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== Machine Learning for Better Wells

= Facies Classification using Machine Learning
= Sub-clustering in Facies Determination

= Automated Log Editing using Deep Learning




== How does it work?

[ Multiple extensions contained )

* Views within a workspace serving
° Processors N different needs J
Well Data - N
« Console Each extension is a folder in a
» Jupyter workflows workspace
- J
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numpy, scipy, matplot!lp, LR (Al scripts run as external )
theano, plconnect, scikit-learn,
processes and are not
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. restricted by python GIL y,

Including IDE jupyter, spyder
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== What is inside the distribution? — Jupyter

Workflows
home
directory

Marne Date rmodified Type Size

. notebooks Lidf2ioLa 2002 Fivi Fiie fuider

o python-3.4.4armd6 4 17452018 2:04 PR File falder

. scripts 17452018 2:04 PR File falder

. settings 17472018 2:04 PR File folder

. tools 1742018 2:04 PRA File falder
< [DLEX iPythorn GLT) 11/5/2016 4:16 Abkd Application G0 KB
Il IPython Ot Console 11/5/2016 416 Ak Application 140 KB
= lupyter Motehoak 1175 52016 A 16 Ak hmelication TAKE
|| LICEMSE 11/3/2017 4:54 PR Text Document 4FKB
list_packages_and_licenses 10,/30/2017 459 PR Windows Batch File 1KB
EJ Qt Designer 11/5/2016 4116 Akd Application 142 KB
E: Ot Linguist 11/5/2016 4:16 Abkd Application 147 KB
# Spyder reset 11/5/2016 416 Ak Application 138 KB
& Spyder 11/5/2016 4:16 Abkd Application 139 KE
Bl WinPython Cormmand Prompt 11/5/2016 4116 Akd Application T2 KB
@ WinPythan Contral Panel 11/5/2016 4116 Ak Application 12T KB
e WifinPython Interpreter 11572016 416 Akd Application 60 KB
EX WinPythan Pawershell Prampt 11/5/2016 416 Ak Application 120 KB

Workflows with
code and rich text
+ Visualization
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== Clustering Workflow

o Ju pyte I multi-well+unspervised+classification+workflow |atest Last checkpoint vesterday al 5:43 AM (auivsaved) A
File Edil View Insest cell Kernel Widgels Help Python 3 O

B |+ % & B 4 % H B C Markdown M = || Celloolbar

ouel72]: | Show ar Hide code

This workflow uses k-means clustering to partition data selected into clusters. The data can
be dynamically fetched from powerlog.

Step 1: Select the wells in powerlog and run the cell below to populate the data set.

*fou can change the interval, grid or curves to fetch by madifying the fields belaw

Step 2: Preprocessing the dataset

Praprocessing the data is an impartant step. This can involve dropping NULLs and optionally scaling the dataset. Scaling the dataset allows the alogithms 1o
converge faster

Step 3: Determining the optimal number of clusters using the Elbow Method

Enter a range of number of clusters for k-means ta parfiion data. Based on the plot determine the paint of the elbow ar the optimal number of clusters ta plot
the data. The graph shows the within cluster sum of squares. A very large value indicates too few clusters and a very small valug indicates too many clusters.

Step 4 : Enter the optlmal number of clusters to visualize the results.
Using matplotlib

Vizualize pair-plots

Set the ShowFairFlot fiag to true | pair-plot can be time consuming and memeory intensive for a very large number of wells/curves

Using plotly

Step 5 Save the cluster results back into Powerlog



== Select the Wells to be Analyzed

In [75):

In [74]:

Step 1: Select the wells in powerlog and run the cell below to populate the data set.

You can change the interval, grid or curves to fetch by modifying the fields below

zone = "WorkingInterval”
grid = "Default”
curves_to_fetch = ["&NPHI", "SRHOB", "8GR"

“&DT", "&DTS", “&PE"]

import pandas as pd
import plconnect.functions as plf
import sys

import matplotlib.pyplot as plt
from sklearn.cluster import KMeans
import numpy as np

current_uwi_list = plf.get_current_selected_wells()
if(len(current_uwi_list)
sys.stderr.write("No wells selected in powerlog. Please select a well in the project explorer™)

well data_sets = [] #List of dataframes that cont

for uwi in current_uwi_list:

curveexpressions for uwi(uwi, expressions = curves_to_fetch, interval = zone, grid = grid)
"y uwi)

well data_sets.append(df)

raw_dataset
current_uwi

pd.concat(well_data_sets)
current_uwi_list[@]

raw_dataset.describe()

.

| «Ta:Project Well Explorer -BmX
R I —
= A%E;‘wa:”s > " A oA w=||=YAM_wﬁls "/Awdsﬁnw_wds 1
Workflow_Wells 3 Display Name Protected Header..  Well Top 'Well Bott. AutoCo.. Mame Data Top Datz Bott. Anchor
@CURVEGROUFS 70 [AC_A1 =] O o 2161 AC_A1 0 2161 1242
PROJECT TOPS
2 PROJECTZONES 5 A D1 ] O o 7752 ADI 0 7752 1016
. & ALIASES 37 aG_Ut O O o 8118 AG_UT 0 8118 1187
[ TYPERESOLUTIONS 4 A A1 m] O o 753 A A1 0 7536 178
» |E§ PARAMETERS 242 As A1 ] O o 8102 AS A1 0 8102 1135
Anisotrople Stresa & o F1 O O o 142 AF1 0 7742 10745
B SwD1 m] O o 11454 B SwD1 0 11454 1257
Log Run 24
Muitneral 8¢ | N
Tn [77]: raw_dataset.describe()
Qut[77]:
DEPTH &NPHI &RHOB &GR &DT &DTS &PE
count|21438.000000 [ 13694.000000 | 12936.000000| 21340.000000 | 13881.000000 | 13900.000000| 13980.000000
mean | 8136.784938 (0.102352 2627881 56.886438 67.041839 117.642525 3.714589
std 1266.151535 [0.068209 0.102981 53.770362 14.051845 17.128154 13.598955
min |6632.500000 (-0.020400 1.990000 2.557100 44 570000 82.102000 -936.495000
25% |7231.000000 (0.034000 2533838 14.152600 52.797000 101.927000 |3.228750
50% |7632.000000 |0.114605 2.653900 31.755850 66.608000 119.077500 | 3.929000
75% |8774.375000 (0.159000 2.715400 97.823250 80.654000 130.023000 |4.641000
max | 11454 000000 [ 0.294800 2.889394 373.859100 104.959000 191.100000 |5.559000

\\




== Determining Optimum Number of Clusters

Step 3: Determining the optimal number of clusters using the Elbow Method

Enter a range of number of clusters for k-means to partition data. Based on the plot determine the point of the elbow or the optimal number of clusters to plot
the data. The graph shows the within cluster sum of squares. A very large value indicates too few clusters and a very small value indicates too many clusters

In [88]: MinCluster = 2
MaxCluster = 13

init = "k-means++" # to use random initielization change it te random

|

interias = []

for n in range(MinCluster, MaxCluster):
kmeans = KMeans(n_clusters = n, init= init, random_state = @)
kmeans.fit(processed_data.values)
interias.append(kmeans.inertia_)

plt.style.use( ggplot')
plt.plot(range(MinCluster,MaxCluster), interias)
plt.title("Cluster inertias plotted - Elbow method")
1t.xlabel("Numb f clust " " . .
51:.;1:n:1é--cT:s:noinZ»ﬁ;;S ! Step 4 : Enter the optimal number of clusters to visualize the results.
plt.show()

In [81]: MNumClusters = &

Cluster inertias plotted - Elbow method cluster_labels = []
22000 kmeans = KMeans(n_clusters = NumClusters, init = init, random_state = @)
c_values = kmeans.fit_predict(processed_data.values)
20000 title = "Clusters for multiple wells "
print(curves_to_fetch)
#enter the @ based index of the curve_to_fetch curve for x and y axis. defaulted to @ and 1
x_axis
y_axis
w000 size =

18000

14000 xlabel = curves_to_fetch[x_axis]
ylabel = curves_to_fetch[y_axis]

Cluster inertia

12000 [ '&NPHI', '&RHOB', '&GR', '&DT', '&DTS', "&PE']

10000

8 2 4 6 L} 10 12

Number of clusters




== Pair-Plots
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== Crossplot
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< 20Logplot AS_A1 - Historic: 1262018 11:20:54 A" —ax
Fle Edt View Help
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== Write to Database and Display e

Step 5 Save the cluster results back into Powerlog

SaveData = True
OutCurveName = "KMeans_Cluster”
Verbose = True

from plconnect.exceptions import ExtensionException

if (SaveData):

#Insert the calculated clusters into the raw data set
raw_dataset[OutCurveName] = c_values

for uwi in current_uwi_list:

save_data = raw_dataset[raw_dataset["uwi”] == uwi].drop{curves_to_fetch, axis =1)
save_data.drop(["uwi"], axis = 1, inplace = True)
try:

plf.set_curves_for_uwi{uwi, save_data)

except ExtensionException as e:
sys.stderr.write("Error: Could not save clusters for uwi
sys.stderr.write("\n" + e.args[@])

+ uwi)

if(Verbose):
print(“Saved for uwi

+ uwi)

Saved for uwi 42121322330000
Saved for uwi 4212132247880
Saved for uwi 4212132491680
Saved for uwi 42439386390000
Saved for uwi 4243938940000
Saved for uwi 42439389560000
Saved for uwi 42439341288008

e e e

Depth 718813 ; | PW = 1275"; SW= 858"
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== Build (or Edit) a Category Table

4 g:PowerLog Options

& User Options

.. General
- Well Display Maming
- Curve Alias Tables
Type Resolution Tables
Curve Settings Tables
- Fill Pattems
Colors
- Interpreter Fiter/Priorty List
i - Prefemed Folders
5. roject Options
- Configure CRS Conversions
- Categorical Types
£l- UWI Creation

Categorical Types

Categorical Types

Index

Label
Lithalogy
MS_STAGE
Unsuperb

Import
Export.

Categorical Type

Mame: Unsuperé

Description

L 1 e

Val.. Mame Fill Pattern = Fill. = Description

10 Sand . O |

2 1 Clay IR [

3 2 Lime =ooos

4 3 Limey_Sand == I

5 44 Kerogen_Rich oo |

& 5 Sandy_Lime f ey |
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Input Log data
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predicted by
deep learning

== Supervised Classification with Metrics
m DE%{ = “”%"" S Frob_oiumes Frosai Facies : @ ';ms% ; ;ﬁ } ;_;T_;
—— ' DT”’DTS Predicted Facies

using ML

Confusion matrix, without normalization

3 0 0 1600

B 12 2 1400

45 105 0 1200

_ 52 9 0 1000
[}
2

% 0 ;o1 600

L 0 2 3B 0 B O 0O Boa

0 26 162 10 5 0 513 0 400

200

0 36 O 1] 1] [ 2 1

Predicted 0

Accuracy F1|Precision| Recall

Accuracy (0.611196 |0.786801|0.779591 (0.811196

The K-Means unsupervised clusters provides the supervision

&f\



== Export Jupyter Results to .pdf or .html File

— ) . I
—Ju pyter multi-well+unsparvised+classification+workflow_latest Last Chackpoint Yesteriay al 7-19 A4 (autosaved) A
Fle  Edt  View Insan  Cel  Kemel Widgews  Help | Python 3
ARBEERRERRERES v| " 2|[ celootbar

Step 3: Determining the optimal number of clusters using the Elbow Method

Enter a range of number of clusters for k-means to pariiion dalz. Sased on the plot determine the point of the elbow or the optimal number of clusters o plot
ne data. The graph SNOWS e WIthin CIUSIEr UM of Squares. A Very 1arge value Inaicates tog few CIUSIErs and a very small vaIlue Indicates 100 many CUsiers.

Cluster inertias plottad - Elbow method

18000

Cluster inertia
H

i

oz

] ©
Number of clusters

Step 4 : Enter the optimal number of clusters to visualize the results.

['8NPHI', "&RHDB', 'BGR*, 'DT*, '&DTS", "8PE']

Using matplotlib

Clusters for multiple wells

20

25

14




Sub-Clustering Facies Determination
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== Complex Carbonate Example
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== Clustering Problem

<] 1uiwel Neuton-Density Crossplot
File Tools View Overlay Help

[ TRERERER L+

M Jurassic #2: Smackover
2| M Jurassic #4: Smackover
W Jurassic #1: Smackover

295
005 0

3r82018

X=02131 ¥=22315

17

Density Neutron Facies Clusters

01 015
Neutron

03

KMeans_Cluster

€ 2Logplot Jurassic#2 Preferad

Fie Edt View  Help

PEga2 0 BAsAAiA FEEH s PN\NZ

Saizin

15450

15500

5 Logplot Jurassic #4Frefeed Top
Fle Edt View Help
PEFRAZ 0 PALIAQ XA FE@MH N2

Gon




== Sub-Cluster Workflow

- . ) P
- J u pyter multi-well unspervised classification workflow_subclusters Last checkpoint: 2 hours aga junsaved changes) I'
File Edit View Insert Cell Kemel Widgels Help Python 3 O

B+ |3 & B 4 & | W B C| Merkdown * | = | cermeolbar

This workflow uses k-means clustering to partition data selected into clusters. The data can
be dynamically fetched from powerlog.

Step 1: Select the well in powerlog and run the cell below to populate the data set.

You can change the interval, gnd or curves to fetch by madifying the fizlds below

Step 2: Preprocessing the dataset

Preprocessing the data is an important step. This can invelve dropping NULLS and opticnally scaling the dataset. Scaling the dataset allows the alogithms to
converge faster

Step 3: Determining the optimal number of clusters using the Elbow Method

Enter a range of number of clusters for k-means to partition data. Based on the plot determine the point of the elbow or the optimal number of clusters to plot
the data. The graph shows the within cluster sum of squares. A very large value indicates too few clusters and a very small value indicates too many clusters

Step 4 : Enter the optimal number of clusters to visualize the results.
Vizualize : Using matplotlib

Vizualize pair-plots

Set the ShowPairPlot flag to true | pair-plot can be time consuming and memory intensive for a very large number of wells/curves

Using plotly

Create sub clusters of specific clusters if required

Step 5 Save the cluster results back into Powerlog

18



== Sub-Clustering Process and Results

In [ ]: PartitionSubclusters = True

#Enter the cluster number as key, and number of sub clusters as value

#Format sub_clusters_dict[cluster_number] = how _many_sub _clusters

#Example sub clusters[3] = 2 This tells the algerithm to create 2 sub clusters for cluster 3
sub_clusters_dict = {}

sub_clusters_dict[@] = 3|

Clusters for multiple wells Clusters for multiple wells

Cluster 0
Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
Cluster &
Cluster 7

Cluster 0
Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5

2.8

2.7

Before After

Sub-Clustering

2.6

8RHOB

25

23

Export to plotly » Export to plot.ly »

19



== Sub-Clustering Results

| < 3:Mutiwell Neutron-Density Crossplot - "Historic: 3/28/2018 2:34:40 PM"
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== Crossplots of Clustering Types 2

Multiwell Neutron-Density Crossplot with Gaussian Mixture Clusters
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== 3D Crossplots of Clustering Results
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Automated Log Editing

Chiran Ranganathan, Fred Jenson, Joe Johnston
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= Why Automate Log Editing?

The objective of automated log editing is
to greatly reduce the amount of time
spent in repetitive mundane operations
preparing data for meaningful analysis.

24



The Area of Interest




The Automated Editing Workflow

* Prep the data

= Review the data

= Anomaly detection and flag curve generation

= Pay flag creation

= Create nulled flag curve for use in synthetic generation
= Generate synthetic curve over non-nulled intervals

= Merge synthetic curve with measured curve controlled
by anomaly flags



== Log Data Example
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== Examine the Density Curve Data
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== Similarity Analysis

Jaccard similarity
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== Jupyter used for Machine Learning Workflows

Multi-Well Boxplot Outlier Detection

In [ ]: %matplotlib inline
import plconnect.functions as plf
import seaborn as sns
import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import plconnect.functions as plf

In [ ]: uwi_list = plf.get_current_selected_wells()
all_frames = []
all_uwis = []
all_wellnames = []

curve_name = "&RHOB"
outlier_flag = "Boxplot_Flag"

zone
grid

"WorkingInterval"
"Default”
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= Anomaly Detection, Boxplots with Whiskers
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Export to plot.ly »
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== Spatial Clustering Technique

There are parameters set to control
e inliers the number of outliers detected using
e outliers spatial clustering. The main
parameters are

Eps The maximum distance
between two samples for them to be
considered in the same neighborhood.

&RHOB

min_samples The minimum number
of samples to be a neighborhood.

There are other parameters of interest
that can be adjusted to optimize outlier
detection including clustering

110 120 130 140 150 160 170 algorithms.

[
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=== (Qutlier Detections Methods

Each of these outlier detection
methods have parameters that can
be tuned for optimum results.
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== Flag Curves
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== Synthetic Curve Generation

< 2:MathPack: Multiwell - mXx = - -
#Create a directory to save the trained model and enter its path below
SEETE T MODEL_SAVE_DIRECTORY = r"C:\CCGpy35\pl_pydistribution_3.5.4.5Qt5\Models"
el DNN_MODEL_NAME = “keras_RHOB_predictions”
=z = = T
MODEL SUFFIX = dlmodel
+KDE_Anom; |D = =
if not os.path.exists(MODEL_SAVE_DIRECTORY):
Cutput os.makedirs(MODEL_SAVE_DIRECTORY)
Output [KDE_NULL s .
uwi_list = []
I dataset = None
Style i #Define the independent variables and the dependent variable. The last variable is the target
[ Aoply Tabular Flexible AND OR #curves_to fetch = ["&NPHI", "&RHOB", "&PE", "&RILD", "BWW SM","VCLSM", "&DT", "&DTS"]
curves to fetch = [ "&NPHT","&GR", "logl@(&RILD)", "DPTH", "&RHOB"]
+ | Apply Argument 1 DISC Argument 2 #Define the set above with depth included, cleaning up any &/%

curves_to_fetch_prediction = copy.deepcopy(curves_to_fetch)
curves_to fetch prediction.pop(-1)

Then
. column_names = ["DEPTH"]
if (KDEAnom_flt > .95, KDEAnom , NULL) for curve_name in curves_to_fetch:
column_names.append(curve_name)
Ese

#training zones = ["Barnett"”, "Marble Falls"] #Add more zones that do not overlap to filter to higher quality training data
training_zones = [“"WorkingInterval®]
Limit Output Curve

] Aoply Limt grmiie #intervall = wellInterval(Start = "G MKR", Stop = "1 Base")
#grid = "Default” #consider using Same As:&DT for training
TETEE ZoEin grid = “"Same As:KDE_Null"
+ Use Stari(7) Stop (7) Zone Parameters
1 G-300 G Base+3. [7] Workinglnt..
SelectTrainingWellsFromAGroup = True
TrainingWellsGroupName = "KDE_Anom" #If SelectTrainingWellsFromAGroup=True then this well group will be used
Sampling Grid
| Help | | History ‘ ‘ Close | | Run |
| Caleutation Complete
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== Synthetic Curve Prediction

Predictions Step 1: Load the model to predict

In [19]:  from keras.models impert load_model, model_from_json
regressor_path = os.path.join(MODEL_SAVE_DIRECTORY, DNN_MODEL_NAME +MODEL_SUFFIX + ".json_model"™)
weights_path = os.path.join(MODEL_SAVE_DIRECTORY, DNMN_MODEL_NAME +MODEL_SUFFIX + “.h5")
dl_model json = None
with open(regressor_path,“r") as f:
dl_model json = f.read()

model_loaded = model_from_json(dl_model_json)
model_loaded.load_weights(weights_path)

sc_X_path = os.path.join(MODEL_SAVE_DIRECTORY, DNM_MODEL_MAME +"_preproc” + “.scaling")
sc_X = pickle.load(open(sc_X_path, ‘rb'))

print{"Model loaded")

Meodel loaded

Predictions Step 2 :Select the well(s) in Powerlog to make a prediction

In [20]:
prediction_wells = plf.get_current_selected_wells()
print(prediction_wells)
from plconnect.exceptions impeort ExtensionException

OUTCURVENAME = "KERAS_RHOB"

prediction_zone = "WorkingInterval"
prediction_grid = "Default”
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== Keras Generated RHOB Curve
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== Pay Zone Protection

Commann Reivy

| & 2:5ummation Report MCO109_A34 : "Historic: 12/6/2018 9:1340.. - = X | ——
Screens ~
Wel |
Cutoffs & Zones Report Options  Output Curves 7450
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i
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UR P Curve D Cat_|S5 5|1 A
208 Swt < & 00D 7600
O &0 PHI > 2 000 !
o=a0o Vel < & 000 7650
—
O &0 K MODEL > |1 00w f—
Consecutive samples before Reservoir or Pay passes test = 7700
Zones to be Reported
- Zone Name Top () Bottom () -— 7
TEpl o — 7600
m—
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Help History Close Run View Report -
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—

Productive intervals often show up as anomalies with outlier detection packages. A ~
38 pay flag can mediate this issue. &



== Creating the Combined Curved
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== Combined RHOB Curve

v y
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File Tools View Oveday Help
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== Original versus Merged Data
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Summary

Machine learning workflows can greatly reduce the time required to
correct curve data when dealing with significant numbers of wells

= Eliminating repetitive mundane tasks is a good thing

= These workflows can be saved and used in other areas

= |tis alot more efficient to create valid log data with Jupyter Workflows
than manually editing curves on large numbers of wells
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