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NC STATE UNIVERSITY Qutline

« Advanced Data Analytics

— Sponsored by ElectriCities and collaborated with New River, Wilson Power,
Fayetteville PWC

— Characteristics of utility data sets

 Use Cases
— Use Case 1: Mislabeled meter phase
— Use Case 2: Mislabeled transformer-Meter pairing
— Use Case 3: Load disaggregation
— Use Case 4: Impact of PV and EV integration
— Use Case 5: Baseline estimation

3/16/2023 Dr. Ning Lu North Carolina State University 2



Nc STATE UNIVERSITY  Utility Data Used in Our Study

« Smart Meter Data
— Real and reactive power or power

factors
- VOItage Utility Distribution Network
« SCADA Data é A
upbstation
— Feederleveldata (Voltage, Current,
Real and Reactive Power) /
— Demand Responseand CVR events | Feeder 1 |
« Customer Information System Data T L TS 1_1'{“1‘5 |
— Network connections (i.e., meter- Y =k :ﬂ\_,.. 1\ »!
transformer-substation connections) AR TRANS
n ey G, Y \
— Loadtypes TP A
L = i
= o ..a'\_:'{.:‘x _‘
T el
{ -\:'\‘ \:\ K‘ 1 GIS map: overlaid with
: Google map showing meter
Feeder models: showing only to transformer connections

distribution transformer locations
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Nc STATE UNIVERSITY  Main Data Analytic Applications

« Use Case 1: Mislabeled meter phase
« Use Case 2: Mislabeled transformer-Meter pairing

« Causes
—  Erroneous entries Utility Distribution Network
— Feederreconfiguration éSubstation
— Transformers and meters can be moved to another ceeder 1
location &S 1. Which phase
— Labor intensive to maintain the information up-to-date vl the meter is on?
. . y' T1
« Use Case 3: Load disaggregation RIS 3
« Use Case 4: EV and PV Integration Analysis ey
« Use Case 4: Baseline estimation
* Needs 3. Identify the 2. Which transformer
— Identify high-quality demand response resources amount of HVAC, served the load?

water heater, EV

— Understand DER impacts on load curves charging loads.

— Quantify load reductions by CVR and DR
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NC STATE UNIVERSITY

Use Case 1: Meter Phase Identification

Study conducted by: Hanpyo Lee (hlee39@ncsu.edu)

Industrial Advisors:
ElectriCities: PJ Rehm

New River Light and Power: Matthew Makdad,

NC State University 5




NC STATE UNIVERSITY  Problem Description

Needs
— Input errors are inevitable
— Approximately 6% mislabeled meters

— Manual checking is labor intensive Utility Distribution Network

— Need to automate the process

é Substation

Approach: basically a classification problem eder 1

— Group meters together by the similarity of their
voltage profiles

Two Scenarios

phase a

— Known meter-phase-label:
» Labelis right orwrong?

— Unknown meter-phase-label phase b

* Which phase is the meter connected to?

NC State University



NC STATE UNIVERSITY

Why comparing voltage profiles?

Meters on the same phase and close to each other tend to see similar
voltage profiles. The similarity can be estimated by correlations.

For five meters supplied by the same

For three meters supplied by different
transformer on phasec

transformers and on different phases
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Voltage profiles are similar as they go up and
down almost in sync with each other

Voltage profiles differ from each other
and out of sync
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NC STATE UNIVERSITY  Correlation Deterioration Phenomenon

« Impact of circuit topology

— Meters in series tend to have stronger
correlation AV

— Meters in parallel tend to have weaker
correlations

 Causes
— In a parallel circuit, voltage change at the

VXmer

end can change in differently ways Vo'tige Vo'ff‘ge
— Especially when one user has high Vxmer Vxmer
consumption and the other has low S S~

' V
consumption Mﬂ /%
VuserZ W

time time

A 4
v

Han Pyo Lee, Mingzhi Zhang, Mesut Baran, PJ Rehm, Edmond Miller, Matthew Makdad, and Ning Lu, "A Novel Data S% 3 ? P [ ata-driven Phase Identification,”
22PESGMO0071, Proc. of 2022 PES General Meeting. Available online at: http://arxiv.org/abs/2111.10500. @eg té Ewﬁ \%jrgq BP 8
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NC STATEUNIVERSITY ~ Select Low Consumption Periods

VoIta ge
VXmer
_\_J Visert Vxmer
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P
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sayghave a% When the consumption is low, say P<0.5 kW,
least 8 data meter side voltages are very close to the
points transformer voltage as the secondary circuit
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v
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NC STATE UNIVERSITY  Performance Improvements

Using all voltage data Use voltage segments from Iow-power periods
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The figure shows the correlation of meters with each other

The right correlation map shows much clear boundary between meter groups
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NC STATE UNIVERSITY  [nput Data and Parameter Settings

« Testing on 1 synthetic and 13 real feeders
 Real data: 3 groups (small, medium, and large)
« Parameters: P, T4y, and number of clusters

Optimal parameter values

Feeder
No. Py [kw] T gur [] 3xn

[0.52.0] [1.0 3.0] [3 36]
Synthetic [0.81.2] 1.0,1.5 12
Small 1, 3,11 [0.81.2] 1.0,1.5 6
Real Medium 8,10, 12, 13 [1.31.7] 2.5, 3.0 18
Large 2,4,5,6,7,9 [1.31.7] 1.0,1.5 36

Han Pyo Lee, Mingzhi Zhang, Mesut Baran, PJ Rehm, Edmond Miller, Matthew Makdad, and Ning Lu, "A Novel Data Segmentation Method for Data-driven Phase Identification,”
22PESGMO0071, Proc. of 2022 PES General Meeting. Available online at: http://arxiv.org/abs/2111.10500.
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NC STATE UNIVERSITY

Feeder
No.

Synthetic
1

W ooo~NOOGR~WOWN

Total

Synthetic
1

©o0oO~NOOGA~WN

Total

Results of Known Meter-Phase-Labels

PhasesIn the utllity records Phases predicted by the algorithm Detected as Detected as Validated Accuracyl Detected as Detected as Validated 2 Accuracy? |
I I
A B C A+B+C(NR) A B C A+B+C(N_PT) correct(N_C1) (N";:_';e'(’;l) (N_V1) ((N_CL+N_V1)/N_RT) correct(N_C2) (N";‘;_'l'f) (N_V2) | ((N_C2+N_V2)/N_R

436| 203| 371 1100 436] 203| 371 1100 1,100 - ] 100.0% 1,100 - [ 100.0%
7| 24 2 33 5| 25 3 33 31 2 1 93.9% 31 2 I 93.9%
146| 159 145 450 139| 152| 159 450 415 35 35 100.0% 447 3 [ 99.3%
11 26| 36 73 11] 26| 36 73 73 - 1 100.0% 73 - I 100.0%
147| o1| 178 416 144] 04| 178 416 399 17 10 98.3% 414] 5 [ 98.8%
102| 214 231 637 210] 218| 209 637 605 32 24 98.7% 629 8 I 28.7%
344| 249| 306 899 363| 262| 274 899 803 96 80 98.2% 89g| 1 [ 99.9%
113| 102| 109 324 115| 104| 105 324 313 11 5 98.1% 318 6 [ 98.1%
51 51 71 173 49| s3] 7 173 169 4 2 98.8% 174 2 [ 98.8%
62| 193] 301 556 57| 194| 305 556 505, 51 35 97.1% 543 13 97.7%
22| 42| 7 131 22| 42| 67 131 131 - ] 100.0% 131 - [ 100.0%
3] 10l 1 24 3] 10 11 24 24 - [ 100.0% 24 - [ 100.0%
30| 37| 32 108 30| 37| 32 108 108 - 3 100.0% 108 B [ 100.0%
55| 56| 26 137 55| 56| 26 137 137 - [ 100.0% 137 B I 100.0%
1192 1,254| 1,515 3961 1212( 1273[ 1476 3,961 3713 248] 101 98.6% 3,921 40 [ 99.0%
436| 203| 371 1,100 424] 276| 400 1,100 1,063 37 ] 96.6% 1063 37 [ 96.6%
7| 24 2 33 ol 24 - 33 29 4 1 90.9% 30 3 [ 90.9%
146| 159 145 450 158 155| 137 450 435 15 8 98.4% 444] 9 [ 98.0%
11 26| 36 73 11] 24| 38 73 70 3 [ 95.9% 70 3 ! 95.9%
147 o1| 178 416 164] 80| 172 416 397 19 12 98.3% 408| 8 [ 98.1%
102 214 231 637 204] 221 212 637 606 31 16 97.6% 619 18 [ 97.2%
344| 249| 306 899 347| 250| 302 899 831 68 60 99.1% 893 6 1 29.4%
113| 102| 109 324 115| 103]| 106 324 312 12 5 97.8% 318] 6 98.1%
51 51| 71 173 29| 50| 74 173 167 6 3 96.5% 167 6 [ 96.5%
62| 103| 301 556 50| 183| 323 556 527 29 14 97.3% 532 24 2 96.0%
22| 42| 67 131 21 42| es 131 130 1 ] 99.2% 130 1 [ 99.2%
3 10| 11 24 4| 10| 10 24 23 1 [ 95.8% 23 1 [ 95.8%
30| 37| 32 108 39| 37| 32 108 108| - ] 100.0% 108| - [ 100.0%
55| 56| 26 137 55| 56| 26 137 135 2 [ 98.5% 135 2 ! 98.5%
1192] 1954] 1,515 3961]  1,226] 1.235] 1,500 3,961 3,770 101 116 98.1% 3,874 87 3 97.9%

[3] Blakely, Logan, Matthew J. Reno, and Wu-chi Feng. "Spectral clustering for customer phase identification
lllinois (PECI). IEEE, 2019.

NC State University
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NC STATE UNIVERSITY

Feeder
No.

Synthetic
1

©O~NOOGORWN

13
Total

Synthetic
1

©0O~NOOGEhWN

Phasesin the utility records Phases predicted by the algorithm Detected as Dletected as Valldated 1 Accuracyl Detected as Dletected as Valldated 2 Accuracy2
A B C A+B+C(NRT) A B C A+B+C (N_PT) correct(N_C1) (N'l;';_"'f_"él) (N_VL) ((N_C1+N_V1)/N_RT) correct(N_C2) (N'l;‘;fr:‘icéz) (N_V2) | ((N_C2+N_V2)/N_RT)
436| 293| 371 1,100| 436| 293| 371 1,100 1,100 - - 100.0% 1,100 - - 100.0%
7 24 2 33 7 25 1 33 31 2 - 93.9% 31 2 - 93.9%
146 | 159 | 145 450 133| 153 | 164 450 412 38 37 99.8% 444 6 4 99.6%
11 26 36 73 11 26 36 73 73 - - 100.0% 73 - - 100.0%
147 91| 178 416 152 90| 174 416 407 9 6 99.3% 402 14 4 97.6%
192 | 214| 231 637| 213| 218| 206 637 606 31 25 99.1% 630 7 - 98.9%
344 | 249| 306 899 330| 253| 316 899 796 103 103 100.0% 898 1 - 99.9%
113| 102 | 109 324| 114| 104| 106 324 314 10 4 98.1% 315 9 1 97.5%
51 51 71 173 49 54 70 173 170 3 - 98.3% 170 3 - 98.3%
62| 193| 301 556 36| 174| 346 556 505 51 40 98.0% 548 8 - 98.6%
22 42 67 131 22 42 67 131 131 - - 100.0% 131 - - 100.0%
3 10 11 24 3 10 11 24 24 - - 100.0% 24 - - 100.0%
39 37 32 108 39 37 32 108 108 - - 100.0% 108 - - 100.0%
55 56 26 137 55 56 26 137 137 - - 100.0% 137 - - 100.0%
1,192 | 1,254 | 1,515 3,961 | 1,164 | 1,242 | 1555 3,961 3,714 247 215 99.2% 3,911 50 9 99.0%
436 | 293| 371 1,100| 406| 276| 418 1,100 1,053 47 0 95.7% 1,053 47 - 95.7%
7 24 2 33 6 24 3 33 27 6 1l 84.8% 28 5 5 84.8%
146 | 159 | 145 450 155| 159 | 136 450 435 15 8 98.4% 441 9 - 98.0%
11 26 36 73 18 20 35 73 65 8 3 89.0% 65 8 - 89.0%
147 91| 178 416| 165 77| 174 416 394 22 12 97.6% 400 16 - 96.2%
192 | 214| 231 637| 205| 218| 214 637 606 31 16 97.6% 619 18 - 97.2%
344| 249| 306 899 322 248| 329 899 803 96 88 99.1% 895 4 - 99.6%
113 | 102 | 109 324 115| 104| 105 324 313 11 5 98.1% 318 6 - 98.1%
51 51 71 173 49 46 78 173 165 8 - 95.4% 165 8 - 95.4%
62| 193| 301 556 58| 182 | 316 556 526 30 16 97.5% 521 35 - 93.7%
22 42 67 131 21 42 68 131 130 1 - 99.2% 130 1 - 99.2%
3 10 11 24 4 10 10 24 23 1 3 95.8% 23 1 - 95.8%
39 37 32 108 37 39 32 108 106 2 - 98.1% 106 2 - 98.1%
55 56 26 137 55 56 26 137 135 2 - 98.5% 135 2 - 98.5%
1,92 | 1,254 | 1,515 3,961| 1,210 | 1,225 | 1,526 3,961 3,728 233 146 97.8% 3,846 115 2 97.1%
[4] Blakely, Logan, and Matthew J. Reno. "Phase identification using co-association matrix ensemble clustering." IET Smart Grid 3.4 (2020):
NC State University 13
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NC STATEUNIVERSITY ~ Summary

« Data segmentation methods can significantly improve the accuracy of
correlation-based identification algorithms

* For meter phase identification algorithms, the proposed algorithm
outperforms the state-of-art methods in both accuracy and robustness

Known meter-phase-label: 99.0%
Unknown meter-phase-label: 99.0%

« Advantages of using machine-learning based approach

Automated the previously manual process
Make it a cheaper approach with higher efficiency and accuracy
Can be run periodically to identify changes

This will stream-line the maintenance of an accurate customer information

system
Scan to

access paper

NC State University



NC STATE UNIVERSITY

Use Case 2: Meter —Transformer Pairing
Identification

Study conducted by: Hanpyo Lee (hlee39@ncsu.edu)

Industrial Advisors:
ElectriCities: PJ Rehm

New River Light and Power: Matthew Makdad,
Edmond Miller

NC State University 15



NC STATE UNIVERSITY

Use Case 3: Load Disaggregation

Studies conducted by PhD students: Kai Ye Hyeonjin Kim

Industrial Advisors:

ElectriCities: PJ Rehm

New River Light and Power:
Matthew Makdad, Edmond Miller

Fayetteville PWC: Timothy
Stankiewicz

NC State University 16



NC STATE UNIVERSITY  Motivation

Automated processing of smart meter data

|dentify behind-the-meter Distributed Energy Resources

HVAC disaggregation
DR resource identification i P e
Individual household — Different aggregation levels
Residential — Different user types

WaterHeater HVAC

K. Ye, H. Kim, Y. Hu, N. Lu, D. Wu, PJ Rehm, " A Modified Sequence-to-point HVAC Load Disaggregation Algorithm®,
2023 IEEE PES General Meeting. Available online at: http://arxiv.org/abs/2212.04886 17



NC STATE UNIVERSITY Motivation

Industrial

° : i
Data sources: | loads
— smart meterdata |

— Sub-meterdata

— Weatherdata %ﬁ
« Identify behind-the-meter resources .

— Water heater g

— HVAC 0

- EV

- PV g

« Demand response quantification

— Individual loads (residential, commercial,
industrial) e

— Transformerand feederloads Commercial
building

Res.i\d’e-_htial
home

3/16/2023 Dr. Ning Lu North Carolina State University 18



NC STATE UNIVERSITY Data Set Overview

* Pecan Street Data: 1-min smart meter data of 1070 users with sub-metering
— Down-sampled to 15-min
— 90 days in summer of 2015
— 230 customers .
200 in Austin, TX :

20 in Boulder, CO
10 in San Diego, CA

Power (kW)
EoNN

19



NC STATE UNIVERSITY  Method 1: Sequence-to-Point CNN

* CNN stands for Convolution Neural Network. Itis a machine-learning based method.

* Input: K data points before and after time t from the power profile and the corresponding
temperature profile

*  Output: The HVAC load at time t

AC Usage

Power (kW)
"

Wi OO TTTTTTTITEATTITITIITIIITTT]
]

11 23

0 4

[T pisaggregated HVAC Profile B Load Profile [ Temperature Profile  [] Padded Data n Sliding Window

20



NC STATE UNIVERSITY  Algorithm Overview

+ Data augmentation
« Training and testing the model on one location
» Transfer learning (port the pre-trained model to other locations) with fine-tuning

Fine-tuning and Testing: Limited data

A ted Dat: Training Fine-tune the Test
ugmented Data - .
5 [|the CNN based load ) the trained CNN wa
. . || model with small | wr - ME
| 7| disaggregation model on other on o v
Temperature Data amount of data . , w i NH
model locations - sD NY o
NV NE " o PN
CA ur s L IN i S3-DE
20 ks i i VA MD
F30 K11 51 FADK9S1 FAOK7S1  FSOK5SL  F50KSS1 oDS512  IDS120D1 NEe

™N

AZ OK AR sc ~a Application:
mMs AL GA No sub-metered
LA
TX.ZOO data
AK FL
HI

Model Training:
Sufficient data

|

r
&
S

RelLU
Flatten
Dropout
FC
RelU
FC
RelLU
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100 Aggregated customer case
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HVAC load can be modeled with temperature parameterized by 1) Rating (k), 2) Convexity (a)

Relationship between outdoor temperature and HVAC load are clear in aggregated case



NC STATE UNIVERSITY ~ Algorithm Overview

Inputdata: 15-min granularity of smart meter data (targetday,

mild days, temperature)
Smart Meter Data

[ p T } Step 1: Mutual information based estimation

. | Find the best linear form that maps temperature to AC usage

¥ W
[ Mutual Information-based Estimation ]

~ ™

T p" p™ Step 2: Optimization-base post-adjustment
T T T (Input: Step 1 outputs, mild days load)
[ Post Adjustment }
Obijective Function: (4) r
Constratints: (5)-(14) —Ground Truth
\ / 6 — Prediction
A
ﬁHVAC ﬁm §4 | § 1=
! Q.
<
T 2|
1H

Temperature

0 I i i I
00:00 04:.00 08:00 12:00 16:00 20:00 24:00
Time (hour)



NC STATEUNIVERSITY  Performance Evaluation Metrics

« Performance evaluation:
— nMAE (normalized Mean absolute error): Point-to-point difference measurement

LN ‘ PHVAC _ PtHVAC‘
nMAE = N

[]

Pra.terl
t=1 t

— nEE (normalized Energy error): Energy amount difference measurement

Nhour .. HVAC Nhour HVAC
Zl PR — El P,
t= t=
nEE = —
Nhour e
ratec
>, P
t=1
1.75 N —— Ground truth
' Mean Absolute Error 'j —— Pprediction
1.50 il
s 1.25 EnergyError N ’\ [
= 100 2 "ho |\
g AV \
%0.75 ATRY \ r
< 050 \/ FA Wy \ | A |
y | ,/ \ ‘ I I
0.25 \ J : :V !
0.00 \ /\‘ ‘ ! |
1 1

T T T T T T T T T U T T T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
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NC STATE UNIVERSITY  Simulation Results

L} m
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NC STATE UNIVERSITY  Simulation Results

The algorithm has similar satisfactory results on different aggregation levels at all locations.

Aggregation level 1 10 50 500

nMAE (%) 7.17 847 8.15 8.02
nEE (%) 351 642 535 419
std(nrMAE) (%) 285 1.16 039 0.11
std(nEE) (%) 186 1.86 0.81 023

AC Usage AC Usage

AC Usage
30 —— Total Load 140 —— Total Load 1600 —— Total Load
—— Actual AC —— Actual AC 1400 —— Actual AC
25 —— Prediction 120 J —— Prediction —— Prediction
v 1200 4
_ 20 100
B 1000 4
x
o 80 4
g 15 1
g 800
& 60 4
10 600
20 400
5
20 4 200 4
o4
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 01 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time Time Time

10-user 50-user 500-user
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NC STATEUNIVERSITY At Different Aggregation Level

Fine-tuning has been proved to be effective at different aggregation level..

Area Metrics No Fine-tuning With Fine-tuning
Aggregation Level 10 50 10 50
co nMAE (%) 7.73 8.80 4.54 3.92
nEE (%) 4.84 4.93 2.18 1.65
CA nMAE (%) 4.12 3.77 3.53 3.10
nEE (%) 2.19 2.11 1.83 1.75
80— Total Load

=== Actual AC
60 [H weeree Prediction
--=-- Fine-tuned

Power (kW)
N
o

/,\vr"'
P IR MNE O A NN S Gl

0o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time
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NC STATE UNIVERSITY  Simulation Results on Wilson Data

Power (kW)

The algorithm has been tested on residential and commercial users in Wilson, NC.
The algorithm achieves reasonable results without sub-metered data.

1lday 3day 1week 1month all
variable

~—— Total
. AC

ﬁ w

5 W
GWM

Aug 14 Aug 15 Aug 16 Aug 17 Aug 18 Aug 19 Aug 20
2018
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NC STATE UNIVERSITY ~ Application and Future Work

ol IEETNY Automated processing of smart meter
N o *IDE data
KY VA ¥ MD DR resource identification
N NC-. - Cold load pickup impact analysis
SC ﬁgi;f_t;’;'ered data Next step: Port the model to
AL CA disaggregate other behind-the-meter

DERs for energy management study

29



Demo of the Load Disaggregation Results

NC STATE UNIVERSITY
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NC STATE UNIVERSITY

Use Case 4: Impact of PV and EV Integration on Load
Shapes (Gismo EV Charger study)

Studies conducted by PhD students:

Hyeonjin Kim

Industrial Advisors:

Gismopower: Achim Ginsberg-Klemmt
ElectriCities: PJ Rehm

New River Light and Power: Matthew
Makdad, Edmond Miller

Fayetteville PWC: Timothy Stankiewicz

NC State University 31



NC STATE UNIVERSITY ~ System Overview

9 PV panels with0tilt  SolarEdge EV Charging Single Grid
angle 4.14kW peak Phase Inverter 7.6kW
AC
—
Level 2 EV Charger A solar panel powered charger

Rated AC Output (Grid & PV) 9.6kW

AC

Cord

EV
Connector Coupler

Inlet ‘_F-j

Charger —

Battery
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NC STATE UNIVERSITY  PV-powered Charger

9kW r
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skw |
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3kW '. | ” ! | ‘
i |
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NC STATE UNIVERSITY

PV and EV integration studies

1. Base Case: Smart meter data (No EV, No PV)

2. Add PV and EV charging curves onto the base case
3. Study impacts of EV charging on transformer loading

Load profiles w/o PV & EV

aaaaaa

3/16/2023

Normalized PV profiles

(Modified) EV profiles

\
,

V
A

00 1500 18:00 21:00

Kai Ye & Hyeonjin Kim, North Carolina State University

Augmented profiles for
impact analysis
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NC STATE UNIVERSITY ~ Data Description

» Daily Charging Energy (we have obtained sub-metered data from Pecan Street)
» EV leaving/ Arrival time (using the NHTS Data)
» EV types (using the 2022 EV market Share)

s «10@riving Start (Home) - Arrival (Home)
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M [ ILeave home
= [ ICome back home
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) . |
S 600 w3 ] |
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200 | 1 1L J | -

0 — ' 0 — U
20 40 60 80 00:00 04:00 08:00 12:00 16:00 20:00 24:00
Daily EV Charge (kWh) Time

MEGA Impact Analysis and Design Review Hyeonijin Kim, Kai Ye Oct 17, 2022



NC STATE UNIVERSITY  Scheduled EV Charging

Rescheduled to No EV Rescheduled to
10:00-14:00 control 22:30-2:30

A histogram showing distribution of charging start time

A histogram showing distribution of charging start time A histogram showing distribution of charging start time
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NC STATE UNIVERSITY

Aggregated Impact of 1000 Users
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NC STATEUNIVERSITY ~ An Apartment Complex in New River

= 44 Customers
= 10 EVs
» PV Capacity: 41.4 [kW]
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Nc STATE UNIVERSITY  Normal Load Growth: 2019 = 2021

Load duration curves 2021
Load duration curves 2019

18.8 e 2021 Feederl
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Figure produced by Hanpyo lee using Fayetteville data
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NC STATE UNIVERSITY  Expected Changes: 2021->20307?

Can we guess what
the load duration
4. curves in 2030 will
« look like?

2

New Electrification ‘
Loads (e.g., EVs and
electric water heaters) 1ss

e 2021 Feederl
== 2021 feeder2

15.4 2021 feeder3

Nk

Do U<
- &

|

0

A | B s SRS
% | ittt
] ] 0.9 = s e i i e
Project Fayetteville Time (/5min) {
. -0
data into the future? \
Roof-top PV
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NC STATE UNIVERSITY  Expected Changes: 2021->20307?

Then, what the load
profilein 2030 will

Daily Average Profile look like?
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NC STATE UNIVERSITY

Use Case 5: Baseline Identification

Study conducted by: Hanpyo Lee (hlee39@ncsu.edu)

Industrial Advisors:

ElectriCities: PJ Rehm

New River Light and Power: Matthew Makdad,
Edmond Miller

Fayetteville PWC: Timothy Stankiewicz

NC State University 42



NC STATEUNIVERSITY  Baseline Identification

« Conservation Voltage Reduction (CVR)

— Peak demand reduction and energy savings 1.04 CVRon CVRyt
— Easiest DR option in a grid with high penetration 102 . 1
%1.00 AV%
DR Baseline Identification ? 096 Prewud Posty]
096

Quantifying the DR effect

Crucial for executing DR in MG
operation

Baseline (PBL)
Load profile during the CVR event if the

voltage is not reduced

H.P. Lee, L. Song, Y. Li, N. Lu, D. Wu, PJ Rehm, M. Makdad, E. Miller, "An Iterative Bidirectional Gradient Boosting

Algorithm for CVR Baseline Estimation", Available online at: hitp:/arxiv.org/abs/2211.03733


http://arxiv.org/abs/2211.03733

NC STATE UNIVERSITY  Flowchart
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H.P. Lee, L. Song, Y. Li, N. Lu, D. Wu, PJ Rehm, M. Makdad, E. Miller, "An Iterative Bidirectional Gradient Boosting
Algorithm for CVR Baseline Estimation”, Available online at: http:/arxiv.org/abs/2211.03733


http://arxiv.org/abs/2211.03733

NC STATE UNIVERSITY ~ Similar Day Selection Algorithm
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H.P. Lee, L. Song, Y. Li, N. Lu, D. Wu, PJ Rehm, M. Makdad, E. Miller, "An Iterative Bidirectional Gradient Boosting
Algorithm for CVR Baseline Estimation", Available online at: hitp:/arxiv.org/abs/2211.03733


http://arxiv.org/abs/2211.03733

NC STATEUNIVERSITY  Bidirectional Estimation
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H.P. Lee, L. Song, Y. Li, N. Lu, D. Wu, PJ Rehm, M. Makdad, E. Miller, "An Iterative Bidirectional Gradient Boosting Algorithm for CVR Baseline Estimation”,
Available online at: htp://arxiv.org/abs/2211.03733


http://arxiv.org/abs/2211.03733

NC STATE UNIVERSITY Reconciliation
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NC STATE UNIVERSITY
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NC STATE UNIVERSITY  Data Preparation
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NC STATEUNIVERSITY  Reconciliation Weight Selection

« Reconciled the forward and backward pass estimations

- Linearreconciliation PR =w/ x B/ +wP x B2 (1)
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NC STATE UNIVERSITY Datasets

» Collected by a utility on 3 distribution feeders in NC in 2019 and 2020
» Aggregated from meters belonging to the same feeder (15-min rez.)

Feeder No. CVR non-CVR  Missing Total  CVR duration
1 24 677 30 731 3h
2 24 679 28 731 3h
3 24 679 28 731 3h




NC STATE UNIVERSITY  Simulation Results of Actual CVR Days

« Teston the actual 24 CVR days

 CVR performance varies:
— Time-of-the-day, load composition, and weather variations
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Ne STATEUNIVERSITY  Hourly Average CVR Factor

« Observations from Hourly Average CVR factor
— Lower than literature reported CVR¢ (from 0.3 to 1) due to different load
compositions
— Initial load drops due to the CVR, and then bounce back
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NC STATE UNIVERSITY  Next Step

« Expanded applicationto DR baseline estimation

IE
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FREEDM Center

NC STATE UNIVERSITY Contact Information GridWix Lab

Ning Lu, Ph.D.

Professor

NC State University

Dept. of Electrical and Computer Engineering
100-29 Keystone, Campus Box 7911,

Raleigh, NC 27695-7911

Email: nlu2@ncsu.edu
Homepage: https://sites.google.com/a/ncsu.edu/ninglu/home
Publications: https://sites.google.com/a/ncsu.edu/ninglu/mypublicatons?authuser=0
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NC STATE UNIVERSITY ~ Reference (1) Machine-learning and Data Analytics "t-oM Center

GridWrx Lab

1. Ming Liang, Y. Meng, ). Wang, D. LubkemanandN. Lu, "FeederGAN: Synthetic Feeder Generation via Deep Graph Adversarial Nets," in IEEE Transactions on Smart
Grid, doi: 10.1109/TSG.2020.3025259.

2. Lidong Song, Yiyan Li, and NingLu. "ProfileSR-GAN: A GAN based Super-Resolution Method for Generating High-Resolution Load Profiles,"
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3. Yiyanli, LidongSong, SiZhang, Laura Kraus, Taylor Adcox, Roger Willardson, Abhishek Komandur, and Ning Lu, “TCN-based Spatial-Temporal PV Forecasting
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NC STATE UNIVERSITY ~ Reference (2) — Development of the PARS platform ™oV center

GridWrx Lab
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NC STATE UNIVERSITY  Reference (3) — PARS EMS Algorithms REEOM Center

GridWrx Lab
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