT data, 183, 184f
“Word embeddings”, 170

Words, type-2 FLS and, 116

XGBoost algorithm, 304-305, 308t

Zadeh Logic. See fuzzy logic
Zeoppritz equations, 138



