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* Why Drill Bit Forensics?

* Bit Dull Grading History

* Alittle About Al

e Automating IADC Dull Grading
* Learning from Bit Images

* Challenges to Address

* Concluding Remarks
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Why Drill Bit Forensics ?
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In the absence of downhole sensors, the drill
bit is still a good direct indicator of what
happened downhole.

Forensics on a used drill bit can help
determine changes to drilling parameters
and potential BHA and Bit redesign.

Paul Pastusek (ExxonMobil)

The IADC Dull Grading System
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Cutting Structure Bearing Gauge Remarks
1. Inner Rows | 2. Outer Rows | 3. Primary 4. Location of | 5. Bearing & | 6. Undersize |7.Other Dull |8.Reason
- Average - Average Dull Primary Dull | Seals 16th’s inch Characteristic | Pulled
Cutter Wear | Cutter Wear | Characteristic | Characteristic
0-5-BT-S/G-X-1-ER-TD
/GXI-ERTD INTRODUCTION

The IADC Fixed Cutter Work Group this year audited the
1987 Fixed Cutter Dull Grading System and determined that
some minor refinement was necessary. As was the case with
introduction of the fixed cutter dull grading system in 1987,
the objective of this revision was to facilitate creation of a
"mental picture" of a worn bit’s physical condition through a
standardized evaluation of certain bit characteristics.'

First Revision to the IADC Fixed Cutter Dull Grading System — SPE 23939 (1992)
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A Major Shortcoming =

The grading system
is subjective

—

Good System When Devised (1980’s) =

1991 sz=
http://www.digicamhistory.com/1987.html https://www.computerhistory.org/timeline/1987/ - .
1987- and before: Digital cameras and
computers were not commonplace, 1989 —
and were expensive. Best option they .
had at that time. L
i https://www.core77.com/posts/23869/Forum-Frenzy-20-Years-of-Mobile-
Phones-in-Japan
6




But Times have Changed

https://www.theatlantic.com/photo/2018/11/smartphones-are-
everywhere/575878/

I
=

SPE Online
Education

Can we not automate the image capturing of bit damage and
use Al to classify bit damage into a standardized output?

A Little Something About Al
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Al — It is more than a buzzword
Al — Non fictional version
* Able to do some tasks better than humans
Al — Includes Machine Learning
Al — Implies algorithms and models
* Coded by humans

* Learnt using data

= Supervised Learning

Un-Supervised
Learning

Reinforcement

Learning

8/18/2021
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* Shallow ML
Feature *  Manually select
. Shallow
Input Selection . Classifier features
(Manual) e Time consuming

¢ Deep ML
e Automatically
detects features
e Black box model

Feature Learning +
Classifier

Input
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Al & Its Adoption Problem

e Can |l trust the output? Why is the Al output like this?
e Can | trust it to help me prevent stuck pipes?
e Can | trust it to help improve ROP?

* Yes, good. It helped, but can it do even better?

* |s this the best model that can be built?

* What if new data becomes available?

* Do | need someone monitoring the Al system?

(Me when the Al output does not make sense)

10
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* Not the same

Interpretable Explainable
Models Grey Models

Area \
/\ N
More f \ [
Interpretable | | T

Decision Linear
Trees  Regression

* Interpretable Al — Model is easily understood

> L
"7 Interpretable
Random  Neural Convolutional

Forest Network ~ Neural
Network

by a human

Logistic
Regression

* Explainable Al - Explaining a black box model

after the fact

* Explainability / Interpretability as important as
* Explainability not always needed

accuracy
* Non serious consequences

e Often ignored in Oil and Gas (and other industries) . )
» Validated extensively

* Is an afterthought

Are explainable models more accurate than interpretable models?
11
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Dull Grading Directly from Digital Photos

Grading of
Individual
Cutters

Drill Bit Image Cutter Detection
Cutting Structure Bearing Gauge Remarks
1. Inner Rows | 2. Outer Rows | 3. Primary 4. Location of | 5. Bearing & | 6. Undersize |7.Other Dull |8.Reason
- | - Average - Average Dull Primary Dull | Seals 16th’s inch Characteristic | Pulled
Cutter Wear | Cutter Wear | Characteristic | Characteristic
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Object Detection Algorithms A
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Oxford-MKL (HOG+Cascade SVM)

[ ]
. . oz q (" Handcrafted | @ DPM (HOG+Latent SVM)
Localization  Classification BALHEE | o e S I Al EMSSaa g
o ® Selective Search (SIFT+SVM)
£
Object detection _| o
algorithms o 7 s« RCNN
o % « SPPNet
Assigning a g Two-stage | . Fast RCNN
class to that objectdetection | | . qier RCNN
object Learned N « Mask RCNN
\ features 7 « OverFeat
One-stage * YOLO
object detection 7| * ssb
« YOLOV2
\. « YOLOV3

Xiao, Y., Tian, Z., Yu, J. et al. A review of object detection based on deep learning. Multimed Tools Appl 79, 2372923791
(2020). https://doi.org/10.1007/511042-020-08976-6
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CNN — Category of Neural Networks proven to be Various CNN architecture over the years
very effective in object detection

R-CNN —» OverFeat - MultiBox - SPP-Net — MR-CNN —» DeepBox —+ AttentionNet —

2011 a1 reev 14 wov 14 weov 15

Fast R-CNN — DeepProposal —+ Faster R-CNN —+ OHEM -= YOLO vi—+ G-CNN —» AZNet —
e o te

Canvolurion boolng  Comomon  Pocikg  Fuly Ry OuputPredctions
s <t Connested  Comnested Inside-OutsideNet(lON) — HyperNet —+ CRAFT - MultiPathNet(MPN) — SSD — GBDNet —
T Dog (0) CPF —+MS-CNN —+ R-FCN -+ PVANET — DeeplD-Net—+ NoC —= DSSD-+ TDM — YOLO v2 —

|'|-— ot
i !TE = T T M Feature Pyrarid Net(FPN) —~ RON —» DCN - DeNet —. CoupleNet-» RetinaNet — DSOD —

Mask R-CNN — SMN —+ YOLO w3 —» SIN —» STDN —» RefineDet » MLKP — Relation-Net —»

Kov o s w18 o 18 e 18 v 12 v e o
ot - . — G Net —+ PFPNet —= Pelee — HKRM — R-DAD —» M2Det -

Feature Extraction from Image Classification Cascaiﬁﬁ EhN R.F‘B\,th ?mer . i f .“E.u. E s 1 A 19 ANAT 19

1, https://github.com/hoya012/deep_learning_object_detection

14




Convolutional Neural Network for Cutter

Detection
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Derailed cutters
cutter_d class

All other cutters
belong to
cutter class

objects accurately

On COCO dataset
Method mAP Time (ms)
SSD321 28.0 61
DSSD321 28.0 85
R-FCN 29.9 85
SSD512 31.2 125
DSSD513 33.2 156
FPN FRCN 36.2 172
RetinaNet-50-500 32.5 73
RetinaNet-101-500 34.4 90
RetinaNet-101-800 37.8 198
"YOLOv3-320 28.2 22 )
YOLOv3-416 31.0 29
L YOLOV3-608 33.0 51 )
15

Yolo V3 was chosen due to its inference speed, coupled with its ability to detect
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Data from 13 different bit runs
e 103 drill bit images, 1944 cutters
* 22 images for testing, 424 cutters

* 800 images synthesized, 10000 cutters

16




Results from Training
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|C\(AU B)|

GloU = foU — 80m = c

loUu=0
GloU =0

lou=0
GloU=-0.7

Source: https://www.youtube.com/watch?v=ENZBhDxOkqM

Training Loss Validation Loss
o Glou N Classification . val Glou 2 val Classification
6 ‘ 10 6 10
toss o Loss 06 Loss o] Loss 06
2 02 21 02
I3 260 3 200 3 200 o 200
Epochs Epochs Epochs Epochs

Cutter detection accuracy >97%

Detection of fully damaged cutters

Biads Edge Prediction af Missing
intarpotation Cutter

17

Input
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Get Contours

ﬁ

0

OpenCV

Damaged Shape

Original Shape

Erode
Dilate Binarization
Denoising /
i
L

Good Cutter Area 87.303%

18

Grade: 1




Damage Grading

Original Cutter Damaged Cutter Estimated Pre- Original Cutter Damaged Cutter
Image Contour Damage Contour Image Contour

|

i
e
Good Cutter Area % 99.79, Grade: 0
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Estimated Pre-

Damage Contour

Good Cutter Area % 60.71, Grade: 3

Grading 0 1 2 3 4 5 6 7 8
Good Cutter 100 - 93.74 - 81.24 - 68.75 - 56.24- | 43.74- | 31.24- | 18.74- | 6.24 -
Area % 93.75% | 81.25% |68.75% | 56.25% | 43.75% | 31.25% | 18.75% | 6.25% | 0.00 %

19

Full Bit Damage Quantification
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Blade No. | CutterNo. | GoodCutter [ Algorithm [ gquivalent | BladeNo. | CutterNo. | Good cutter | Algorithm | gquivalent
Area % Assigned  [1ADC Grading Area % Assigned | |ADC Grading
Grading Grading

1 1 87.20% 1 1 3 8 96.81% 0 0

1 2 95.77% 0 0 4 1 90.89% 1 1

1 3 98.55% 0 0 4 2 94.47% 0 2

1 4 92.62% 1 1 4 3 66.04% 3 4

1 5 66.22% 3 3-4 4 4 80.02% 2 3

1 6 0.00% 8 8 4 5 100.00% o 0

1 7 98.52% 0 0 4 6 97.09% 0 0

1 8 97.80% 0 0 5 1 97.53% 0 0

2 1 85.21% 1 1 5 2 98.52% 0 0

2 2 0.00% 8 8 5 3 100.00% o 0

Average Good Average [~ 2 3 70.39% 2 3 5 4 92.85% 1 0
Cutter Area % Algorithm 5 " 55.00% T 5 S S ca73% 3 3

Assigned Grade

2 5 95.49% 0 0 5 6 66.81% 3 7

80.99% 2 3 1 100.00% 0 0 5 7 98.15% o 0
3 2 97.45% 0 0 5 8 95.94% 0 0

3 3 95.54% 0 0 6 1 80.88% 2 2

3 4 74.16% 2 3 6 2 34.82% 5 5

3 5 0.00% 8 8 6 3 60.22% 3 3

3 6 87.50% 1 1 6 4 98.10% 0 0

3 7 98.06% 0 0 6 5 96.85% 1 1

10



Requirements Identified from Study

Multiple
images are
needed

Blade 4 / Cutter 1

Damaged Cutter
Contour

Blade 5/ Cutter 1

Estimated Pre-
Damage Contour

Original Cutter
Image

Estimated Pre-
Damage Contour

|

Original Cutter
Image

Damaged Cutter
Contour

2

Good Cutter Area % 89.14, Grade: 1 Good Cutter Area % 100.00, Grade: 0

8/18/2021
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Shaped cutters are OK
* Need pre-drill photos

Lighting and image resolution are important

21

Revisiting IADC Dull Grading
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Bond Failure
Broken Cutter H
Chipped Cutter Wlth more flzr:tdchecking
Erosion data more Junk Damage
Flat Crested Wear Ring Out . h
Heat Checking classes can be Wash Out Requires other
Lost Cutter . Etc. t t I d t
No Characteristic |nc|uded contextua ata
Rounded Gauge
Worn Cutters
Etc.
Cutting Structure Bearing Galige Remarks
1. Inner Rows | 2. Outer Rows | 3. Primary 4. Location of | 5. Bearing & | 6. Undersize |7.OtherDull |8. Reason
- Average - Average Dull Primary Dull | Seals 16th’s inch Characteristic | Pulled
Cutter Wear | Cutter Wear | Characteristic | Characteristic
P 4N
. L Difficult from a few 2D
<“ We have shown that this Blade-wise images make . but scal !
. . .. Images, but scale markers
is possible this simpler .G :1 ges, ; )
can make this possible

11
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Forensics on a used drill bit can help determine changes to Bit /BHA design

and (or) drilling parameters.
Run 5 Run 7 Run 8

SPE-205844-MS (ATCE 2021)
Witt-Doerring et al. Quantifying PDC Bit Wear in Real-Time and Establishing an Effective Bit Pull Criterion Using Surface Sensors

But needs to be done as quickly as possible.

23
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Step 1: Find Cutters Step 2: Grade Cutters Step 3: Categorize by Cutter locations

Original cutter shape 0

100 200 300 400 500

\ J

Step 4: Classifier to
Infer Root Cause { by

24
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* |dentify the main blade in the

GAUGE

GAuGE image
G’IOULDER ~~—
CONE, TAPER SHOULDER .
[N Earitt * Scale the blade profile for

(a) (b)
comparison to a reference profile

GAUGE
GAUGE

SHOULDER » (Categorize cutters as belonging to

SHOULDER

- the cone, nose, shoulder or gauge

(c) (d)

v \‘!E‘Bﬂ\ﬂ(loﬂﬂl
" -,

25
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" // Identifying the
ol / main blade in the
B{ [
/ .
il image

» Algorithm used inspired by the gift wrapping algorithm (Jarvis, R. A., 1973)
e Generally used to find the convex hull given a set of points

* The main adaptation done was to start with the bottom-most cutter in the image, and

move only clockwise.
26

13



300

250

200

150

100 A

50 4

8/18/2021

L]
>

Locating the Cutters =

Education

Original Curves Preprocessed Curves

The curve is rescaled to a
predetermined scale, using
the top most cutter in the

image as the basis.

%ng‘- Curves shown for a multiple blade profiles
‘\g"m‘iml

27
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Preprocessed Curves Angle between Cutters

200

* |deally, it is expected that the angles
180 { &
between adjacent cutters would start

160 1 from 180 degrees (at the gauge)

140 | * then reduce to around 150 degrees

10 (at the shoulder and the nose)

» finally go back to 180 degrees (at the
100

cone).

50 100 150 3 2 6 g 0

Through proper tuning of these angle change thresholds, the cutters can be successfully
separated as belonging to one of the 4 different locations.
28
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Locating the Cutters

Cutter detected

: Ai >. o

cutter O.cutte

Ei

o Cutters in different locations

8/18/2021
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Build a Classifier

Choice: Decision Tree

]
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Dataset Size: 24 Drill Bits

Average Gauge Damag!
024
/

N
. False

AN

.

Average Nose Damage <=
0.143

Average Gauge Damage <=

<=1.845

Average Shoulder Damage

Average Shoulder Damage
<=0.162

‘ Whirl ‘ ‘ stick Slip ‘

/

/

&

N\

\\

Average Cone Damage <=
1673

Gini impurity was chosen as the metric that

AN

EN ’

Stick slip ‘

measures the quality of the data split in the model

31

L1
=

SPE Online
Education

Average Nose Damage <=

Average Gauge Damage <=

0.143 0.694
~
— i ~—
Average Shoulder Damage Average Shoulder Damage )
<=1.845 <=0.162 Whirl stick Slip

/ ~_

L ' ~_
‘ Green ‘ ‘ Stick Slip ‘ ‘ Axial ‘ ‘ Average Cone 3Damagc <= ‘

Location

Shoulder

Gauge

Average damage 0 0

3.41

N
RN

¥

Whirl ‘ ‘ Stick Slip ‘

32
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Location

Nose Shoulder

Gauge

Average damage 0

0.33 1.58

0.05

.

8/18/2021
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Average Gauge Damage <=
0.024

/

Tue - . False

s N

-

x a

Average Nose Damage <= Average Gauge Damage <=

0.143 0.694
//”/ =
// v Y ~.
Average Shoulder Damage Average Shoulder Damage . .
80 o162 Whirl stick Slip
/ / \ -
/ T
o v ™~
. Average Cone Damage <=
T | [ | [ ] [ |
‘ Whirl ‘ ‘ Stick Slip ‘
33

Note & Reminder

Average Gauge Damage <=
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e This is an expert system
with interpretability
embedded in it

e This decision tree will

0.024
e ~_False
P ~
A(/ \‘A
Average Nose Damage <= Average Gauge Damage <=
0.143 0.694

- — \\\\

/// \\\\
P il \\‘
Average Shoulder Damage Average Shoulder Damage . . .
<= 1.845 <= 0.162 Whirl Stick Slip
e ) Average Cone Damage <=
G Stick Sli Axial
reen Ich p \Xial 1673
Whirl Stick Slip

change, based on a
variety of factors
— Including Profile

34
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Combining with Time Series Data =2
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SPE-205844-MS (ATCE 2021)
Witt-Doerring et al. Quantifying PDC Bit Wear in Real-Time and Establishing an Effective Bit Pull Criterion Using Surface Sensors
Well 4 - West (N-S) -
i “I i Consecutive RO andior commencing to RO s
" | == z br
ftrf ’ i /
gl ey g o /fmw : /
% o0 | sortwes anty o] ¥l ' rowaicora samene -
o v ey Mo G bame = 1 OT - o
o = period
R il 71| = s
Rl : [l 0
A /
41 /
F ~ 7
z v
B /
% /
35
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Capture More Specific Cutter / Bit Damage =&
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Micro Spalls Ring-Out Poor Nozzle Design

18
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Percussion / Hammer Bit

The cutters are mainly on the bottom surface

37

https://hartrusion.com/en/hydrdthhammer/drivemechanisms/
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Percussion/Hammer Bit — Results
on Dataset —

Class 0: Green Class 1: Worn

Class 2: Chipped Class 3: Pop-out

* 548 cutters labelled from 57 different bit images

° o Class balance: class 0-3 have 365, 80, 24, 79 samples, respectively 38

19
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Percussion/Hammer Bit — Data
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Augmentation srtoe

-30%
Flip Brightness Rotation
(Between 30% and +30%) (Randomly from -90% and +90%)
o]

Original

DD
=,
ional

wgp.
v? Internati
(4 ~“

Grayscale

39
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Percussion/Hammer Bit - Localization

image

* Generated the outer ellipse by fitting all
the detected cutters’ locations

e Split Quter / Inner rows cutters (2/3
diameter)

e Cutters in both outer and inner area —
determined by the area overlapped

40
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Revisiting IADC Dull Grading o

* Do we need a new IADC dull grading scheme?
e What problem is it solving?
— Subjectivity is not removed
*  Why create a mental picture when we can
have an actual picture
* What is a desired standardized output?

— Why do we want a standardized output?

Education

Get involved in industry
discussions

Lots of industry participants

Paul Pastusek

a1

Build Mobile Phone Apps

Front of Check

101

CHRIS L MARTIN
123 YOUR STREET
ANYWHERE, US A 12345 vcscen

— =
wepe Philip Harvey s[575006 ]
Five Hundred Seventy Five - CO/100 o OB

SANK OF AMERICA %2 y
a;u,,j( Wit _

For_
12000000000 423=LSE?* DI04

Yes, Yolo can be run on Android phones

https://github.com/nightsnack/YOLObile
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* Mobile apps that assist in taking quality blade-wise and other guided photos as appropriate

42

21



8/18/2021

L]
>

Closing Comments e

e Drill bits are fundamental to reduce the cost of any drilling operation
— Oil and Gas Wells
— Geothermal Anywhere Wells
* Drill bit forensics are key — and not should not be subjective
* Al can and should be applied to improving and accelerating drill bit forensics

— Great opportunity for drill bit vendors and entrepreneurs

*  When building Al models think long-term

— Plan for interpretability / explainability and model extensibility in addition to accuracy

, =
%PE g
v \‘!I':‘Bﬂ\i‘lonal
4 -, y
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*  Paul Pastusek — Drill Bit Forensics ( )

¢ Cynthia Rudin — Please stop doing explainable Al ! ( )
¢ Yolo on Android — ( )

¢ Ujwal Karn CNN blog — ( )

¢ SPE DUPTS student competition — ( )
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Thank You for Your Time
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