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Objectives

* Leverage ~6000 Dig
Observations Augmented with
MFL & Environmental Data to
Improve the Assessment of

SCC

* Use Machine Learning & Y
Advanced Analytics to Support = :
this Assessment ;s ‘

e Use the Results to Plan i NLGOOO.D'g

. ) earning

Inspections, Select DA Dig Observations
Sites, Perform Sensitivity gt
Analysis and Augment
Determinsitic Models P

* Present Key Elements & N RN
Learning of this Process ety
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Machine Learning & Advanced Analytics Process

Learning Target Training Data Learned Model Performance & Analytics
(SCC True\False) (Observations) (Find Patterns) (Validation & Explanations)
Learn Data © ©
Test Data
* 6000 Learning * Pipe Inspection Data * Learned Model is * Predictor Influence
Observations « MFL Data Basis Of Advanced * Predictor Directionality
(True\False) . Analytics o
e Soils Data * Prediction Breakdowns
* Weather Data * Validation

* Clustering & PCA
* Similarity Testing
* Application
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Training Data — Pipe Inspections

Pipe Inspections

Install Date

Coating Types

Normalized Distance from
Launcher

SCC Indications

Joint_Install_Date
[numeric]

af_coating_type
[factor]

dist_from_launcher_normalized

[numeric]

joint_has_SCC
[factor]

Mean (=d) : 1968.856 (9.821)

min = med =< max:
1946 = 1970 = 2017
IQR (CV) : 18 {0.005)

. Aszphalt

. Coal Tar

. Epoxy (general)
. Exfruded Paly.
FBE

. Liquid Epaxy
Mastic

. Muli Liquid

9. Mo_data

10. Paint

11. Paly Tape

12. PVC Tape

13, Wax

14. Wax_Dearborn

(R T R S U

Mean (=d) : 0.444 (0.296)
min = med = max:
D=043=1

IQR {CV): 0.52 (0.668)

1. FALSE
2. TRUE

56 distinct values

1620 (25.0%)
1191 (15.4%)
246 ( 38%)
27 ( D.4%)
39 ( 06%)
16 ( 0.2%)
3( 0.0%)
6( 0.1%)
50 ( 0.8%)
41 0.1%)
2897 (44.7%)
69 ( 1.1%)
266 ( 4.1%)
52 ( 0.8%)

101 distinct values

4022 (62.0%)
2464 (38.0%)

6154 332
(94.9%)  (5.1%)

o456 0
(100.0%) | (0.0%)

5412 74
(95.9%) | (1.1%)

6486 0
(100.0%)  (0.0%)
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Training Data — MFL

Mean (sd) : 54 866 (145.819)

1 1 LO_ml_feature_count | min = med = max: . 6435 1
Engineered MFL Corrosion Features — e 494 distinct values d000%) | ©0%)
. IQR (CV) - 40 (2.658)
* Local (LO) vs. Generalized (L2) R
COI’TOSlOﬂ Mean (sd} : 23.13 (21.624)
. LO_mil_max_depth min = med = max: . G457 18
* Local (LO) vs. Generalized (L2) [numeric] 0215100 742 distinct values (99.7%) | (0.3%)
. IQR (CV) - 38 (0.935)
Severity
Mean (sd) : 10.673 (10.008)
LO_ml_median_depth = min = med = max: - G467 19
[numeric] 0s12 =100 623 distinct values (99.7%) | (0.3%)

IQR (CV) - 14.45 (0.938)

Mean (sd} : 7.17 (5.526)
L2 median_ml_depth | min = med = max: 5489 th
- - 1875 distinct val
[numeric] 0=7.51<51684 sinct values (84.8%) | (15.2%)

ISR (CW) - 7364 (0.771)

Mean (sd} : 669 357 (2351.287)
L2 mi_feature_count | min = med = max: 1140 distinct values 5459 9&7
[numeric] 0 = 28 = 26504 (54.8%) | (15.2%)

IQR (CV) - 219 (3.513)

Mean {sd) : 20.05 (16.75)
L2_ml_max_depth min = med £ max: L 5499 9a7
- - 2009 distinct val
[numeric] 017674285 Slnet valies (84.8%) | (15.2%)

IQR (CV) - 22.645 (0.835)
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Training Data - Soils

Normalized Soils Data

* Soil Landscape Grids of Canada
(100 m resolution)

* SSURGO - Avg of Horizons (1-10
acres, ~1000ft resolution)

* Required Normalization of Values

Soil_Cations
[numeric)

Soil_Density
[numeric)

Soil_pH
[numeric]

Soil_percClay
[nummeric)

Mean (sd) : 16.401 {12.994)
min = med = max:
0=15026 = 174.533

IGR (CV) - 12,101 (0.792)

Mean {sd)} . 1.435 (0204}
min = med = max:
0=1447 =1.9862
IGR (CV) - 0.196 {0.142)

Mean (sd)} : 5227 (2.655)
min = med = max:
0=5873=8325
IQR (CV) - 2.218 (0.508)

Mean (sd) : 26.072 {13.359)
min = med = max:
0=25183 =767

IGR (CV) - 13.483 (0.512)

3955 distinct values

3909 distinct values

3619 distinct values

3867 distinct values

6166
(95.1%)

G166
[95.1%)

6166
(95.1%)

6166
(895.1%)

320
(4.9%)

320
(4.9%)

320
(4.9%)

320
(4.9%)
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Training Data - Soils

Canadian National
Soil Database (NSDB)

Canada

United States

USGS SSURGO
Soils Data
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Training Data - Weather

Normalized Weather Data ez R R 2l LR
Annual_Precip_in min = med = max: 74 distinct values 1865 4613
 Canadian Centre for Climate [numeric] 10=43 =67 (28.8%) | (71.2%)
) IGR (CV) - 18 (0.255)
Services (DegC, mm)
* US PRISM Weather Data (DegF, Mean (sd) : 52.407 (8.209)
Inches) Temp_F_Ma:{ min = med = max; 104 distinct values ; 5393 1083 .
[numeric] 4154 = 4928 < 78 (83.1%) | (16.9%)
) . IQR (CV) - 8.82 (0.157
 Required Normalization of Values (V- se2 0 Tn
Mean (=d) : 30.703 {8.16)
Temp_F_Min min = med = max: . o427 1059
[numeric] 19.04 =275 <59 125 distinct values (83.7%) | (16.3%)

IQR (CV) - 10.62 (0.266)
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Exploratory Data Analysis - Correlation

af_coating_typeWax_Dearborn
. af_coating_typeWax
Correlatlon af_coating_typePVC Tape

af_coating_typePoly Tape
af_coating_typePaint

* Are there any Significant
Pair-Wise Relationships with
the Presence or Non-
Presence of SCC?

af_coating_typeNo_data
af_coating_typeMulti Liguid
af_coating_typeMastic
af_coating_typeLiquid Epaxy
af_coating_typeFBE
af_coating_typeExtruded Poly.
af_coating_typeEpoxy {general)

.-ﬂF_ﬂaﬂag_ﬂpaEﬂalﬁr————————————————-—— e —— R —

joint_has_SCCTRUE

* Correlations are Weak, I
. L o jeint_has_SCCFALSE
therefore, Use Machine 3T T mom

Temp_F_Max
Learning to Reveal Multi- | Solo
Soil_percClay

Variate Relationships and soi_Densiy
Soil_Cations
Non-Linearities

Percent_SMYS
L2_ml_masx_depth
L2_ml_feature count
L2_median_ml_depth
Lo_ml_median_depth
Lo_ml_max_depth
LO_ml_feature_count
Joint_Install_Date
dist_from_launcher_normalized
Annual_Precip_in
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Unsupervised Learning — Clustering (Advanced Analytic Prior to Model Learning)

Clustering - K-Means Scatter Plot
4 ® TRUE

Clustering

@ FuLSE

* How Does the Training
Data Naturally Cluster?

* Strong Delineations can
Support a new
Classification Model for
Rare Threats

™
[
[=
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Unsupervised Learning — PCA (Advanced Analytic Prior to Model Learning)

Principal Component
Analysis

Dimensionality Reduction - PCA Scatter Plot
@ FausE
® TRUE

® Missing

* |Is there a Relationship
between the Strength of
Predictor Variation and the
Presence or Non-Presence
of SCC?

e PCA is Useful in Selection
of Predictor Data

Dim2

Dim1
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Learned Model — Predictor Influence

Model Predictor Importance
Predictor Importance

f_coating_tyoe- | || 1 N
* Learn Model based on xgboost of_coating_tyve- [ i

Method (Tune & Validate) Joint_Install_Date-

* Importance Values Derived from
Model, Importance is Measured e F M-
by the Ability of Predictor to S
Reduce the Entropy or Separate
the Training Data in Consideration

Temp_F_Max-

LZ2_median_ml_depth-

Annual_Precip_in-

LO_ml_max_depth-

of the SCC True\False Target 5 ol Festure count.

* Results may be Proxy for “Value” L0_m|_median_depth-
of Data L2_ml_max_depth-
Soil_Density -

Soil_percClay -

Soil_Cations-
LO_ml_feature_count-

dist_from_launcher_normalized-

o
3

B s
Importance
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Learned Model — Partial Dependency Plots

Predictor Dependency
* PDP’s Plot the Variation of

Predictions to Actual Predictor

Values (ref. examples)

* Plots may be Used to Visualize
Predictor Interactions and
Non-Linearities

* Blue Line is Fit Line whereas
Green Line is Average of
Sampled Observations

Model Predictor Directionality

L2_median_ml_depth

0.52-

0.51-

Mean Prediction
2 :
ks d

=
I
e

m-,_‘_)

3 5 P B N
Predictor Values
Model Predictor Directionality
Soil_pH
0.52-

=
Y =4
hd o

Mean Prediction

=
T
@

0.47-

Predictor Values

Model Predictor Directionality
Joint_Install_Date
0.54-

0.53-

0.52-

Mean Prediction
o
in

14
B
&

0.48-
0.47-
0.46-

o
S
b

Predictor Values

o o
a

o o
] o o
2 & K K]

Model Predictor Directionality
Temp_F_Max
0.5-

0.45-

=
B
&

Mean Prediction

e
B
]

0.45-

0.45-

© ® 5 4 & &
Predictor Values
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Learned Model — Explanatory

Prediction Explanations : ; .

* Predictions may be
Deconstructed at a Local Level
to Reveal the Contribution of
Each Predictor

Contributions

* Analysis Provides
Transparency and Practical et xclanation - Bresk Do
Humna Readable Explanations
of Results

0.4-

0.2-

Contributions

SubSet of True SCC ¥
Digs | I

o 3 [ =% +
~ > -+
Index
B (af _coating_type,1) M (Annual_Precip_in,1) WM (dist_from_launcher_normalized,1) W (Jeint_Install_Date,1) [ (L0_ml_feature_count,1) M (LO_ml_max_depth,1) WM (L0_ml_median_depth,1) WM (L2_median_ml_depth,1)
M (L2_ml_festure_count,1} M (L2_ml_max_depth,1) M (Soil_Cations,1) M (Scil_Density,1) M (Soil_percClay,i) M (Soi_pH,1) M (Temp_F_Max,1) M [Temp_F_Min,1)
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Learned Model — Validation Prior to Deployment

Prediction Distribution (Classification)
120 W FLLSE
W TRUE

|
g ¢
|
|
i
|
Threshold
e : Overlay Actual
L - : B0 | Observations on
I AN AP | : Predictions to Measure
| PN 3E2 5 | I Model Performance
| PP 5535 I |
£ I
I I 2 !
| Metric Value | e I
| Accuracy 052 | i
I ity 09T I |
I |
Speciicity 0 &b | |
I Balanced Acouracy 092 [ 1
| | I
IPH = Predicted Hegatve | I
|PP = Predicted Positee I |
I.'-\.l-l = AEBE Négate I |
I.'-\.l:' = Sedyal Peidnm I |

-pred_TRUE
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Learned Model — Similarity Check Prior to Deployment

Scatter

@ Analysis
® Learn

Compare Alignment of
Learning to New Prediction
Data to Ensure Model

Applicability

Dimension_Y

Dimension_X
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Learned Model — Application

Apply ML Model Box Plots of r——s ‘
* Apply Model to Each Joint of Each Pipeline Predictions I - A O
(Predict Probability of SCC) :

* Box-Plots Show Prediction Variability within
Pipelines

* Histograms Show Overall Prediction Profile of All
Pipelines

Histogram of
Predictions

Count

©
Q- Qr

.pred_TRUE_Median .pred_TRUE
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Summary

e Augmented MFL &
Environmental Data Proved
Valuable in the Analysis of SCC

Susceptibility
* Machine Learning & Advanced —
Analytics Provided Useful e 2 X :
Outputs to the Practitioner and o - :
Domain Expert = o ~ 6000 Dig
- Learning

Clevelnd

* Results may be Used to .« Observations >

Optimize the Planning of ey VAl e

Inspections, Selection of DA mm s s "ﬂ“’“‘
Dig Sites, Sensitivity Analysis BT CE
and Augmentation of Existing e N o P
Determinsitic Models T e 4’ : ; |
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