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RTDMS EVENT
CONFIGURATION

RTDMS EVENT CONFIGURATION

A Freguency Event Options

Enable M True

Frequency Change over Time [20.00 mHz/sec =] Priority  [Critical ~| mMessage [H1 Frequency Transient

Shorbcut Apply to All Frequency Signals

Event Assertion Delay |2 second ::l

« Settings:
— Threshold = Max-Min across 1 second
— Assertion Delay = # of seconds threshold needs to be met

SAMPLE OF SYSTEM EVENTS FOR ANALYSIS

'08/19/2015 14:36:18 SEATTLE 500 [Confirmed lightning event; -184kA

'08/19/2015 16:55:56 SPOKANE 100 [Confirmed lightning event; -93kA
Multiple lightning strikes on the line; unable to

'08/19/2015 17:01:42 OTHELLO 44 i .

determine actual strike
'08/19/2015 19:02:13 SPOKANE 100 |Confirmed lightning event; -29kA
'08/19/2015 18:43:17 PACIFIC 44 Confirmed lightning event; -43kA
'08/19/2015 19:42:04 TACOMA 100 [Confirmed lightning event, -49kA

Gsas




RTDMS EVENT

DT A OENEY RTDMS DATA w/ALL PMUs
# of PMUs Exceeding Threshold =
RTDMS DATA w/ALL PMUs 4+
30 30
% 20 m System Events 2 20
i Detected ) % m System Events Detected
5 10 u System Events Missed m System Events Missed
H* **
0 - m False Positives 0 - =l .I. .I ‘_,__._,_L " False Positives
1 2 3 4 5 6 1 2 3 4 5 6
Scenario Scer;ario Tr(r)er?]r:-(l)zld D;lr:élgn Scenario
2 10 mHz 2 sec
s [ somiz T gsec SAS PROCESSED DATA
4 mHz 1 sec
Z gg m:z 1sec W/LOCAL PMUS ONLY
- Analyzing only local PMUs creates less false 2 %0 m System Events
positives :>j 20 Detected
- Using a multiple PMU requirement for exceeding 5™ L m m m g | SysemEventsiMissed
threshold creates less false positives 0- 1 5 3 4 5 6 m False Positives
- Possibly differences in data quality filters Scenario
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FALSE POSITIVES
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ALERT PROCESSING - A MULTISTEP APPROACH
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INITIAL STEPS

Model Trends

- Use time series methods to model current trend in measurements
- Estimate next expected values

Monitor for deviation from trend

- Improvement from range based alerts, or delta based alerts

Fast method for initial data pass
Reduce volume for subsequent steps
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TREND MODELING

Before Trend Modeling

Frequency

Original data (5 min period)
1
A
60.02 - F W !
JI
60.01 +
60.00
59.99 -
T T
5:41:00 5:42:00 5:43:.00 5:44:00 5:45:00 5:46:00
MeasDT

After Trend Modeling

Residual

Forecast

-0.0025 -

-0.0050 -

-0.0075 -

_Frequency

0.0100
0.0075 -

0.0050

0.0025 4
0.0000 | W

60.020
60.015 -
60.010 -
60.005 |
60.000 -

T T T
0 20 40 60 80 100 120 140

Time

T T
160 180

3o Limits
Forn=1

UCL=.00201
¥=-.00001

LCL=-.00203




ANALYSIS AFTER INITIAL STEPS

- Previous logged events were detected

- Additional true events detected
- Confirmed in next steps

- Reduced false positives




ALERT PROCESSING - A MULTISTEP APPROACH
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EVENT PATTERN MATCHING

1. Snapshot events detected in initial steps
2. Use pattern matching techniques to compare to known reference patterns
3. Score current snapshot to determine match strength

4. Validate event and determine cause based on match score strength
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EVENT #5 SIMILARITY ANALYSIS AND SCORE

Warp Plot for Input=vapm_input and Target=vapm_target

« Similarity Score =
45.05

Sequences

T
0 100 200 300 400
Ohs

vapm_target

vapm_input




EVENT #7 SIMILARITY ANALYSIS AND SCORE

Warp Plot for Input=vapm_input and Target=vapm_target

« Similarity Score =
291.01

Sequences

-15

vapm_target

vapm_input




ANALYSIS AFTER PATTERN MATCHING

- Confirmation of previous events and additional events
- Provides identification of event type

- Confidence score
- Allows for non-exact matches
- Provides ranking for most severe events

- Separates out non-matches as false positives
- Can be included in post-event analysis for further research
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ALERT PROCESSING - A MULTISTEP APPROACH
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QUESTION CAN STATISTICS BE USED TO LOCATE FAULTS

- Hypothesis: PMU Data, Current/Voltage magnitudes

and angles can be used to determine the fault b b _Tf_|
location on the line. R'i ) ] gﬁR
- Running multiple simulations for short circuit L
. Single phase to ground

analysis can produce results that can be modeled e ﬂRf

statistical |y Two phase to ground

- Vary location, generation and impedance N : '
L —

C

- Capture Current/Voltage magnitudes and angles

- Use data mining techniques to develop models to R LJR R L
estimate location.

- Validate simulation results with actual PMU fault data lRf

Phase to phase

Three phase to ground
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EXPERIMENT WHAT SIMULATIONS TO RUN FOR FAULT TYPE

- Fault type and variables

- Control variables
- Fault Impedance -0, 1, 5 Ohms
- Fault location — distances from bus: 1% to 99% in 1% increments.
- Fault Type: B phase to ground (most actual faults in the field for this line are B phase)
- Neighboring bus generation on and off

- Observed variables from simulation
- Voltage Magnitude and Angle
- Current Magnitude and Angle
- Two steps away from faulted line
- Used only data matching PMU

output
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NETWORK GENERIC ONE-LINE

CONFIGURATION é
<
A
5 B
&
A
k A % C c
: E
3k B Faulted line A

Waterloo X/

PMU Locations (Line side connections) N
% - 500KV Line c ,
Y - 230 KV Line > g
o 8
. e - . ] o
Fictitious bus names based on cities in lowa g 3
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DATA MINING THE CHOSEN MODEL

- Random Forest

- Number of observations (594) were small for the number of variables (160)

- Random Forest performs well under these conditions

- It averages a large number of predictions that are developed from many random
regression trees.

- It uses an algorithm that finds important variables which can split the response into
similar groups. Single regression tree’s performance may be variable, thus averaging
a large number of regression trees often give more consistent prediction results.
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CROSS-VALIDATION DEVELOPING MODEL FROM SIMULATED DATA

- Experimental setup
- randomly assign the simulated data into 10 parts.
- Use 9 parts to train the model and predict on the 1 part hold out.
- Repeat this process 10 times with different part as hold out each time.
- Three approaches
- Physical Model [1]
- Statistical Model
- Combined Physical and Statistical
- Impedance was not used in model training since we will not obtain that

information in the actual scenario.
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Predicted Walue

PHYSICAL MODEL

Physical Model Generation =0
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STATISTICAL
MODEL

Random Forest Generation =0 Random Forest Generation =1
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COMBINED PHYSICAL
AND STATISTICAL
MODEL

Physical Model with Random Forest Generation =0 Physical Model with Random Forest Generation =1
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MODELING RESULTS

Method
Physical Model
Random Forest

Random Forest +
Physical Model

RMSE

0.017511
0.01107/8
0.010306
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ACTUAL FAULTS

- Predictive models were used to score actual faults on the B phase of the
Dubugue line.

- PMU'’s on the faulted line are connected to the line-side and they stop
recording a couple of cycles after the fault.

- The last reading of the PMU contains transient signals that are distorting the
current and voltage measurements. Only after these two transients have died
down do we see just the steady-state short-circuit current. [2]

- Scoring the predictive models against the distorted measures did not result in
useful information.

- New Question: How to use PMU'’s to observe the steady state short-circuit
current and voltage values?
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