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Introduction

Metalloss depth tolerances heavily influence inte grity : kX
managementprograms - particularly when using gl T
_ ‘{ﬂ probabilistic techniques and assessing future inte grity

Conservative tolerances lead to unneeded or
premature digs

Industry specifications are notidealto represent the
true influences on sizing tolerances

Multi-yearpartnership between Baker Hughes
and key customerto develop a means to reduce
tolerance conservatism in MFLspecifications
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Baker Hughes evolution of MFLs1zing algorithm s

Telo ik

Approach

* Manufactured calibration
joints of various wallthicknesses
pulltested at multiple speeds

* Regression ormachined learned
models

Statistics

* Typically 00s ofdefects

* Multiple pulls to acquire larger
population and speed influence

Performance

* Established reliable performance
within defined confidence levels

e Widertolerances

Lim itations
* Smallsample sets

* Highly influenced by "'morphology" and
shape

* Performance on interacting
corrosion is less predictable
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Approach

* Manufactured calibration
joints of various wallthicknesses
pulltested at multiple speeds

* Training on vastlibrary ofcorrelated
laserscanned/AUT field data

e Machined learned models

Statistics

* 10,000s ofdefects underrealoperating
conditions to develop models

* Pulldata ensures bounding ofmodels

Performance

* Highly robustto "realworld"
defect shape when corrosion
is non- interacting

* Tightertolerances

Lim itations
* Highly skilled process (overtraining)

* Performance on interacting corrosion
improved butremains challenging
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Big Data Iibrary

« Excavated feature data is the best truth data available fortraining
machine learning models

* Extensive repository of truth data aligned with lIdata

—Enables opportunities foradvanced data analytics to step
change POD,POIL POS

—Baker Hughes has 100s thousands of field verified laserscan
profiles in the database

* More than justa database ofactualresults compared to reported
results

—Isignaldata (tri-axial)

— Fullresolution measured defect profiles
—Toolparameters

— Operating conditions

— ..and more

* Flexibility to be utilized formany research mitiatives
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Metalloss Tolerance Opportunity
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POFBased Tolerances

* Corrosion tolerances have traditionally been built
based on arbitrary POFbased length and width

Pl b1 Ogcam

sey@nse O8Aag ® @ 00

Anom aly Specific Tolerances

Specific tolerance forevery individualcorrosion
in a line based on multiple influencing

categories with limited defect populations characteristics
* Ilength and width are not the only influences on
accuracysonotidealasa grouping criteria
N Why is this im portant?
l. Reducing digs - considerable over-conservatism can be removed from integrity assessments I'.}
L
. a

2. Improving safety — betterunderstanding of where true risk lies
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Whatreally mfluences sizng?

* Iength and width are not the only important factors related to MFL B j Corrosion
depth accuracy i1 A Cluster

* Machine learning technique used to determine greatest influences on
sizing

* Reviewed 57 influencing factors against >200,000 defects

* Highest impacting factors fellinto 4 main categories:

Iocation and
interaction to other

Predicted anomaly Raw signal
pipeline fittings
and fixtures

measurements characteristics

The param eterizations

The predicted length, ofthe anomaly llIraw . Lo 1ogat10n Gl . Ut loc?atlon and Pit in Pit"
. . . . interaction oftarget interaction oftarget
width and depth signalincluding both anomalies to anomalies to other .
outputofanomaly the tria xial MFLd a ta othervineline fittine s v, ‘ corrosion
sizing models. and other pIp g g g I

and fixtures.. anomalies..
supplementaldata.

e The specific factors within and across these four categories interact
togetherin complex ways to define metalloss accuracy

* Iengthand width were notthe dominant influence
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ProofofConcept— initial valida tion

* Big data library utilized to improve tolerances at an individual line level
— Machine learning modeldeveloped using wide range ofinfluencing factors
— Tri-axial MFLwith standard and highest resolutions considered

— Modelapplied to 8 lines with high corrosion populations and significant dig
programs

* Improved tolerances relative to the original POF-based tolerances for 89%ofdefects

* Otherdefects where wider tolerance were predicted gives betterunderstanding of
true risk

VECTRA™ HD
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Pipe Percent ofdefects with

Diameter tightening oftolerance
8" 67%
2" 99%
20" 84%
24" 98%
30" 95%
30" 94%
30" 73%
42" 100%
Average 89%

MagneScan™ SHR+
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Understanding the value
ofpredicted tolerances

Pitting & GeneralDefect Tolerance Perfermance
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Bene fits

* Potentialimpact to ourclient’s dig program was assessed

* Individualtolerances supplied forallanomalies in pipe tallies for future integrity
assessment

— Comparison made ofresults using POFand predicted tolerance methods for:
* Numberofdigs overa 10-year growth period
* Numberofdigs prior to the next re-inspection

* Re-inspection year

10-year growth period Priortore-inspection year Re-inspection year

Increase in

Reduction ofdigs Reduction ofdigs : :
re-inspection year

8 2 4 1
2 -3 -1 0
20 294 14 0
24 43 6 3
30 90 2 0
30 117 -2 1
30 40 0 0
42 0 0 0
Total 593 23 —
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How do we apply this more generally?

* Previous work generated line-specific optimization to establish
predictive tolerance models

* The challenge is to be able to predict tolerances on any line
with any tool

Generic Predictive Tolerance Model

* Expanded training and testdata to entire big data
library (100s thousands features)
VECTRAHD and MagneScan SHR+ in multiple diameters

 Highly representative database
Fulljoints scanned formany years (100s to 1000s per joint)

Realistic skewed population distribution

* Re-optimized machine learned model
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l. Predict unbiased (symmetric) 80%
confidence bounds for performance
results

2.Provide tolerances thatare more
representative ofactualdepth

3.Remove conservativism from POF
specification
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Did we reduce over-conservatism ?

0
e Cumulative distribution function 84%ofdefects

(CDF) plotis used to demonstrate had tighter
relative change in predicted 10 T
tolerances than

tolerance v specified — Cresiting & Groovig
* POFclassifications used to sim p lify 804 formalspe(nﬁca‘uon
interpretation 5
 Tolerance reduces in the majority 2 604
(=¥ .
ofcases 3 Widertolerances
* Pin-holes show that specification is g 40 4 means we are
highly conservative versus actual s . cn -
performance >95% im provement 55 1dent1fy1ng where
$ 20

greaterrisk lies on
accuracyof
0.00 025 050 075 1.00 125 1.50 1.'75 2.00 I'CpOI"[Cd depths

Predicted Tolerance / POF Based Tolerance

* Otherinfluencing factors -
predicted tolerances increased
relative to the published 0 -
specification on 16%ofthe
population.

< | >
< T >

Tighter Confidence Bounds Wider Confidence Bounds

2 Copyright 2025 Baker Hughes Company. Allrights reserved. Baker Hughes >




Other Key Performance Criteria

Safety Outliers Repeatability
As we remove conservatism we need to ensure we do It is important to determine whetherthe modelconsistently
not increase riskthat critical features willnot be predicts tolerances

significantly undercalled
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* Runcom software —
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0 L. 0
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Conclusion & Acknowledgm ents

u
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d.

Innovative,high accuracytolerance predication model
generates individualdepth tolerances foreveryanomaly

Minority ofanomalies with widertolerance are betterindicators of
true riskleading to improved safety

Iess conservative tolerances compared to conventional POF-based
tolerances means reduced dig program costs

Enables more efficientand effective maintenance & dig
programs
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