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Introduction

Drill bits Damage to the PDC
cutters
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) PDC Damage and root causes
Whirl
Stick slip
Axial
Figure 1: PDC bit structure. Figure 2: Mechanical root cg
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YOLOV5

The most typical pre-trained models for one-
stage object detectors are YOLO (YOU ONLY LOOK
ONCE)

It works by dividing the image into N grids, each
having an equal dimensional region of SxS.

For each N it performs the detection and
classification at once

Source: https://lilianweng.github.io/posts/2018-12-27-object-recognition-part-4/

TaTxi02d 4096 Txtxm

X5 X & bounding baxes ({3
confidence = Priobject] x laUlpred, truth)

5% Sgrid on input
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Literature Review g’} o

Ld [
Provided a physical knowledge |Manually by experts 0 bj ectlve

of bit damage and created
mitigation strategies.
Present a metric methodology |Using the proposed Automating
to help quantify PDC bit wear |PCD bit wear metric,
and failure using real-time drilling data, and bit
surface sensor dataand PDC  |images via experts
dullimages
Innovative approach to bit Deep learning
damage classification techniques (YOLO v3)

the  process of

1 typel a

To identify the bit failure cause |Decision trees based
on the cutter grades
and location
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Methodology =

Webinars

Location, and Upload the "
1ype of dataset Buldl 'H | Location )
Cutter object =7 s ! o unw:n“::
er o | severty .| images) cation with the
annotation 5 Augmentation g l—' damage based
Buiding | — — _ || onthe overlap
model2 [Cmage type. B
seventy Classify
YoloVS the root
Dataset (376 bit images) : “Approch 1L model : cause
1 |
1 e 1
Building a model

1 1
i en:'.‘:‘x’r;g todetectthe || i
Failure cause | _’: cause :
annotation 1 h
1 OR |
1 1
1 1
i'| Approch 2:Rule based classification | |
' 1
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Dataset Webinars

46 drilling bit with a total of 367 images from different angles

2360-3200 cutters

[4]

- Annotation (location, type, and severity).

Dataset splitting (training set (206-bit images), validation set
(59-bit images), testing set (30-bit images)).

- Augmentation (618-bit images).
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e
Dataset Annotation =

Table 2: $ i i ion
Location Class Annotations
Core [ 381
Nose N 626
Shoulder Sh 647
Gauge ) 647
Top top 46
Shoulder RO Shoulder RO 14

Total (376 images) 6 classes 2361

Cutter Damage
Annotation

Identifying the main
damages

Failure Cause
Annotation

10
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Cutter Location
Annotation

Identifying the main
damages

Failure Cause
Annotation
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Dataset Annotation =

B

Table 3: Results of Ds Detection of Cutter Annotation.
Type of Damage Class Annotations Comments
Green GG 1,465 Over represented
Low thermal wear L.Th 705 Over represented
Medium thermal wear M.Th 256
High (Delimitation, missing cutters) H 206
Smooth wear LSW 320
Normal Fracture NF 89 Under represented
No ringout from top view no.to 2 Under represented
Ringout from top view RO 19 Under represented
Nose and Shoulder missing area Shoulder RO 13 Under represented

‘Tangential Fracture TF 6 Under represented
Green with TF line present G.TF 5 Under represented
Total (367 images) 11 classes 3200
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11



Cutter Location
Annotation

Cutter Damage
Annotation

Failure Cause
Annotation
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Dataset Annotation

Fractures

Missing

Thermal

Smooth wear
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Dataset Annotation

Cutter Location

Annotation
Table 1: Bit failure cause per main damage and location
Core Nase Shoulder Gauge
Smooth wear Smooath wear Smooth wear Smooth wear Smooth wear
C utter D ama ge Thermal wear (Low/Medium)  Thermal wear Thermal wear Thermal wear Thermal wear
. Tangential Fracture Stick slip Hard Formation Transition ~ Whirl (lateral) Whirl (lateral) if no
other d; s then
Annotation e e
Normal Fracture Stick slip Axial Whirl (lateral) Whirl (lateral) if no
other damages then
Identifying the main Noseringous (igh mising) e Fomuion Dsiion it aine
Shoulder ringout (High missing) Soft formation transition
Core out (High missing) Structural overload
d ama geS Low Missi ing i Stick s‘l‘i’p i Axial Whirl (lateral) Whirl (lateral)

13
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Random:

Stepl: Resize to 416x416

Step2: Evaluation Splits

14

B

reparing Data for training’ﬁs

14



This will increase the training images from 205 (60% of images) to 615 imag
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"
Dataset Augmentation =

* Flip: Horizontal
¢ 90° Rotate: Clockwise, Counter-Clockwise
e Brightness: Between -25% and +25%

15
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Cutter Detection Models >

e 2 YOLO v5 models, one for the location and damage type
* Defult hyperparameters

* Trained for around 250 epochs

17
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cation and damage
association

|

Overlapping ;
bounding
box (Green §
0.4 and Low
Thermal '
0.70)

1- Calculate the Euclidean distance between the center of the bounding boxes.
2- Go from the location and determine the overlapping damages with a thresho

18
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ailure Cause Classification

Approach 1: ML models:
- Decision Tree
- Random Forests

All Using defult hyperparameters

19
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ailure Cause Classification

Approach 2: Rule based approch

SAlgorithi 1 RSB jiod Fhllare Caited ClisstBcitivn {rinfractares Gutbor)
Input : bitinfa dicti aining cutters |

Rigorithin  Rie T Pl Catoe Couification (Hagos]
“Taput - bt " » dictiounry contaialng iR Toraika compbel Wik T damiags
rocedurn tuncout » frm the o view
W T top view has a ringout RO” then
returm Trie

slsn.
return Fabe

> a dictionary contan . w od with the
procedure isGresx
if The number of groen cutters is higher than 80% of the total bits detected then
roturn True & Cutters with smooth wear are counted as half due to probable mixup with green

return False

procedure ISSMOOTIWEAR
if The number of cutters with smooth wear is higher than the bits with thermal wear then
roturn True & Cutters with low thermal woar are counted as (0,75 utter) due to probable mixup
with smoath wear
else

return False

procedure ISTHERMALWEAK
If The number of cutters with thermal wear on the shoulders are higher than the wumber of main
blades (7 in the bits studied) then
return True o Cutters with medium thermal wear are counted as (1.25%cutter) due to stronger
indication
if The nuber of cutters with thermal wear on any loeation are higher than the mumber of main blades
*2 (14 in the bits studied) then
return True > Cutters with medium thermal wear are counted as (1.25%cutter) due to stronger
indication
else

return False

if Exmbor of missing cote cutter s greates than | then
return Troe

oho
return Fale
procedire N UNGOT
I exmber of missing s catier is gevater than 5 then
return Troe
If e of detocted u
ocatiom model

i cuttes b bess tha 10 then Ty necoun for errors in the deteetion

return Trae
if Shonider RO dumage b detected for Shoukler RO' location then

I inRingout ) mned pssher of coter in groster than the mrsher of tising shovders
utter and no ieCateont ) mad wamber of hewvily damager one cutter & gronter than 2 then 5 To
‘aceonant. for ermoes I the detection model

return Trae

return Fabe

procedure KSHOULDERRINGOTT
I pumbor of missing xhocder cutter in greator than 5 then

return Trae

It Shouider RO" dumage i detected for ‘Shoukder RO' location then
roturn Troe

ir

reater than

nd not 0 urmber of heavily damagrd
for ertors i the darmage detection medel

rater than 2 then & To secount

return Falso
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Algorithem 3 Aode el Falbure Care Classication (fracture] catbers)
" lnput - bitinfe  a dictionary costais { oo g
ure S TicK
T 3 N
Feturn True v ol C
If Tho mumber of hoavily damage core cuttors or medism thermal weae oaals 2 and i 2ot i
Nameltingou() and s nat iCoreout() than
roturn Trae

o forgvenses of | beily dasmage cor cutter i
e s pomadblo erroc and inchusion of tcraal woar ia e U misclamiBeation sometie betwera porual
Fractium and partial dolimitation with medium theraal wene

el

return Fabe
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1 Poosenon of extters with vasmal racture thon
ren
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e
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urn Trae o Inclision of therral weas b dse 0 ebaclaeifcation wosetissen betwres, osrmal
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return False
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Table 4: Cutter location model results (10 Drill bits test set)
Class Images Labels P R mAP@.5 mAP@.5:.95:

All 80 515 0.957 095 0.973 0.699
C 80 84 0.949 0917 0.955 0.641
G 80 140 0.973 0.943 0.971 0.658
N 80 139 0.954 0.914 0.961 0.647
Sh 80 142 0.943 0979 0.984 0.725
Top 80 10 0.966 1 0.995 0.826

21
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amage type and severity identificationwar.-

Table 5: Cutter Damage model results (10 Drill bits test set)

Class Images Labels P R mAP®.5 mAP@.5:.95:
all &0 731 0.646 0532 0.49 0.35
Green (G_G) 80 349 077 0777 0851 0534
Green with TF line (G_TF) 50 1 1 0 000318 0.00254
Missing (H) 50 i 0.628 0443 0.505 0.282
Smooth Wear (L SW) 80 58 0218 0481 0.29 0.225
Low Thermal Wear(L.Th) 80 17 0.516 0753 0619 0444
Medium Thermal Wear (M_Th) 80 51 0,404 0412 04 0278
Normal Fracture (NF) 0 1 0202 0455 0.215 0.134
Ring out (RO) 50 4 073 1 0.995 0606
Tangential Fracture (TF) 80 3 1 0 0.0243 0.0206
No Ring out (no.ro) S0 6 0.99 1 0.995 0.885

‘Table 6: Cutter Damage model results (random 25% images test set)

Class Images Labels P R mAP@.5 mAP@.5:.95:
all 90 913 0.564 0.69 0.664 0.464
GG 90 452 0.812 0.878 0.877 0.553
G.TF 90 1 0479 1 0.995 0.995
H 90 84 0752 0.759 0.772 0.407
L.SW 90 85 0451 0474 0417 0.298
L.Th 90 183 0.535 0.601 0.571 0.406
M.Th 90 81 0.518 0.407 0.438 0.325
NF 90 21 0.428 0476 0.404 0.293
RO 90 1 0778 1 0.995 0.497
Shoulder RO 90 3 0.7 1 0.83 0.432
F 90 1 0 0 0.00562 0.00506
no.ro 90 1 0.752 1 0.995 0.895
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Figure 18: Confusion matrix of the cutter location detection model (10 Drill bits test set).
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Figure 20: Confusion matrix of the cutter location detection mode] (random 25% images test set).
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Failure Cause Model Accuracy

B

P
—
Webinars

M L'Based Table 7: Results of the ML based approach (Decision Tree model) for Bit Failure Cause identification
Smooth Wear Thermal Wear Core out Hard Formation Soft Formation Axiel Whirl MACro-
approach transition Srmnidifin i
Accuracy  82.61% 86.96% 8.13%  9783% 89.13% 97.89% 58.10% 86.02%
Precision 0.83 0.95 0.80 1.00 0.00 0.93 0.67 86.33%
Reeall 0.42 09 0.50 0.92 0.00 1.00 0.69 73.04%
F1 score 0.56 0.93 0.62 0.96 - 0.96 0.68 78.34%
Table 8: Results of the ML based approach (Random Forest model) for Bit Failure Cause identification
Smooth Wear Thermal Wear Core out Hard Formation Soft Formation Axiel Whirl macro-
transition transition Average
Accuracy 80.43% 91.30% 93.48% 97.83% 91.30% 93.48% TLT4%
Precision 0.75 0.95 100 100 0.00 0.92 0.81
Recall 0.27 0.95 0.63 0.92 0.00 0.85 0.73
F1 score .40 0.95 0.77 0.96 - 0.88 0.77
a p p roa Ch Table 9: Results of the rule-based approach for Bit Failure Cause identification
Smooth Wear Thermal Wear Core out Hard Formation Soft Formation Axiel Whirl
transition transition
Accuracy 93.48% 93.48% a7.83% 100.00% 100.00% 93.48% 93.48%
Precision 0.8 0.07 1.00 1.00 1.00 0.81 091
Recall 0:80 0.95 0.8 L.00 L.00 100 100
F1 score 0.84 0.96 0.94 100 L00 0.90 0.96

24
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ipeline Evaluation Result&S.

Table 10: Results of

Bit

Existing Failure Causes

Detected Failure
Causes by DT

Detected Failure
Causes by RF

Detected Failure
Causes by rule-based
approach

15

20

3z

47

49

50

52

57

Thermal Wear, Soft to
Hard Formation Tran-
sition

Thermal Wear
Thermal Wear, Soft to
Hard Formation Tran-
sition

Thermal Wear, Axial,
‘Whirl

Thermal Wear, Whirl

Thermal Wear, Soft to
Hard Formation Tran-
sition, Whirl

Smooth Wear, Whirl
Thermal Wear, Whirl

Thermal Wear, Soft to
Hard Formation Tran-
sition, Axial, Whirl
Thermal Wear, Axial,
Whirl

Thermal Wear, Soft to
Hard Formation Transi-
tion, Whirl

Smooth Wear

Thermal Wear, Soft to
Hard Formation Transi-
tion, Whirl

Smooth Wear, Whirl

Thermal Wear

Thermal Wear, Soft to
Hard Formation Transition

Thermal Wear, Whirl
Thermal Wear, Smooth
Wear, Whirl

Thermal Wear, Smooth
Wear, Axial

Thermal Wear, Smooth
‘Wear, Whirl

Thermal Wear, Soft to
Hard Formation Transi-
tion, Whirl

Smooth Wear

‘Thermal Wear, Soft to
Hard Formation Transi-
tion, Whirl

‘Thermal Wear, Axial

Thermal Wear

Thermal Wear, Soft to
Hard Formation Transition

Thermal Wear, Whirl
Thermal Wear, Smooth
‘Wear, Whirl

‘Thermal Wear, Soft to
Hard Formation Tran-
sition, Axial, Whirl
Thermal Wear, Smooth
‘Wear, Whirl

Thermal Wear, Soft to
Hard Formation Tran-
sition

Thermal Wear

Thermal Wear, Soft to
Hard Formation Transi-

tion, Whirl

Thermal Wear, Axial,
‘Whirl

Thermal Wear, Axial,
‘Whirl

Thermal Wear, Soft to
Hard Formation Tran-
sition, Whirl

Smooth Wear, Whirl
Thermal Wear, Whirl

Thermal Wear, Soft to
Hard Formation Tran-
sition, Axial, Whirl
Thermal Wear, Axial,
‘Whirl

Total 24 failure causes

15 correctly detected Fail-
ure Causes and 8 False de-
tected

18 correctly detected Fail-
ure Causes and 6 False de-
tected

25

24 correctly detected
Failure Causes and 2
False detected

2/16/2023
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Discussion

"_The hierarchy proposed to identify the main cause of
_~ damage per location may over-simplify the problem.

. Asthe ML models were fit based on the ground truth
‘\‘ annotation of the cutter damages, it cannot deal

with errors propagating from the damage detection

Y model. o

: g When we have a problem that follows some
scientific rules, the use of ML models becomes N
unjustifiable especially with the lack of balanced >
representative data that allows the ML model to »
induce those rules.

26

L-Based models and Rule-based Failure cause approaches

. data augmentation through

i detection approach) y

B

P
=
Webinars

This could be mitigated in the
future by using the full damage
profile

This could be mitigated by

adding some perturbation
or noise to the features.

Start with straightforward

solutions and move to ML

models just when needed
(such as in the object

25



. Subjectivity of the domain and

. Dimensionality of the problem
. Annotation

Discussion

limited resources

27
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Conclusion

Two modules were built, the first model to determine the location and damages
of the cutter and the second module is rule-based to identify the associated type
and root cause of drill bit failure.

The results provide good evidence that our models were highly accurate by
examining the mAP of the first and second models, which are 0.97 and 0.66-0.49
MAP, respectively.

The rule-based approach to classifying the failure cause achieved an ac

95% and a macro-average Fl-score of 0.94.

The complete pipeline was able to identify all the 24 failure cause

Rits that were used as a holdout test set.

27
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Future work

Larger dataset containing bit images and drilling data

As future
work, we
would
like to
consider

Expert validation to enhance the model accuracy

Building a more field friendly interface

29
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