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 Aging/failing electric
equipment causes power
quality issues, outages,
and potentially fires

« Whyis it difficult to
detect arcing equipment?
* Whatis arcing?

 Traditional protection
schemes are inadequate
to detect incipient failure
arcing signatures

What are the characteristics
of arcing in measurements?

* Jun Ma, Jack CP Cheng, Feifeng Jiang, et al. “Real-time detection of wildfire risk caused by powerline vegetation
faults using advanced machine learning techniques”. In: Advanced Engineering Informatics 44 (2020), p. 101070.
* Mead, John and Schoenman, Eric. New Tools in the Fight to Reduce Wildfire Ignition. T&D World, Aug 2021.
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Characteristics of incipient failures iN
POW measurements

* Low and instantaneous fault " W
current ﬂ (

“invisible” until it progresses and .,
causes outages

Can last only a few cycles

e Varying manifestation oz iinmenie

* |t can have different footprints on
voltage/current measurements ) ﬂ

phasor measurements
inadequate

- need for waveform (point- )
on-wave) measurements it & 182 mermnsnm alnnitn

Data source: DOE Grid Event Signature Library
https://gesl.ornl.gov

e Threshold-based detection and //L



https://gesl.ornl.gov/
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Overall analytics approach e

Arcing detection from system measurements

Point-on-wave
(POW)
measurements

Classification Identification

* Binary vs. multi- e Arcing type,
class phase

Feature
extraction

Pre-processing

of data

e Digital fault recorders
e Seconds-level

detection

* Milliseconds-
level detection

and other e Segmentation

meters/relays * Noise removal
* Real-time digital

simulations

* neural network e other
* regression disturbance
events

* Grid Event Signature
Library

For details on seconds-level feature extraction using spectral correlation functions, refer to
Alaca, Ozgur, et al. "Detection of grid-signal distortions using the spectral correlation function." IEEE Transactions on Smart Grid (2023).

LLNL-PRES-867157
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Feature extraction at milliseconds* level (m A4
Discrete wavelet transform *5 cycles = 83 milliseconds

 Arcing signature decomposition results (6 levels with Daubechies wavelet)
* 15,360 Hz (256 samples/cycle) resolution
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Unsupervised classification

Over 90% accuracy in identifying arcing segments

e Random sampling of

testing vs. training o L 115 Nonariny sepment s
. S
datasets (1 to .9 ratio) _— | *r ok
from GESL arcing § ‘e
signatures 3 09, il
> ° % 04 .,
* Prediction based on k- 085 1 %
nearest neighbors - 101
MCC F-1 score ~20 -10 0 10 20
e 200 iterations yielded ® e
) . Matth at
hlghly accurate predlctlon atthews Correlation t-SNE plot of the feature vectors

Coefficient and F1-score of

over 90% on average , sl
binary classification

(GESL data)




Conclusion [GPes.

Incipient failure sighatures can be captured with waveform
measureme nts THE MNIST DATABASE

of handwntten di glts
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* Cycle-level anomalies makes it inadequate  enSEEmARSINLL
to detect with thresholds or phasor wm:@_gwmm;. u....«uwm_wk.u_;;.,d.om.m...

measurements o' g o et

The MNIST database of handwritten digits, available from this page, has
a training set of 60,000 examples, and a test set of 10,000 examples. It

. . is a subset of a larger set available from NIST. The digits have been size-
* Feature extraction of anomalies (vs. normalized and centered in a fixed-size image.
llnormalﬂ SignaIS) iS Critical It is a good database for people who want to try learning techniques
. . . . and pattern recognition methods on real-world data while spending
L D|fferent S|gna| proceSS|ng teChn|queS can be minimal efforts on preprocessing and formatting.
. 0000200200 L 0 O0
effective (VYN /202001127
Ad2L22I2r2a2122222
232333333533 323333
Ygrg a9 Yy fFydd gy ¢y
. S5 5853555575855 ¢575
* More datasets on both anomalies and coblliLoisieitl
TI777710M TN 12%F 777
: ® 3
normal signals help i7743994a9444334

http://yann.lecun.com/exdb/mnist/

https://commons.wikimedia.org/wiki/File:MnistExamples.png
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Disclaimer
This document was prepared as an account of work sponsored by an agency of the United States government. Neither the United States
government nor Lawrence Livermore National Security, LLC, nor any of their employees makes any warranty, expressed or implied, or assumes
- any legal liability or responsibility for the accuracy, completeness, or usefulness of any information, apparatus, product, or process disclosed, or
. L L represents that its use would not infringe privately owned rights. Reference herein to any specific commercial product, process, or service by
awrence Ivermo re trade name, trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement, recommendation, or favoring by
the United States government or Lawrence Livermore National Security, LLC. The views and opinions of authors expressed herein do not

]
Natlonal Laboratow necessarily state or reflect those of the United States government or Lawrence Livermore National Security, LLC, and shall not be used for

advertising or product endorsement purposes.
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