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What is a DFIT? Why is it Important?

— Breakdown Pseudo-Linear Flow SR « DFIT (Diagnostic fracture injection test)

Injection rate
Pressure Flow vector

Stop Yy y

Infction T Fracure SR * |Information in unconventional reservoirs
Flow vector l about:
/l - (F:f;gt:ze i _%eﬂﬁact‘ur; .
Precoure ¥ o ¥ o Instantaneous shut-in pressure (ISIP)

o Shmin
o Reservoir pressure

Pressure / injection rate

F

#

Reservoir dominated

» Leads to inferences about “fracability” of
5 ' 7‘ reservoir, stress regime, economics.
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Time
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Adapted from Cramer and Nguyen (2013)

Important geologic information in DFIT, how can we efficiently interpret
the data?
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Y DFIT’s : Calibration Datasets From the TOC Group

3- Layer Res frac demo DFIT
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Subtle variations hold important geologic information

How are these events picked on a curve
with little apparent variation?
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Analytic engineering method: time consuming

Pressure Difference (MPa)

and human bias
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Idea: Could a unsupervised clustering method
pick up on these variations save time and
eliminate bias?




Yy Clustering Methods Evaluated

K-means: centroid based, general method Hierarchical: clustering dendrogram makes
‘ easy to determine number of clusters
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Yy CREWES DFIT Interpretation APP

Complex variable relations: correlation matrix
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DFIT App Inputs

Clustering Methods
Evaluated:
« K-means
« DB-scan
* Hierarchical
« Gaussian mixture

\

Calibration Datasets
(Known ISIP, Contact,
Closure, Reservoir
pressures)

» Duvernay single layer
model (TOC Group)

* Duvernay multilayer (TOC
group)

1) Clustering variable

Optimization
« Scaling vs no ErE
scaling - v
- Additional e .
derivative data > v
(G-time, Agarwal = .
time, first and siopg
second order I'p“”t ,
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' High-Level Overview — Unsupervised DFIT Event Detection

4) Field Data Test

r

5) Investigation of cluster picking

» Visual inspection L
« Principle component o’
analysis (PCA) o 2
o
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« Dendrogram

2) Hyperparameter
optimization (# of cluster,
search radius, etc.)

* Elbow method
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3) Metrics of Evaluation

Percentage of events
identified

Unidentifiable points (no
interpretation)

Repeatability of point
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“Simple” pressure and

time data creates multiple
derivative curves
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‘7' Variable Optimization: PCA Correlation Circle
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Cluster Method

DB-Scan 3min, 10radi
DB-Scan 3min, 20radi
DB-Scan 3min, 30radi
DB-Scan 3min, 40radi
DB-Scan 3min, 50radi
DB-Scan 3min, 60radi
DB-Scan 3min, 100radi
DB-Scan 3min, 200radi

DB-Scan 4min, 10radi
DB-Scan 4min, 20radi
DB-Scan 4min, 30radi
DB-Scan 4min, 40radi
DB-Scan 4min, 50radi
DB-Scan 4min, 60radi
DB-Scan 4min, 100radi
DB-Scan 6min, 200radi

**** Optimal performance
DB-Scan 5min, 10radi
DB-Scan 5min, 20radi
DB-Scan 5min, 30radi
DB-Scan 5min, 40radi
DB-Scan 5min, 50radi
DB-Scan 5min, 60radi
DB-Scan 5min, 100radi
DB-Scan 5min, 200radi

't Hyperparameter Optimization

* Implementation of elbow method, iterations
through parameters to find best convergence

Selected variables

Clustering Inputs
ginp le+05- S
Features for clustering

—

T\/Ianipulate hyper parameters
and investigate

hitp:/f127.0.0.1:3700 | 2 | Open in Browser

*?;‘ CREWV/ES DFIT Clustering App

K-means DB Scan Hierarchical Clustering

- my v

10 items selected - 1e404-

o

el
K-means Inputs o 1e+03-

el

*

Number of clusters Qo
le+02

3

le+01

Time Range (Hours):

1.49266723613712

N ————— oo A0
14925&?‘23513'12 1.76 1.85 1.94 203 212 2.21 ' G TImE
Elbow Method

Agarwal Time Range: [ .
-0.738019401176284
2.0e+08+
T [
-1.95010424450946 43 A7 08 "
@
-
S
g1.5e+08—
G-Time Range: .
@
0.1105] [59.4307] “
3
I —— 5 1.0e+08-
0.1105 121 241 8.1 481 50.4307 “5
- - E .
G Time Equation: 3
U 5.0e+07 4
/ / L]
G [{1.ﬂ13 ﬁlﬁ' .,
te te
0.0e+00-
5

Gaussian Mixture Model

- O
“%- Publish
Comparison Page
e ye ey
colour colour
]
8
1 8 e 1
10000-
e 2 e 2
o 3 ® 3
o
o
o 100-
o [ ]
&)
[ ]
3
L]
.
av
1 o e
[ ]

0 20 40 50
G Time

Try 6
clusters

10 15 20
Number of Clusters

14



>
B

Outline

dintroduction: Why DFIT?

dCurrent techniques and proposed techniques of interpretation
UJCREWES DFIT interpretation app

JApp calibration

dSynthetic testing + field testing

dMathematic inferences

dConclusions

15



;A.w"k¥
Sy
9

12000+

10000+

Prassure (PSI)

9000+

DB scan appears to be
an optimal performer
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7 Field Test: Gaussian Method Outperforms DB-scan

Pressure (PSI)

Field Test: Gaussian Method

Gaussian Mixture DFIT Pressure Decline
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Switch in optimal clustering method

*Gaussian (VEE) - Ellipsoidal, equal shape and orientation appears to outperform DB scan in this

scenario

* Probabilistic nature of Gaussian methods can handle noise?
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7' Principle Component Scree Plot — Reducing Dimensions

Percent Variation
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'+ Understanding the Mathematics:

Cluster
1

(o NN ) B SR S (S ]

$T°TT- €04

3D PCA: “Complex” model K-means

1) 2D Inflection/change in slope
creating a variation in point density
(new cluster)

2) 3D Inflection/change in slope
creating a variation in point density
(new cluster)

3) Change in natural oscillation of
data -> variation in point density
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Conclusions and ldeas:

Shiny apps provide a quick method of optimizing and visualizing machine learning
applications

~6 clusters appear to capture data variation for K-means, DB-scan and Hierarchical
methods

Incorporation of derivative curves and scaling appears to help algorithms pick more events
(although more accurate localized results maybe achieved by using fewer curves).

DB scan appears to have a best performance on modeled data, however, when introduced
to field data, the Gaussian mixture model appears to outperform

= Apply a Fast Fourier Transform to data to filter it?

Cluster boundary related to a combination of natural oscillation, inflection, maxima/
minima creating variation in point density and therefore cluster position.
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