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Abstract

Modernization of electric grids worldwide continues in earnest, with increasing deploy-
ments of renewable and distributed energy resources (DERs); flexible loads with evolving
usage patterns; and new control solutions in distribution networks. The convergence
of these new technologies inherently increases the complexity of the power system; and
maintaining safe, reliable, and efficient operation of modern grids relies on the successful
integration of these many technologies together. Achieving successful modern grid con-
trol solutions requires not only the development of innovative distributed coordination
techniques, but also methods to effectively and accurately test such complex solutions
prior to field deployment and approaches to achieve cost-effective, high-bandwidth, in-
ference capabilities in buildings and distribution grids.

In the first part of this thesis, we make important contributions to the design of power
hardware-in-the-loop (PHIL) simulations, an important tool for derisking modern grid
technologies in a controlled laboratory setting. This technique allows actual at-power
devices and systems to be interconnected in software simulations of complex, large-scale
power system scenarios to evaluate their closed-loop interaction. We develop a novel
approach to designing PHIL simulation interfaces that maximizes simulation bandwidth
and accuracy by leveraging a modern control framework that explicitly considers ob-
jectives on accuracy and can automatically synthesize a single, optimal controller that
meets these objectives while stabilizing the closed-loop system. This method improves
upon common approaches to PHIL interface design that typically involve multiple steps
of manual compensation and stabilization design that can result in interfaces that are
stable but have suboptimal bandwidth and accuracy. The approach developed is general
and can be applied to most PHIL system configurations. We also present a practical
method and metrics for verifying the true accuracy of PHIL simulation results without
relying on relative comparisons to potentially inaccurate models or previous simula-
tion results. We demonstrate the accuracy evaluation method and show the improved
performance achievable when using the optimal PHIL interface design approach in an

experimental case study involving a 100-kVA battery inverter.
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The second part of this thesis develops a novel approach for high-frequency, multi-
class nonintrusive load monitoring (NILM) that enables effective net-load monitoring
capabilities with minimal additional equipment and cost. Relative to existing NILM
work, the proposed solution operates at a faster timescale, providing accurate multiclass
state predictions for each 60-Hz ac cycle without relying on event-detection techniques.
We also introduce an innovative hybrid classification-regression method that allows for
the prediction of not only load on/off states via classification but also their individual
operating power levels via regression. The overall approach is validated using a test bed
with eight residential appliances and shown to have high accuracy, good scaling and gen-
eralization properties, and sufficient response time to support building grid-interactive
control at fast timescales relevant to the provision of grid frequency support services.

The third part of this thesis develops and experimentally demonstrates a first-of-its-
kind hierarchical control solution for optimally dispatching thousands of deferrable loads
and distributed energy resources (DERs) across a distribution feeder to provide fast fre-
quency response (FFR) within 500 ms to the bulk power system. This approach rapidly
coordinates resources online after a frequency event occurs, allowing fast-changing,
behind-the-meter (BTM) resources to be incorporated and aggregate FFR power set
points to be achieved more quickly and accurately than existing approaches. We also
present a solution for determining the optimal amount of headroom to operate solar in-
verters with to minimize opportunity cost while ensuring the FFR response viability of a
building with the inverter and deferrable loads. We develop practical algorithms for fast,
cost-based optimal dispatch at multiple aggregation scales, establish their optimality,
and demonstrate via simulation that they are faster than state-of-the-art, coordinated
frequency response approaches. The entire control platform developed is implemented
and experimentally verified using a unique PHIL demonstration, including more than
100 powered loads and DERs connected to a real-world distribution network model.
Experimental results from multiple scenarios confirm that the optimal FFR dispatch
approach scales well and can optimally coordinate more than 10,000 net-load resources
across a distribution network while achieving hardware response times within 500 ms,

which is not possible using existing optimal coordination approaches.

iv



Contents

[Acknowledgements| i
[Abstract] iii
[List of Tables| ix
[List of Figures| X
(1__Introductionl 1
(L1 Thesis OVEIVIEW] . . . . ¢ v v v v v v vt et e et e e e e e
(1.2 Thesis Contributionsl . . . . . . . .« . .«

2 Optimal Power Hardware-in-the-Loop Interfacing: A Modern Control |

[ Approach For Design and Verification of High-Accuracy Interfaces| 7

2.2 Introductionl. . . . . . . ... 10
2.3 Optimal PHIL Interface Design and Analysis| . . . ... ... ... ... 15
2371 Overviewl . .. ... ... . 15
[2.3.2  System Modeling| . . . . ... ... ... ... ........... 16
[2.3.3  PHIL Interface Design| . . . . . . . .. ... .. ... ... .... 18
2.3.3.1  Objectives| . . . . .. .. ... o 18

2.3.3.2 Approach| . . . .. ... o 18

[2.3.3.3  Hy, Compensator design| . . . . . ... ... ... ... 19

[2.3.3.4  Preparing the generalized model| . . . . . . . ... ... 20

2.3.3.5 K, compensator design| . . . . .. ... ... ... ... 22




[2.3.4  Stability Analysis|. . . . .. ... oo oo 23

2.4 Accuracy Evaluation| . . . . . . ... . o0 oo 24
2.5 Experiment Case Study| . . . . . . . . . . ... .. ... ... ... .. 25
[2.5.1  Experiment Configuration| . . . . . . .. ... ... ... ..... 25
[2.5.2  System Modeling| . . . . . ... ... 0o 0o 26
[2.5.3  PHIL Interface Design| . . . . . . .. ... ... ... .. ..... 26
2.5.3.1 Base case interfacesl . . . .. ... ... ... ... ... 26

[2.5.3.2  Optimal (“Opt”) Interface] . . . . ... ... ... ... 27

[2.5.4  Stability Analysis|. . . . .. ... o oo 28
[2.5.5  Experiment Results| . . ... ... ... ... ... ... 28
[2.5.5.1  Summary Steady-state Results| . . . . . ... ... ... 29

[2.5.5.2  Detailed Dynamic Results|. . . . . ... ... ... ... 32

[3 Scalable Hybrid Classification-Regression Solutions for High-Frequency |

[ Nonintrusive Load Monitoring in Grid-Interactive Residential Build- |

gy 35

3.1 Introductionl. . . . . . . .. . 35
13.2  High-Frequency Nonintrusive Load Monitoring Approach| . . .. .. .. 39
[3.2.1 Problem Formulationl . . ... .. ... ... .. ......... 39
[3.2.2  Experiment Configuration|. . . . . . . . ... ... ... ... .. 40
B.23 DataSets . ... .. ... 41
[3.2.4 Approach| . . . .. ... 41
13.2.4.1 Input Data Processing|. . . . . . .. ... .. ... ... 42

[3.2.4.2  Labeling (Training Phase)| . . .. ... ... ... ... 43

[3.2.4.3  Feature Engineering| . . . . . .. ... ... 43

[3.3  High-frequency, Multiclass Classification of Residential Appliance Loads| 47
[3.3.1  Classifier Training and Tuning| . . . .. .. .. ... ... .... 48
[B.3.2 Performance Metricd . . . . ... ... 48
B33 _Resulld . ... ... ... ... 49
3.3.4 Classifier Generalizationl . . . . . . .. .. ... ... ... .... 49
B35 Transient Performancel . . . . . . . . ..o 51

13.4  High-frequency, Binary Classification of Residential Appliance Loads| . . 55

vi



[3.4.1  Classifier Tuning and Training| . . . . ... ... ... .. .... 55
BA2 Resultd . . ... .. 55

13.5  Power Prediction Using Regression| . . . . . . ... ... ... ...... o7
[3.5.1 Problem Formulationl . . ... .. ... ... ... ....... 57
[3.5.2  Model Tuning and Training . . . . . . . ... . ... ... .... 57
B3 _Resultd . ... ... ... ... ... 59

[4 Distribution Feeder-Scale Fast Frequency Response via Optimal Co- |
L__ordination of Net-load Resources| 61
4.1 Introductionl. . . . . . . . . 61
4.1.1  Motivation and Background|. . . . . . . ... ..o 61
41.2 Related Worlkl . . . . ... ... oo oo 63
|4.1.3  Contribution and Organization| . . . . . . . .. ... ... .... 65

4.2 Plattorm for Fast Frequency Response from Optimally-coordinated Net- |
[ oad Resourced . . . . . . .. . 66
[4.2.1 Solution Overview| . . . . . . . ... ... ... ... ...... 66

4.3 Net-load Unit Definitionf . . . . . . . . .. ... o oL 68
4.4 Optimal NLU Inverter Headroom|. . . . . . ... ... ... ....... 70
4.4.1 Problem Formulationl . . ... .. ... ... ... ....... 71
442 Solution| . . . . . . . .. 72

4.5  Optimal Fast Frequency Response from a Single Net-load Unit| . . . . . 76
|4.5.1  Dispatch Problem Formulation| . . . . . .. .. ... ... .... 76
452 Solution| . .. .. ... 77
4.5.3  Solution Equivalency Proof| . . . . . .. .. .. ... ... ... 78

4.6 Optimal Fast Frequency Response trom Multi-building Net-load Groups] 81
[4.6.1 Problem Formulationl . . ... ... ... ... .......... 81
[4.6.2 Solution| . . . . . . ... L 82
[4.6.3  Performance Verificationl. . . . . . . ... ... 000 83
4.6.3.1  Single Net-load Group Case|. . . . . . ... ... . ... 84

4.6.32 Full Feeder Casel . . . . . .. ... ... ... ... ... 84

4.7  Optimal FFR Dispatch PHIL| . . . . . ... ... ... ... ...... 88
4.7.1 Power Hardware Under Testl . . .. ... ... ... ... .. ... 88

vil



{4.7.1.1 Laboratory Homes (HG1-HG2)[ . . ... ... ... .. 88

(4.7.1.2 DER Racks (HG3-HGS8)[ . ... ... ... ... .... 89

[4.7.1.3  Utility-Scale PV and Battery Inverters (HG9-HG10)| . 90

[4.7.2 Real-Time Simulationl . . . . . .. .. .. ... 0000 91
U.7.2.1 Flectric Distribution Network Modell. . . . . .. .. .. 92

4722 Simulated Devices and NLUs . . . ... ... ... ... 94

4.3  PHIL Interfacel . . . . . . ... .. oo 94

4. 7.4 Hierarchical Control Platforml. . . . . ... ... ... ... ... 95

4.8 Single Net-load Group Experiment Results] . . . . ... ... ... ... 97
M8T Scenarial . . . . . . . . . . e 97
M82 Resultd . . ...... ... ... .. .. ... 93
4.82.1 Summary| . . . . . . ..o e e e e e 98

4.8.2.2  Single NLU Optimal MPP Tracking| . . . . . ... ... 98

4.8.2.3 NLG Optimal FFR Dispatch| . . . ... ... ... ... 100

4.9 Full Distribution Feeder Experiment Results|. . . . . . ... ... .. .. 104
[49.1 Scenariol . . . . ... 104
M92 Resultd . . . .. ..o 104
4.92.1 Summary| . . . . . ... oo 104

4.9.2.2  Distribution Feeder-Scale Optimal FFR Dispatch| . . . 106

5 Conclusion and Discussionl 111

[References] 114

viil



List of Tables

2.1 Instantaneous Waveform Frror Metrics . . . . . .. ... ... ... ... 25
2.2 Steady-State Error Metrics| . . . . . . . ..o o000 25
2.3  System Modeling Elements| . . . ... ... ... .. ........... 26
2.4 Summary test results|. . . . ... oo 31
|3.1 Load conditions for eight-load demonstration| . . . . ... ... ... .. 42
[3.2  Hyperparameters for different models|. . . . . . . . ... ... ... ... 48
[3.3  Overall Test Results (10-Run Average)| . . . . . .. ... ... ... ... 49
4.1 Single NLG case: Summary simulation results|. . . . . . ... ... ... 85
4.2 Distribution Network Model Characteristics/ . . . . . . . ... ... ... 93
4.3  Single NLG Experiment Results|. . . . . .. ... ... ... ... .... 98
4.4 NLUG6 Dispatch Scenarios| . . . . ... ... ... ... ... ....... 101
4.5  Experiment Configuration Summary| . . . . . . . . . ... ... ... .. 105
4.6  Full Feeder Experiment Results| . . . . . . . ... ... ... ... .... 106

ix



List of Figures

[2.1 Block diagram showing the use of software-in-the-loop (SIL), CHIL, PHIL,

and co-simulation techniques for integrated smart grid system testing

(Graphic from [1])| . . . .. ... oo

2.2 PHIL simulation configuration for an experiment evaluating a four-quadrant,

100-kVA battery inverter system (the HUT) interconnected at various

points (with source impedances Zg min, Zsmid, and Zs maq) i a simu-

lated electric distribution network. This configuration uses the voltage

ideal transtformer model interface algorithm to interconnect a real-time

simulated power distribution network (represented by a Thévenin equiv-

alent model) with the HUT through the power interface. For the forward

voltage path, the reference voltage, v>, at the point of interconnection in

the simulated power system model is used to provide a physical retference

signal, v¥, to the power amplifier in order to achieve output voltage, v,,

at the terminals of the HUT. A measurement of this output voltage, v,, 18

used as feedback to the forward voltage path compensator. The HU'T re-

sponds to the voltage at its terminals and its measured current response

iy, is measured as ¢* and used as a reference for the current injection, %,

back into the simulated power network model. | . . . . . . ... ... ..

[2.3  Transfer function block diagram of the PHIL simulation| . . . . . . . ..

[2.4  General control configuration showing (a) the generalized plant and con-

troller interconnection and (b) the closed-loop forms|. . . . . . . .. ..

2.5 Weighting tunctions used for H., synthesis of G,. Wp is designed to

emphasize pertormance at the nominal frequency and W, is designed to

limit control effort to the bandwidth of the power intertace.| . . . . . . .




2.6 Synthesized K, reduced to 11th order| . . . . . . . . . ... ... .... 29
[2.7 Phase A instantaneous voltage, voltage error (IVTE), current (from the |
| Optimal “Opt” vs. CVI interface), and current error (ICTE) throughout |
| a 41 kW to 93 kW change in HU'T active power|. . . . . . . . ... ... 33

P8

Magnified view of Figure [2.7. Note the significantly better tracking

(phase and bandwidth) shown in the Opt Current vs. CVI Current plots. | 34

B1

Comparison of waveform (top plot) and RMS values (bottom plot) from

two observations (one 60-Hz ac cycle sampled at 200 kHz) representing

two different load configurations in a residential building.| . . . . . . ..

37

B2

All observations (all training and test data) with their RMS current fea-

ture plotted vs. class for a residential building load classification case

study.) . . .

[3.3

Experimental configuration with eight residential appliance loads. [ror

measures the total current flowing through the eight loads.| . . . . . ..

B4

High-frequency NILM approach. Here Model refers to the classification

and/or regression model.|. . . . ... ..o Lo

B5

Test accuracy (full test data set) of Classifier 1 by class for the four-load

experiment configuration when using all training data.| . . . . . . . . ..

B6

Classifier performance on Class 6 (Y = [0,1,1,0]) test data when the

middle (by RMS value) 95% of Class 6 instances in the training data set

are removed before training. Accuracy is 97%.| . . . . ... ... .. ..

[3.7

Test accuracy by class for the four-load experiment configuration when

the middle (by RMS value) 95% of each class instance in the training

data set 1s removed before training. By adding additional teatures to

Classifierl versus the limited subset used by Classifier B, classification

generalization performance can be significantly improved.| . . . . . . ..

[3.8

Entire test Data Set 5 with predicted versus true labels. It can be seen

that the classifier performs well, even with a variety of load transitions.|

[3.9

Magnified view of test Data Set 5 near ¢ = 133 s. The classifier is able

to predict well even though the turn-on transient of Load 4 exhibits a

variety of wave shapes and magnitudes.| . . . . . .. ... ... ... ..

xi



13.10 Median test accuracy with error bars for Classifier 2, DNN, and the hybrid |
| model for first approach (80/20 split). The hybrid model and DNN curves |
| are shitted slightly left and right, respectively, for visibility.| . . . . . .. 56

13.11 Median test accuracy with error bars for Classifier 2, DNN, and the hybrid |

| model for second approach (independent data set for testing). The hybrid |

| model and DNN curves are shifted slightly left and right, respectively, for |
| visibility.|. . . .. 56

13.12 Hybrid classification-regression modeling approach. It can be seen that |

| output of the classifiers are used by the regressors to predict individual |

| oad RMS currentl] . . . . . . . . . 58
[3.13 True and predicted RMS values for Load 8 for 80/20 training split| . . . 59
13.14 'True and predicted RMS values tor Load 8 with Data Set 3 used for testing| 60
[4.1  Hierarchical optimal net-load coordination for FFR approach| . . . . .. 68
4.2 Hierarchical optimal net-load dispatch approachl. . . . . . ... ... .. 86

|4.3  Full distribution teeder case: Percent difference in dispatch cost achieved |

| by the hierarchical approach versus the MILP optimal solution for varying |
| participation factor (10%-45%).. . . . . .. . ... oL 87
07 Tul Teinbiton Toad —Soh - ] [ o l

ers (problem size). (a) Comparison of hierarchical approach (“ha”) and

case. (b) Violin plot showing distribution of hierarchical approach’s solu-

| |
| MILP solution (“milp”) average solution time based on 155 runs for each |
| |
| |

tion times for varying participation factor (10%-45%) for 155 runs each.

I 87

4.5  PHIL experiment platform, including control, power hardware under test, |

| PHIL interface, and real-time simulation components (see labels at left) 89
[4.6 Photos of the two lab homes (HG1 and HG2) with residential appliance |
| loads controlled denoted. One Type 4 (custom) inverter (pictured at right |
| inset) is used with each HG.| . . . . ... ... ... ... ... ... .. 90
[4.7  Photos of equipment comprising three of the six DER racks (HG3-HGS). | 91
4.8 Photo of equipment comprising two utility-scale PV+battery inverter |
| systems (HG9-HG10).| . . . . . .. . .. ... ... .. . ..., 92

xii



%9

Trial #2 optMPP results: (top) Power output for inverter in optimal

MPP tracking mode (“optMPP”) versus regular mpp tracking mode

(“reg”). Measured experimental data (“Meas”) and predicted simula-

tion results (“sim”) are compared. (middle) The real-time calculated «.

(bottom) Load profiles for the five NLU loads. | . . . . .. .. ... ...

.10

Trial #4 optMPP results| . . . ... ... ... ... ... ........

I%H)

Trial #4 NLG dispatch results: RMS active power for the (a) three

dispatched NLUs, (b) six nondispatched NLUs, (c) constituent loads of

NLU2, (d) NLU inverters, and (e) the total NLG (all NLUs)|. . . . . ..

12

Trial #4 NLG dispatch results: Instantaneous waveforms (top) NLUI1

inverter current (“IL1”), NLU2 inverter current (“M1SMA”), grid voltage

(“VG”) and approximate grid frequency (“FREQ”). “FTRIG” goes from

low to high when the local inverter controller detects the frequency event.

“PTRIG” goes from high to low when the local inverter controller receives

its dispatch set point from the NLGC. (bottom) Four NLU1 constituent

load currents (“FRIDGE”, “WASHER”, “RANGE”, and “AIRCON”),

the total load current of NLU1 (“HM3”), and the total load current of

NLU2 (THMZ7V. | o o oo e e e

103

A3

Full feeder results: RMS active power response for the more than 27

!

Full feeder results: oscilloscope view| . . . . . .. ... ... ... ....

108
109

A5

Full feeder results: RMS active power response for the appliance loads in

NLU?2, a selection of the 224 NLGs, all residential and commercial NLUs

and at the distribution feeder head at the substation. Voltages trom a

selection of points across the tull distance from substation are also shown.[110

xiii



Chapter 1

Introduction

Modernization of electric grids worldwide continues in earnest, with increasing deploy-
ments of renewable and distributed energy resources (DERs); flexible loads with evolving
usage patterns; and new control solutions in distribution networks. The convergence
of these new technologies inherently increases the complexity of the power system; and
maintaining safe, reliable, and efficient operation of modern grids relies on the successful
integration of these many technologies together. These modern grid technologies bring
both new challenges and new opportunities.

In many grids worldwide, increasing installation of DERs has resulted in the dis-
placement of conventional, high-inertia, synchronous generation by inverter-interfaced
low-zero-inertia renewable generation, resulting in a decrease in total system inertia and
a decline in frequency response performance from historic values. Thus, regulating the
grid’s frequency to maintain reliable operation is becoming more challenging and new
solutions that include the participation of demand-side resources, including DERs and
flexible loads, are required. Coordinating thousands of distributed resources together to
provide grid support is much more challenging than the traditional approach of manag-
ing a relatively-small number of large-capacity synchronous generators, but it does offer
new opportunities to better optimize system operation and open new value streams for
distributed resources.

In this thesis, we develop a novel control solution for optimally coordinating thou-
sands of DER and flexible loads (“net-loads”) across a power distribution network at

very fast timescales. We first consider the residential or building scale coordination for



2
frequency response problem and devise algorithms with provable optimality that we ex-
perimentally show to be viable at fast frequency response (FFR) timescales (<500 ms).
Note that most existing high-speed frequency response solutions are often autonomous,
offering no opportunity for optimal coordination, and existing coordinated response so-
lutions are often an order of magnitude slower than the FFR achieved here. The solution
engine is then scaled up in a hierarchical framework, with optimality guaranteed at the
subsystem scale, to be applicable at an entire power distribution system scale with tens
of thousands of devices being managed. We experimentally validate that the approach
yields coordinated response at the distribution grid scale within FFR timescales with
minimal loss in optimality. This approach rapidly coordinates resources online after a
frequency event occurs, allowing fast-changing, behind-the-meter (BTM) resources to
be incorporated and aggregate FFR power set points to be achieved more quickly and
accurately than existing approaches. A solution for determining the optimal amount of
headroom to operate solar inverters with to minimize opportunity cost while ensuring
the FFR response viability of a building with the inverter and deferrable loads is also
presented.

We further consider two challenges that arise in achieving large-scale coordination
solutions: how to effectively and accurately test such a complex solution prior to field
deployment and how to achieve cost-effective, high-speed, inference capabilities in build-
ings where net-loads are interconnected to enable large-scale coordination solutions.

Power-hardware-in-the-loop (PHIL) simulation is an important tool for derisking
modern grid technologies in a controlled laboratory setting in which actual at-power
devices and systems are interconnected in software simulations of complex, large-scale
power system scenarios. Using PHIL, the closed-loop interaction between hardware
under test (HUT) and a simulated power system can be evaluated under a variety of
grid configurations and repeatable operational scenarios without the expense or risk of
a field deployment; however, for the simulation results to be representative of expected
real-world operations, the power interface between the simulated system and the HUT
must be carefully implemented to ensure stable and accurate closed-loop simulation.
We make important contributions in developing new modern control-based methods
to achieve stable and accurate PHIL simulations. This part of the thesis contributes

toward the verification methodologies of the modern and future grid by ensuring a stable
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simulation framework with optimal performance. The thesis also creates important
connections between modern control synthesis methods and the vast area related to
PHIL: for the first time the thesis brings robust control tools to bear on PHIL.

Real-time measurement and state awareness capabilities are frequently required for
effective system-level control solutions, yet very little of this infrastructure currently
exists at the building and distribution system levels. Enabling circuit-level net-load me-
tering at buildings provides better understanding of building performance and customer
usage patterns while enabling the critical monitoring of information needed to perform
meaningful grid-interactive control. The simplest approach to achieve such metering
is to connect a sensor at each load, but this is invasive and very costly. Nonintru-
sive load monitoring (NILM) can extend many benefits of smart buildings to homes
using minimal additional equipment and cost. With this method, a single electrical
measurement point at the building’s point of common coupling with the grid is used
to infer information (e.g., on/off status, electricity consumption) about the constituent
net-load devices in the home. In this thesis, we make novel developments to the field
of NILM that enable high-bandwidth, real-time inference of individual on/off status
and operating power levels for a group of loads within the same building using only a
single aggregate measurement. This machine learning based methodology is a key tool
in enabling implementation of our optimal coordinated net-load management scheme in

a cost-effective manner in real-world deployments.

1.1 Thesis Overview

Chapter 2 introduces the power hardware-in-the-loop simulation validation approach,
including the challenges of achieving stable and accurate simulations. A key challenge
is to properly interface the HUT to the simulated model through the power interface.
A review of existing approaches to achieve stable simulations and to evaluate the accu-
racy of simulation results is presented. We develop a novel approach to systematically
design PHIL simulation interfaces that achieve stable and accurate simulations and also
introduce a method and metrics for verifying their accuracy. PHIL simulation is used to
evaluate the optimal DER and flexible load coordination solution developed in Chapter

4. A dedicated experimental validation demonstrating the effectiveness of this PHIL



interface design and verification approach is also presented.

Chapter 3 considers the problem of enabling cost-effective, high-bandwidth infer-
ence of multiple loads’ on/off status and power consumptions using a single aggregate
measurement. We first review existing nonintrusive load monitoring approaches that
have largely focused on classification methods to determine on/off status only and are
not sufficiently fast for <1-s grid support response applications. We introduce a novel
hybrid classification-regression technique that allows for the prediction of load current
consumption levels via regression in addition to the load on/off states via classifica-
tion and that operates at a high-speed timescale with predictions for each 60-Hz cycle.
This solution provides a cost-effective method to monitor multiple net-loads within a
building, as is needed for the net-load optimal coordination solution of Chapter 4. Ex-
perimental results from an experiment configuration with eight residential appliances
are used to validate the approach.

Chapter 4 discusses the challenges of regulating frequency in modernized grids and
provides a thorough literature review on existing approaches to regulating frequency,
including those that include the participation of demand-side resources. Existing ap-
proaches to frequency regulation that incorporate demand-side resources are typically
either fast but uncoordinated or coordinated but too slow for fast frequency response
(FFR) applications. We develop a system-level solution for optimally coordinating tens
of thousands of net-load resources that can achieve very fast (<500 ms) timescale op-
timal coordination that is suitable for FFR as well as other grid support applications.
This solution leverages a hierarchical control structure, which allows for consistently
fast response times as the number of managed devices grows. The entire platform is
implemented and experimentally verified using a unique PHIL demonstration including

more than 100 powered net-loads connected to a real-world distribution network model.

1.2 Thesis Contributions

This thesis makes several contributions towards modern power system and device con-

trol, inference, and validation capabilities:

1. Improved Approach for Attaining Stable and Accurate PHIL Simula-

tion
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e New PHIL Interface Design Method: We develop a general, systematic ap-
proach to designing PHIL simulation interfaces that explicitly considers ob-
jectives on accuracy and enables the synthesis of a single, optimal controller
that stabilizes the closed-loop system while maintaining maximum simulation
bandwidth and accuracy. This method improves upon common approaches
to PHIL interface design that typically involve multiple steps of manual com-
pensation and stabilization design that can result in interfaces that are stable

but have suboptimal bandwidth and accuracy.

o Accuracy Evaluation Approach: We introduce a practical method and met-
rics for verifying the true accuracy of PHIL simulation results that is easily
applied to actual experiments and can be used to compare results from two
different simulations on a common basis. This approach improves upon ex-
isting PHIL simulation accuracy evaluation methods that rely on relative

comparisons to potentially inaccurate models or previous simulation results.
2. High-bandwidth Nonintrusive Load Monitoring

o Fuster Timescale NILM: In most existing NILM approaches, system state
predictions are made in no faster than 1 s to 15 min and use underlying
models that cannot make accurate state predications until after an entire
transient event (e.g., an appliance’s typical load profile) has occurred. We
develop a high-bandwidth approach that is able to make accurate predictions

at a 60-Hz timescale and doesn’t rely on event detection.

o NILM with Both State and Operating Power Level Predictions: A hybrid
classification-regression approach is developed that can use an aggregate cur-
rent measurement to predict both the on/off state (via classification) and
the operating RMS current (via regression) for multiple loads on a 60-Hz
timescale. To the best of our knowledge, there is no method currently ca-
pable of load power disaggregation at the timescale of <1-s grid ancillary

services.

3. First-of-its-kind Demonstration of Distribution Feeder-Scale Fast Fre-

quency Response via Optimal of Net-load Resources
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e Optimal, Large-scale Coordination Approach: We develop an approach to op-
timally coordinate tens of thousands of deferrable loads and DERs across a
distribution network to provide bulk power system-scale FFR that is dis-
patchable and accurate. Compared to existing frequency response solu-
tions, the developed control platform is able to optimally coordinate a much
larger number of net-load resources (up to 40,000 is shown), incorporate
fast-changing behind-the-meter resources, and accurately meet a specific ag-
gregate power set point while also achieving dispatch on a faster timescale
(<500 ms) suitable for FFR.

o Algorithm with Performance Guarantees: We provide an analytical proof
of the atomic control algorithm’s optimality and then verify near-optimal
(within 0.1%) performance of the algorithm as it is scaled to configurations
with up to 40,000 net-load resources via Monte Carlo-style simulation. In all
cases, dispatch solutions are achieved faster than traditional mixed-integer
linear program optimization approaches and rapidly enough to support co-
ordinated FFR within 500 ms.

o Implementation and Large-scale Demonstration: Many existing optimal DER
coordination approaches in the literature are validated using only simula-
tion results that do not account for the practical challenges of interfacing
and coordinating real power and control hardware. Here, the entire control
platform is implemented and experimentally verified using a unique PHIL
demonstration including more than 100 powered loads and DERs connected

to a real-world distribution network model from Colorado, USA.



Chapter 2

Optimal Power
Hardware-in-the-Loop
Interfacing: A Modern Control
Approach For Design and
Verification of High-Accuracy

Interfaces

2.1 Hardware-in-the-Loop Simulation Background

Hardware-in-the-loop (HIL) simulation involves closed-loop simulation of one or more
physical hardware devices connected to a software-only subsystem executed on a real-
time simulator (RTS). Hardware under test (HUT) is interfaced to the RTS using analog
or digital communication, which is sampled deterministically by the RTS. Controller
hardware-in-the-loop (CHIL) involves an embedded controller or other control device
interfaced at signal-level (e.g., <50 V) voltages as the HUT. Power hardware-in-the-loop
(PHIL) involves a physical device interfaced at higher voltages (power) as the HUT. Ex-
amples of CHIL and PHIL applications are shown in Figure[2.1] The advantage of PHIL



8
over CHIL is that it allows for closed-loop evaluation of a power device in its native
form (e.g., a physical power inverter rather than just the embedded controller of the
inverter), which is as close as possible to final implementation. With the requirement
of additional power interfacing hardware, which has its own physical hardware limita-
tions, careful attention must be paid to ensure that PHIL simulations are both stable
and accurate; additional interfacing algorithms and compensation techniques are often

required for this purpose.
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2.2 Introduction

PHIL simulation is an important tool for derisking modern grid technologies in a con-
trolled laboratory setting in which actual at-power devices and systems are intercon-
nected in software simulations of complex, large-scale power system scenarios. An ex-
ample PHIL simulation involving a physical, four-quadrant, 100-kVA battery inverter
system interconnected at various points in a simulated electric distribution network (see
Figure is considered. Using PHIL, the closed-loop interaction between the HUT
and the simulated power system can be evaluated under a variety of grid configurations
and repeatable operational scenarios without the expense or risk of a field deployment;
however, for the simulation results to be representative of expected real-world opera-
tions, the power interface between the simulated system and the HUT must be carefully
implemented to ensure stable and accurate closed-loop simulation.

In the PHIL literature, significant attention is paid to designing solutions that
achieve a stable closed-loop simulation because stability is a necessary condition of
any PHIL simulation. Common approaches include augmenting the underlying inter-
face algorithm (i.e., see [2, 3, [4]) used to connect the simulated model to the HUT to
enhance stability by adding series inductance to the HUT [5]; moving a portion of the
simulated system’s impedance to the HUT [6]; adding low-pass filtering of the feedback
current [7, 5 [8]; including parallel high-pass filtering [9] or virtual impedance [10] at the
power interface; using impedance matching [11 12]; or employing multirate partitioning
[13]. When designing stable PHIL simulation interfaces, however, often the implications
of a design on the PHIL simulation’s accuracy are not fully considered. Here, we define
PHIL simulation accuracy to be how closely the power interface’s simulated compo-
nents, v}(t) and i,(t), and measured components at the HUT, v,(t) and i}(t), track one
another. For example, early designs of the feedback current filtering (e.g., [7]) technique
demonstrated its ability to improve the stability of PHIL simulations using the voltage
ideal transformer model (V-ITM) interface algorithm, but results showed significant
phase lag and corresponding errors in voltage and current waveforms of approximately
5% and 8%, respectively. Even a seemingly small error in the forward voltage and feed-
back current can result in a significant error when considering the practical comparison

of measured HUT power versus the corresponding power injected in the PHIL simula-
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tion. For example, three PHIL simulation studies [14) [I5] [16] considering active devices
as HUT and applying feedback current filtering reported errors of 10%-40% in active
and reactive power before further compensation. Many other stability enhancement
approaches similarly add phase lag to the closed-loop simulation, which can result in
significant error and diminish the value of such simulations, especially in PHIL simula-
tions where the HUT interacts with other simulated control and power systems. It is
critical to stabilize PHIL simulations, but PHIL interfaces must be carefully designed
and implemented while explicitly considering accuracy to ensure useful and valid re-
sults. In this chapter, we develop a systematic interface design approach that allows
for explicit accuracy objectives to be defined while achieving closed-loop stability as a

necessary condition.
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1;;, to the power amplifier in order to achieve output voltage, v,, at the terminals of the HUT. A measurement of this output voltage, v,
is used as feedback to the forward voltage path compensator. The HUT responds to the voltage at its terminals and its measured current
response, i), is measured as ZE; and used as a reference for the current injection, i,, back into the simulated power network model.
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Another potential detriment to achieving accurate PHIL simulations is that many
PHIL stability enhancement techniques have been designed using simplified modeling
and/or for very specific configurations, and thus they are not simple to generally apply,
and they are not optimized for use in simulations evaluating modernized grid system
scenarios, which typically involve more complex power systems and devices. Simplified
system modeling assumptions often include an idealized power amplifier with no dynam-
ics [17, 18], and they neglect the dynamics or delay of the feedback current sensor (e.g.,
as in [19, 14} 10]). Ignoring these system modeling assumptions and failing to model
their impacts on the closed-loop system’s dynamics can lead to a blunt approach to
stable interface design in which stabilizing solutions are overapplied, resulting in lower
bandwidth and less accurate simulation results. For example, [I5] identified instability
in a PHIL experiment that occurred because of resonance between the HUT and the
power amplifier’s output filter at a particular frequency. Stability can be achieved by
applying a low-pass current feedback filter with a cutoff frequency below the resonant
frequency; however, the filter will affect frequencies other than the resonant frequency,
thus compromising fidelity of the scenario being simulated. Here the bandwidth of the
measured current is needlessly limited and will add phase delay, which will also need
to be compensated to achieve useful results (e.g., [14]). Instead, by fully modeling the
PHIL interface, more precise stabilization approaches that preserve simulation band-
width and accuracy can be designed. In [I5], the authors employed a manual design to
correct this specific resonance and further manual steps to compensate for the phase de-
lay to correct the power mismatch. Instead, we propose using a systematic approach to
include all interface component models and then synthesizing (instead of manually de-
signing multiple components) a single, optimal controller that stabilizes the closed-loop
system while maintaining maximum simulation bandwidth and accuracy.

Many PHIL interface solutions employ the widely used voltage divider circuit con-
sisting of a simulated impedance in series with another impedance as the HUT (e.g.,
this circuit is used in [20] 211, 18], 22, 23] 19, 24} 25] 26, [7, 27, 12, 9] 3, 28]) as a design
case study. This model is easy to use and is appropriate for a simple configuration with
two purely passive impedances. However, here, two important aspects of many practical
PHIL simulation scenarios are ignored: 1) many HUT are active devices that inject (or

sink) current without changing their nominally connected impedance (i.e., the feedback
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current is not simply a linear function of the voltage), and 2) scaling factors are often
used to amplify the HUT feedback current to represent a larger device in the simulated
system. Both aspects can have significant impacts on PHIL simulation stability and ac-
curacy, yet these impacts cannot be considered when evaluating a PHIL interface design
using the widely used voltage divider example. In the design approach developed in this
chapter, we leverage a modeling framework that explicitly incorporates both important
aspects of PHIL simulation scenarios.

Beyond the PHIL interface design stage, rigorous accuracy validation of final PHIL
simulation results is often omitted. References [22, [19] 28] 5l [6] make helpful contri-
butions in modeling PHIL simulation accuracy; however, the common approaches they
employ including predicting accuracy only for the modeled system, but not for actual
results (e.g., [22, [19]); evaluating accuracy only as a comparison between PHIL sim-
ulation and modeled results (e.g., [28]); or considering experiment accuracy only on
a relative basis among multiple experiments (e.g., [5, 26]) limit their practical use in
quantifying how accurate (and therefore valid) an individual PHIL simulation result
is. Many of these accuracy evaluation approaches rely on an implicit assumption that
models are accurate, but in many cases accurate models of the HUT and possibly other
PHIL interface components are not available. Also, most studies only compare between
the modeled interconnection point voltage and the voltage at the HUT’s terminals (e.g.,
[22 19] 6, 28]). Such evaluations do not provide a complete assessment of closed-loop
system accuracy because it considers only the accuracy of the forward path from the
simulated model to the power amplifier and ignores common inaccuracies in the feed-
back path, such as phase shift. For example, it is possible to design a V-ITM interface
where the HUT voltage perfectly tracks the model’s reference but still has feedback cur-
rent with significant phase lag, resulting in the HUT’s actual power not matching the
power injected into the PHIL simulation model. In this chapter, we propose a method
and metrics to evaluate closed-loop PHIL simulation accuracy that are easily applied to
actual experiments, do not rely on accurate models for comparison, and give practical
quantification of closed-loop performance.

We now summarize the main contributions of this chapter:

1. We develop a general, systematic approach to designing PHIL simulation interfaces

that explicitly considers objectives on accuracy and enables the synthesis of a
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single, optimal controller that stabilizes the closed-loop system while maintaining
maximum simulation bandwidth and accuracy. The modeling framework used
allows the inclusion of practical scaling factors and HUT current injection models

common in practical PHIL simulations.

2. We present a practical method and metrics for verifying the accuracy of PHIL
simulation results that are easily applied to actual experiments. The method
evaluates the performance of the full closed-loop system and uses easy-to-interpret
voltage, current, and power-based metrics to quantify PHIL simulation accuracy
in terms that can be used to understand the validity of a given simulation’s results

and benchmark the results against other experiments.

3. We demonstrate the process of applying the PHIL interface design approach and
verifying the accuracy of PHIL simulation results on a real-world PHIL simulation
case study involving a 100-kVA battery inverter system integrated with an electric
distribution system. We examine multiple system interconnection scenarios and

HUT operating points to validate the performance of the designed PHIL interface.

The remainder of this chapter is organized as follows: The optimal PHIL interface
design approach is presented in Section followed by the accuracy evaluation method
in Section These methods are applied in a practical case study in Section

2.3 Optimal PHIL Interface Design and Analysis

2.3.1 Overview

The overall approach employed here is to model the full closed-loop PHIL system with
all available detail in a generalized framework and then apply modern control the-
ory—specifically Hoo optimal control—to design a single controller that stabilizes and
compensates the entire closed-loop system. The advantages of this PHIL interface de-
sign approach versus existing approaches are that: 1) a controller is synthesized (ver-
sus manually designed) using explicit accuracy performance objectives while achieving
closed-loop stability as a necessary condition; 2) interface bandwidth and accuracy are

optimized by emphasizing and de-emphasizing performance at different frequencies by
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designing a single controller based on knowledge of the full closed-loop system instead
of multiple stages of manual interface and compensation design; and 3) the approach is
general and can be applied easily to most PHIL experiments.

In the remainder of this section, we detail how to apply the proposed interface
design approach at key steps in the process of designing and implementing a stable and
accurate PHIL simulation. The steps highlighted here provide a thorough overview of
the new contributions proposed to the overall PHIL simulation design and verification
approach, but they are not comprehensive of the full process. The reader is referred to
other key references [2, 29] and the forthcoming IEEE P2004 Recommended Practice
[30] for more comprehensive discussions of other important steps for successful PHIL

simulation implementation.

2.3.2 System Modeling

For effective interface design and analysis, the PHIL simulation configuration shown in
Figure must be modeled and should include all possible details for each element
in the system’s closed loop. Here, we model the PHIL simulation configuration in the
continuous-time domain using the V-ITM interface algorithm and the transfer function
block diagram shown in Figure[2.3] The continuous-time domain is most convenient for
design, initial stability analysis, and optimal controller synthesis (e.g., most Ho, software
tools are written for continuous time models), though note that the final PHIL simula-
tion implementation will involve a hybrid model with a discrete-time model coupled to
a continuous-time physical system. Note that for three-phase power system configura-
tions, such as that presented in the case study, each phase is modeled separately using
the block diagram in Figure

The block diagram used here is based on the comprehensive PHIL experiment mod-
eling block diagram presented in our previous work [31] and is similar to that proposed
by institutional colleagues in [I5]. Although the representation shown includes some
control-related additions relative to the most basic V-ITM configuration—notably feed-
forward and feedback on the forward voltage path—note that the configuration can be
applied to most PHIL experiment configurations, even those without voltage feedback
sensing (use H, = 0) or where the power amplifier does not have an output filter (use

Zpa = 0). For cases where the HUT seeks to regulate v,, it may be beneficial to em-
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ploy other interface algorithms, such as the current ITM algorithm [2], in place of the
V-ITM algorithm used here; however, the optimal interface design approach presented
here can still be easily applied. The PHIL system model is unique compared to models
used in most existing PHIL literature in that 1) the HUT is represented as a current
injection (modeled as a disturbance) behind an impedance rather than only a passive
impedance, and 2) voltage and current scaling factors between the simulated model and
the physical HUT are explicitly included. These aspects considerably affect the stability
and accuracy of the closed-loop simulation, so they must be included for comprehensive
design and analysis. In modeling the HUT as a disturbance current injection behind a
passive impedance, only the impedance of the HUT’s output filter, which can be readily
identified using one of the three methods presented in our earlier work [31], must be
identified. This is important as more detailed models of the HUT are often not available,

a common reason for employing PHIL simulation in the first place.
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Figure 2.3: Transfer function block diagram of the PHIL simulation

In Figure Vs and Z; are the voltage reference and impedance for a Thévenin
equivalent circuit representing the point of interconnection in the PHIL model; -, is
the voltage scaling factor; K, is a compensator for the voltage path; Ky is the feed-
forward gain for the voltage forward path; Gy, is a transfer function representing the
digital-to-analog (D/A) conversion delay; v} is the output voltage physical reference
signal; Gy, is the power amplifier’s transfer function; Z,, is the output impedance
of the power amplifier; Y}, is the output admittance of the HUT; I,; is the current

injection from the HUT; H, ,, and Hj ; are transfer functions representing the voltage and
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current sensors, respectively; v, is the measured output voltage; zE; is the measured HUT
current; H,q. is a transfer function representing the analog-to-digital (A/D) conversion
delay; Hyy, is a compensator for the current feedback path; and ~; is the current scaling
factor. Our previous work [31] provides a guide on how to identify transfer functions
for each component. We summarize the specific models used in the case study section

and proceed to interface design with each element represented as labeled in Figure [2.3

2.3.3 PHIL Interface Design
2.3.3.1 Objectives

For a stable and accurate PHIL simulation of the configuration shown in Figure the

following objectives should be met:
e O1. Stability: The closed-loop PHIL system must be internally stable.

e O2. Forward path voltage tracking: v, — v). That is, the voltage at the
terminals of the HUT, v,, should track the voltage at the point of interconnection

in the PHIL model (after voltage scaling), v.

e O3. Feedback path current tracking: i, — ¢). That is, the current injected
into the PHIL simulation (before current scaling), i,, should track the measured

current at the terminals of the HUT, 4}.

2.3.3.2 Approach

In the block diagram in Figure K, and H y, are the two compensators to be designed
to achieve objectives O1-03. In the modern control approach we employ, it is possible
to simultaneously design both by considering K, and Hy;, as a single multiple-input,
multiple-output compensator; however, for simplicity, and because the optimal form
of Hyp, needed to achieve objective O3 can be easily identified and approximated, we
fix the design of Hy;, and then synthesize a stabilizing, optimal controller for K, that
achieves objectives O1 and O2 using the Ho, optimal control framework. Measurement

U, is given as feedback to K, and measurement zA; is the input to H .
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2.3.3.3 Hj, Compensator design

Compensator H g, should achieve objective O3 by compensating for the A /D conversion
delay, Hguqc, and current sensor response time and dynamics, H, ;. It is common for cur-
rent sensors used in PHIL simulations to have a bandwidth that is significantly greater
than other key components in the closed-loop system, such as the power amplifier. Thus,
the dynamics of Hj; associated with the current sensor’s bandwidth often need not be
explicitly compensated for, and instead we focus on the delay portion of H,; and the

sTfo  where

A/D conversion delay, Hyq.. The ideal form of Hy, would then be Hyy = e
Ty is the sum of the current sensor and A/D conversion delays; however, this transfer
function is noncausal and cannot be realized in practical systems. Instead, we use a
simple approach to approximate the same effect; Hyy, is designed as a second-order,
low-pass filter with a relatively high cutoff frequency and an additional zero. The filter
is designed to achieve the desired phase lead at the fundamental frequency, wy, (e.g.,
wo = 2760 rad/s in the case study presented) while having negligible phase lead and
approximately 0 dB gain for all frequencies within the bandwidth of the closed-loop

simulation. This is achieved with Hy;, of the form:

S+ Wrp1

Grom? i) (2.1)

Hp, = agpy,

where ay, is a gain chosen to achieve 0 dB gain at DC, and w1 < wppe. Selecting
the best set of parameters might require some iteration because the closed-loop PHIL

system model might not be completely accurate. The following approach is suggested:

1. Choose wypy = 1.5wywer, Where wy,cr, is the approximate -3 dB bandwidth of the
closed-loop system. wy,cr can be determined using a Bode plot of the closed-loop
system model or approximated as the lowest bandwidth of any PHIL interface

component in the closed loop (often the power amplifier).

2. Set w1 so that the following relation between desired time delay and the phase

lead of Hyy is satisfied: Ty = w%) [tanfl(ﬁ) - 2tan*1(&) .
Wi +wpy . .
3. Set ap, = 17z to achieve 0 dB gain at DC.
(wi+wFyn)

4. (Optional) Experimentally verify how well i, tracks ¢}. If additional phase lead
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is required (e.g., because the modeled time delay is less than the measured time
delay) to achieve phase tracking, increase T, and repeat steps 1-3. Once the
phase tracks well, then ws and oy, can be further adjusted as needed to achieve

satisfactory magnitude tracking.

2.3.3.4 Preparing the generalized model

In preparation for GG,, compensator design, we simplify the multiloop, closed-loop block
diagram in Figure into the general control configuration commonly used in modern
control theory shown in Figure [2.4(a). Here, P is the generalized plant; K is the
controller (e.g., interface compensation design); w is a vector of the exogenous inputs
(e.g., commands, disturbances, and noise); z are the exogenous outputs (e.g., signals
to be regulated); y are the controller inputs; and u are the control signals. Note that
in this continuous-time modeling framework, all variables are functions of the Laplace

variable, s, but this is not explicitly shown for notational convenience.

W — P —Z
K |«
(a) (b)

Figure 2.4: General control configuration showing (a) the generalized plant and con-
troller interconnection and (b) the closed-loop forms

-
For the block diagram in Figure the exogenous inputs are w = [ Vs  Thut ] ,

T T
and the exogenous outputs are chosen to be z = [ z21 22 } = [ (vo—v}) u }

because we desire to place a performance target on the error between v, and v}, and this

T
must be balanced against the control effort, u. The generalized plant maps [ w U }

-
to { z oy } as follows:
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21 Vo — U} Pii1 Pz P2 Vs
Z92 - u - 0 0 1 Ihut
y Yy P11 Poo P u

We then solve for each component of the generalized plant. To begin, consider that

v, can be written as:

Vo = Golpyut + Gsu + G4V (2.2)

where:

Gy = Gi'[Zpa+ GpaGaacKj70Gs)

G1 = 1+ ZpaYhut + GpaGaacK s 70G5Yhut
Gs = ZsviHppHaacHs,

Gs = G7'GpaGaac

Gy = G3Kyppy

Next, see that v} can be expressed as:

U; = Yo [Vvs + G5 (Ihut - Yhutvo)] (23)
and, when substituting (2.2)) into (2.3]), we obtain:

Vo — Uy = Vo — YolVs+ G5 (Inut — Ynutvo)]
= P111Vs + Piialpue + Prou

where:

P = Gi+7(GsYpuGs — 1)
Py = G2 —7%G5(1 = YhuGo)
Py = (14 7%G5Yhu)G3

Finally, consider that v can be written as:
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y= (UZ - Hachs,vUo)- (24)
Then, substituting (2.2)) and (2.3)) into (2.4)), we obtain:

Yy = Po11Vs + Po120put + Poou

where:

Po11 = v — GeGa
Poip = 7G5 — GG
Py = —GeGs
Geé = 7%G5Yhu + HoacHs

We can close the loop of the generalized control configuration in Figure (a) to achieve
the closed-loop system, N, that maps w to z, as shown in Figure b). Here, N is a
function of K and can be determined using a lower linear factional transformation of P
with K, Fj(P, K), as follows:

N = F)(P,K) = Piy + PiaK(I — PysK) "' Pyy
where P = [ P11 Pip j|, Py = |: P11 P ], and [ is the identify matrix.

2.3.3.5 K, compensator design

It remains to design compensator H, to achieve objectives O1 and O2. To do so,
we leverage Hoo optimal control. This control design approach allows us to shape the
magnitude of the system’s closed-loop transfer function by synthesizing a controller that
minimizes user-defined H., performance objectives. The user must define reasonable
bounds on the designed closed-loop transfer function and then the process of synthesizing
a controller can be automated. Here, Ho, refers to the Hoo norm, which is simply the
peak value of a transfer function’s magnitude as a function of frequency. That is, if f(s)
is a stable scalar transfer function, then its Hoo norm is || f(s)||,, := sup |f(jw)|. For the
generalized model developed in Section[2.4] maximum bounds on the c‘fosed—loop transfer
function can be defined by choosing frequency-dependent weights Wp and W, in the
weighted, generalized plant P = diag(Wp, W,,, I)P. This weighted, generalized plant
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maps w to z = [ Z1 2o ]T. Thus, to achieve objective O2, we select a performance
weight, Wp, that will be applied to z; = Wpz; = Wp(v, — v}), allowing us to place
frequency-dependent performance objectives on the closed-loop voltage tracking error
transfer function. The best selections for weights Wp and W,, are dependent on the
PHIL system configuration (specific examples are given in the case study), but for most
PHIL simulations Wp is designed to emphasize performance at the nominal frequency
with high gain at that frequency and W, is designed to limit control effort to the
bandwidth of the power interface using a high-pass filter. The user also chooses a scalar
gain for K¢, which improves the overall forward voltage path compensator’s response
time. This gain is generally between 0.5 and 0.95 and can be tuned in the experiment.
Once weights are selected, the Hoo optimal controller can be obtained by solving:

min
K stabilizing

‘Fz(?, K)H (2.5)

o0

This problem can be readily solved using the MATLAB Robust Control Toolbox.
An algorithm for solving this problem along with the theoretical underpinnings of this
optimization problem are given in [32].

Note that this problem finds the stabilizing K that minimizes HN ’ ‘FI(JB, K) H .
That is, if there is a solution, K*, to , it will be a controller that st:bilizes the close(zio—

loop system. Therefore, if a solution is obtained, then the stability of the closed-loop

system is guaranteed (thus meeting objective O1). The optimal controller K* will have
an order greater than or equal to the order of 15, which could be considerable. Thus,
before implementation for real-time simulation, it is recommended to apply model order
reduction (e.g., see MATLAB'’s balred command) to obtain a lower order controller prior
to discretization. In practice, we have found that a reduction down to the 11th order is

sufficient and performs well.

2.3.4 Stability Analysis

When following the design approach outlined in Section the closed-loop system
is guaranteed to be stable as long as a controller can be synthesized successfully; thus,

no additional stability verification of the continuous time closed-loop system model is
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required. The authors of [23] [I7], however, suggest that it is important to also consider
the effects of sampling and numerical methods inherent in the discrete time model on
the stability of the final implementation. A good way to verify closed-loop stability
with the discrete time model is to discretize K, and Hy, (using the Bilinear transform
is recommended) and then perform a simulation (e.g., in MATLAB Simulink) of the full
hybrid system including discrete time models of all software components and continuous
time models of the hardware components. Also, the user should consider the potential
impacts of controller model order reduction, if applied, by using the reduced order model

in the final stability evaluation.

2.4 Accuracy Evaluation

Here, we introduce metrics for verifying the absolute accuracy of PHIL simulation re-
sults without relying on relative comparisons to potentially inaccurate models or previ-
ous simulation results. This method provides a valuable means for PHIL practitioners
and researchers to easily identify the absolute accuracy of a particular simulation and
compare results from two different simulations on a common basis. In short, this ab-
solute method of accuracy evaluation is accomplished by evaluating tracking objectives
02 and O3 as well as how the power injected into the simulation, S;,; = v}i,, tracks
the measured power, Speas = Vols-

We introduce two sets of metrics: one set (see Table for quantifying accuracy
at the instantaneous waveform timescale indicative of the simulation’s bandwidth and
another set (see Table on a steady-state timescale for quantifying average quantities,
such as active and reactive power. Note that 0;,; = Zv; — Zi, and Opeas = ZLv, —
Zi} are the power factor angles for the injected and measured quantities, respectively;
and Shyut nom is the nominal apparent power rating of the HUT. These metrics are

demonstrated in the case study.
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Table 2.1: Instantaneous Waveform Error Metrics

Metric Definition
Instantaneous voltage tracking error: IVTE(t) = &&;S%
RMS instantaneous voltage tracking error:  rIVTE = RMS(IVTE)
Instantaneous current tracking error: ICTE(t) = \/%‘.’SK/I%%
RMS instantaneous current tracking error:  rICTE = RMS(ICTE)
Instantaneous power tracking error: IVTE(t) = M

RMS instantaneous power tracking error: rIPTE = RMS(IPTE)

Table 2.2: Steady-State Error Metrics

Metric: Definition
Active power tracking error:
APTE = RMS(SZ'"J') €08 Oin;j —RMS(Smeas) c0s Omeas

hut,nom

Reactive power tracking error:
RPTE = RMS(Sin;) sin 0y —RMS(Smeas) sin Omeas

hut,nom

2.5 Experiment Case Study

2.5.1 Experiment Configuration

Here, the PHIL experiment configuration in Figure was used to evaluate a three-
phase, 100-kVA, four-quadrant inverter with a 33-kWh Lithium-ion battery energy stor-
age system interconnected at various points in an electric distribution network. The elec-
tric distribution feeder model used is from a real-world system in Colorado, USA, and
was analyzed to determine the interconnection impedance (determined via short-circuit
impedance values) at multiple three-phase interconnection nodes along the length of the
approximately 4-mile-long distribution feeder. The power interface for this experiment
consisted of a three-phase, 270-kVA Ametek RS-series power amplifier; a set of three
LEM DVL1000 voltage transducers for output voltage measurement; and a set of three
LEM LTC-600-SF current transducers for current feedback measurement. An Opal RT
OP5700-series real-time simulator with a time step of Ty = 50 us was used to execute

the real-time distribution system model and discrete-time PHIL interface compensators.
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2.5.2 System Modeling

Modeling detail for each element in the closed-loop system are given in Table Note

that all time delays were approximated by a first-order Padé approximation, e 5T ~
%, because rational transfer functions are required for controller synthesis. The

generalized plant was obtained following the process outlined in Section [2.3.3.4

Table 2.3: System Modeling Elements

Element Value Modeling Basis
T 50 us Real-time simulation time step
Zs min 53.3¢73 + 5150.3¢ 79 Q Distribution feeder model, short-circuit
impedance near substation
Zs max 163.4e73 + s565.4¢ 5 Q) Distribution feeder model, short-circuit
impedance near end of three-phase trunk
Yo Ol'ggokk\y Scale modeled system nominal voltage to that
of physical HUT
Gaac e T ~ % Single time step delay for D/A conversion
Gpa meﬂwe—s Delay and single pole filter model previously
identified in [15]
Zpa 26e~3 + 553.2¢ 75 Q) Physical measurement
Yhut 8%706_6 S Vendor-supplied inverter wiring diagram. See
[31] for model structure derivation.
H, me*smfﬁ Delay and single pole filter model. Delay and
bandwidth information provided on datasheet.
H,; me*le—ﬁ Delay and single pole filter model. Delay and
bandwidth information provided on datasheet.
H,q. = Gaae Single time step delay for A/D conversion
. (IMVA/13.2kV) o
Yi,min (0.1 MVA /0450 kV) Scale 100—kYA physg:al %nverte.r to represent
1-MVA inverter in simulation model
' (TMVA/13.2kV) T
Yi,max (0.1 MVA /0480 KV) Scale 100—kVA phys1c.al 11.1verter. to represent
5.5-MVA inverter in simulation model

2.5.3 PHIL Interface Design
2.5.3.1 Base case interfaces

To emphasize the benefits of the optimal interface, we consider two base case interfaces

for comparison. The first, denoted “CVI” (compensated voltage and feedback current



27
filtering), is modeled on a commonly used PHIL interfacing approach: design a simple
compensator for the forward voltage path to achieve adequate v, — v} tracking, and
then, if the closed-loop system is unstable (as was verified experimentally for this case

study’s configuration), apply an interface stabilization technique, such as feedback cur-

2k;wes
s2+2wcs+w8

where k, = 0.1, k; = 200, w. = 1, and wy = 2760—and parallel feed-forward gain,

rent filtering. Here, we used a proportional-resonant controller—K, = k, +

Ky = 0.7, for the forward voltage path compensator and a first-order, low-pass feed-
1
back current filter, Hyj, = 7275000551
The second base case interface, “NVC” (no voltage compensation), models the case
where no forward voltage path compensation is used (K, = 1 and K¢s = 1) and the

same low-pass feedback current filter was used.

2.5.3.2 Optimal (“Opt”) Interface

With a power amplifier bandwidth of approximately 1,950 Hz and a measured i} to i,
time delay of T, = 52.875 us, compensator Hy, was designed according to with
parameters wypy = 27 - 1000 rad/s, wpe = 27 - 3000 rad/s, and agp, = 56500. This
achieved phase compensation as desired.

For the synthesis of K,, a performance weight for the closed-loop voltage error
transfer function of the form Wp = kpco (kp + = fi:fi%) ( sfiflf; f)Q was used with

kpc = 110, k, = 0.6, k; = 5000, we = 0.01, wy = 2760, and wy,y = 272000. This

performance weight encourages high gain near the fundamental frequency and relatively

low gain everywhere else. The input weight was designed to limit control effort at high
frequencies and had the form W, = ‘ng?‘;’z with ¢ = 0.01, co = 0.1, and w, =
0.1-2760. The two weighting functions used are shown in Figure The feedforward
gain Kyy = 0.7 was found to work best after tuning in the experiment. Using these
weights and the process outlined in Section the K, with Bode plot shown in
Figure was synthesized successfully. This controller emphasizes performance near
wp = 2m60 as desired, but it also has another benefit: a notch is added to de-emphasize
performance near w = 2.0le* rad/s—the resonant frequency of the power amplifier’s
inductance and the HUT’s output filter capacitor (wyes = 1/1/LpaChut = 2.01¢* rad/s).

This notch was added by the optimal controller synthesis process and not because of

a specific emphasis in the performance weight, emphasizing the benefit of the optimal
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interface design approach. Note that the controller synthesis process outputs a high-
order controller, which we then reduced to the 11th order controller shown in Figure
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Figure 2.5: Weighting functions used for H, synthesis of G,. Wp is designed to em-
phasize performance at the nominal frequency and W,, is designed to limit control effort
to the bandwidth of the power interface.

2.5.4 Stability Analysis

As described in Section [2.3.4] as long as a controller can be synthesized, the closed-
loop system is guaranteed to be stable; however, the controller model order reduction
process was applied to obtain K, ,.q from K, after this controller synthesis. Thus, we
additionally verify that the eigenvalues of Fl(lg, K, req) are all in the strict left half

plane, confirming closed-loop system stability.

2.5.5 Experiment Results

Stable PHIL simulations using the optimal (“Opt”), CVI, and NVC interfaces were
achieved, and the 100-kVA inverter HUT was operated at a wide variety of active and

reactive power operating points while connected to a simulated grid interconnection
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Figure 2.6: Synthesized K, reduced to 11th order

point with impedance Z;. The HUT power was also scaled by ~; to represent a larger
capacity inverter (of capacity Ssq) in the simulated model. Independently, both Z
and ~; were varied between their minimum and maximum values under constant HUT
power to evaluate the performance of the interfaces under varying impedance and scaling

factors.

2.5.5.1 Summary Steady-state Results

Table lists summary results from the many tests examining different combinations
of Opt/CVI/NC interface, HUT power, source impedance, and scaling factor that were
completed. The following conclusions can be made regarding the summary steady-state

results:

1. The optimal (“Opt”) interface offers improved tracking of all quantities (voltage,
current, inst. power, active power, reactive power) than the other interfaces.

Improvements in current and reactive power tracking are particularly significant.
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The CVI and NVC interfaces generally have 3%—10% reactive power tracking
error (RPTE), whereas the optimal interface improves this performance two to

five times and keeps the RPTE within 1.8% for all cases.

2. When using the optimal interface, the performance is approximately constant
(consistently similar tracking errors—e.g., RPTE within +1.2%) when testing
across various HUT power factors; however, the CVI and NVC interfaces show

greater variation in performance (e.g., RPTE within £5% and £7%).

3. Interface tracking error is consistent for varying scaling factor and varying source

impedance.



Table 2.4: Summary test results

Nominal Test Conditions

Tracking Error Metric (%)

HUT (kW) Model Inst. Power (rIPTE)|Inst. Voltage (rIVTE)|Inst. Current (rICTE)|Active Power (APTE) |Reactive Power (RPTE)
Phut @nut |Ssel (MVA) Z, |Opt CVI NVC  |Opt CVI  NVC Opt CVI NVC Opt CVI _ NVC Opt CVI NVC
-93 0 2.5 min | 1.18 2.91 1.84 0.85 0.91 2.84 2.13 5.74 5.74 0.04 0.52 0.85 1.81 -6.90 -10.36
-62 0 2.5 min | 1.38 3.09 2.12 0.83 0.88 2.83 2.57 6.10 6.10 0.02 0.34 0.56 1.20 -4.59 -6.90
-41 0 2.5 min | 1.81 3.47 2.65 0.81 0.87 2.83 3.39 6.84 6.84 0.02 0.28 0.44 0.80 -3.06 -4.59
-26 0 2.5 min | 2.59 4.30 3.68 0.81 0.85 2.82 4.79 8.41 8.41 0.02 0.17 0.28 0.50 -1.92 -2.88
26 0 2.5 min [ 2.00 3.78 3.03 0.79 0.83 2.82 3.42 6.88 6.88 -0.03 -0.06 -0.11 -0.52 1.95 2.93
41 0 2.5 min | 1.68 3.43 2.60 0.83 0.88 2.83 291 6.41 6.41 -0.03 -0.16 -0.27 -0.82 3.09 4.65
62 0 2.5 min | 1.42 3.17 2.25 0.85 0.91 2.84 2.39 5.96 5.96 -0.03 -0.30 -0.50 -1.22 4.63 6.95
93 0 2.5 min | 1.26 3.00 2.01 0.88 0.93 2.85 2.01 5.67 5.67 -0.06 -0.42 -0.70 -1.82 6.91 10.38
62 30 2.5 min | 1.55 3.76 3.68 0.87 0.93 2.85 2.47 6.01 6.01 0.57 -2.56 -3.89 -1.24 4.48 6.71
62 -30 2.5 min | 1.32 3.26 2.84 0.82 0.86 2.83 1.98 5.63 5.63 -0.63 2.02 2.99 -1.20 4.77 7.19
-62 -30 2.5 min | 1.24 3.48 3.41 0.78 0.83 2.82 2.09 5.75 5.75 -0.58 2.63 4.00 1.22 -4.45 -6.65
-62 30 2.5 min | 1.63 3.49 3.07 0.89 0.95 2.85 2.80 6.35 6.35 0.64 -1.94 -2.87 1.18 -4.74 -7.14
=77 0 2.5 min | 1.25 2.96 1.92 0.84 0.89 2.83 2.30 5.87 5.87 0.03 0.42 0.69 1.50 -5.76 -8.66
=77 0 3 min | 1.21 2.97 1.94 0.84 0.88 2.83 2.24 5.86 5.86 0.04 0.48 0.78 1.51 -5.75 -8.64
=77 0 4.8 min | 1.16 2.95 1.91 0.83 0.88 2.83 2.17 5.83 5.83 0.04 0.42 0.69 1.50 -5.75 -8.64
=77 0 5.5 min | 1.14 2.95 1.90 0.83 0.89 2.83 2.13 5.82 5.82 0.05 0.39 0.64 1.50 -5.75 -8.63
62 0 1 min | 1.40 3.17 2.25 0.86 0.91 2.84 2.35 5.97 5.97 -0.05 -0.22 -0.38 -1.21 4.62 6.95
62 0 1 mid | 1.37 3.16 2.24 0.86 0.90 2.84 2.24 5.94 5.94 -0.04 -0.29 -0.48 -1.22 4.63 6.95
62 0 1 max|1.30 3.16 2.22 0.82 0.90 2.84 2.44 5.94 5.94 -0.03 -0.25 -0.42 -1.21 4.63 6.96

31
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2.5.5.2 Detailed Dynamic Results

Detailed performance results from a 41-kW to 93-kW change in HUT active power are
shown in Figure 2.7 and Figure 2.8 In particular, Figure 2.7] further demonstrates
the significantly improved current tracking performance of the optimal interface. The

magnified view of Figure [2.8] emphasizes that the optimal interface both:

1. fully compensates for phase lag (achieves nearly zero phase lag vs. multiple degrees
of phase lag for the CVI case), which explains the significantly better reactive
power tracking demonstrated in Table and

2. results in a significantly higher bandwidth simulation, as evidenced by the fact
that injected current includes many of the same higher frequency components
present in the measured current, whereas in the CVI case, these higher frequency

components are filtered out.
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93 kW change in HUT active power
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Chapter 3

Scalable Hybrid
Classification-Regression
Solutions for High-Frequency
Nonintrusive Load Monitoring in
Grid-Interactive Residential

Buildings

3.1 Introduction

Smart buildings that can manage their net loads to provide additional flexibility to
grid operators while maximizing customer preferences and energy cost savings offer a
valuable tool for a modernized electric grid. Residential buildings in the United States
use 38.5% of the total electrical energy produced [33]; thus, if residential buildings can
be converted into smart buildings, significant flexibility to support the grid will be
unlocked.

It is crucial to enable circuit-level net-load metering at these residential buildings

to gain a better understanding of building performance and customer usage patterns

35
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and preferences while enabling the critical monitoring of information needed to perform
meaningful grid-interactive control. The simplest approach for such metering is having
a sensor at each load, but this is invasive and very costly. Nonintrusive load monitoring
(NILM) can extend many benefits of smart buildings to homes using minimal additional
equipment and cost. With this method, a single electrical measurement point at the
building’s point of common coupling with the grid is used to derive information (e.g.,
on/off status, electricity consumption) about the constituent net-load devices in the
home.

Existing work in NILM can be categorized based on the type of measurement inputs
used. Generally, NILM approaches use one or both of: 1) steady-state measurement
quantities, such as active and reactive power or root mean square (RMS) current, on
a macro timescale (generally 1-60 min [34]); and 2) transient features derived from
micro-timescale data (generally > 1 Hz [34]). In the first category, [34] [35] 36, 37,
38, [39] used steady-state power measurements with a variety of contemporary machine
learning methods, including multilabel k-nearest neighbor [34], 35], multilabel support
vector machines [40], binary relevance [34], [40], hidden Markov models [34} 39], recurrent
neural networks [38], and long short-term memory [41, [42] methods. In the second
category, micro-timescale data is employed to infer features based on a frequency-domain
transformation [43, [44], instantaneous wave shape [43], switching transients [45], or
wavelet transformations [45), [46]. References [47, [48] fit into both categories, using
micro-timescale data to detect events and macro-timescale data to capture steady-state
data throughout the event and build a library of events that can be used later for
classification.

Steady-state measurement NILM methods often require a large sample (days to
months) of training data and suffer a slow response time following events. Further,
the use of steady-state measurements can easily result in misclassification between two
different combinations of loads that have nearly identical steady-state measurements
but differing instantaneous waveforms. For example, Figure[3.I]shows the instantaneous
current waveform (top plot) and corresponding RMS values (bottom plot) associated
with two different combinations of home loads. NILM methods based on steady-state
measurements, such as the mean RMS current (-rmsMN in Figure in this example,

will not be able to successfully differentiate between these two combinations; whereas
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Figure 3.1: Comparison of waveform (top plot) and RMS values (bottom plot) from two
observations (one 60-Hz ac cycle sampled at 200 kHz) representing two different load
configurations in a residential building.

NILM methods using micro features, such as harmonics or wave shape, can be more
successful. This point is further emphasized in Figure [3.2] which shows the distribution
of RMS current values (a steady-state quantity) for the four-load case study presented
later in this chapter, which demonstrates that the same steady-state value could exist
in many different system load configurations.

In both steady-state and transient NILM approaches, it is common to use methods
based on event detection; however, such approaches often assume that multiple load
transients do not occur at the same time, might suffer confusion between transient
events occurring within a single load (e.g., same load switching to a higher power level),

and cannot make accurate state predictions until after an entire transient event has
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Figure 3.2: All observations (all training and test data) with their RMS current feature
plotted vs. class for a residential building load classification case study.

occurred. In most existing NILM approaches, system state predictions are often made
in no faster than 1 s to 15 min. This might be sufficiently fast for some functions, such
as estimating energy usage or customer load usage patterns, but it is too slow to enable
a smart building to provide grid services (e.g., fast frequency response using building
net load [49)]).

The majority of NILM literature has focused on using an aggregate current or power
measurement to predict the on/off state of connected loads via classification. Some
existing work (e.g., [41},[42]) also considered regression-based approaches. Reference [4]]
considered bidirectionality and long-term temporal dependence of power consumption
by appliances for load disaggregation. These approaches can disaggregate the power
consumption of multiple loads when a long sequence (i.e., multiple hours) of power
data is provided, but they cannot accurately make predictions in real time using short
intervals of input data. To the best of our knowledge, there is no method currently
capable of load power disaggregation at the timescale of <1-s grid ancillary services.
In this chapter, we improve upon these methods by achieving accurate load power
disaggregation on a 60-Hz timescale.

In this chapter, we first develop a method for the accurate, high-speed (>60-Hz)
prediction of the multiload on/off state of a four-load residential building experiment
configuration. The method employs multiload state classification using a combination of

frequency transformation, wavelet transformation, and wave shape features that allow
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for good generalization and fast response to transient events without relying on event
detection. We then extend this high-speed classification method to improve scalabil-
ity, and we apply the improved classification method to a larger eight-load residential
configuration. In addition, we introduce a novel hybrid classification-regression model
that allows for the prediction of load RMS current consumption levels via regression in
addition to the load on/off states via classification while still operating at a high-speed
timescale with predictions for each 60-Hz cycle. The hybrid classification-regression ap-
proach is validated using an experiment configuration including eight residential build-
ing appliances, and it is shown to give high-accuracy RMS current and multiload on/off

state predictions.

3.2 High-Frequency Nonintrusive Load Monitoring Ap-

proach

3.2.1 Problem Formulation

A total of Ny, loads are connected to the main load center panel of a residential building,
and each consumes an instantaneous current I;(t) = ¢;(t)I;(t), where I;(t) is the load
signature, ¢; = {0, 1} is the on/off status (where ¢; = 1 denotes that the load is on), and
I; is the resulting current consumption of the i** load. The total current consumption
of the residential building is ITor(t) = Zi]\iﬁ q;(t)I;(t). With Ny, loads, there are 2Vt
possible system load on/off states, Yo = [q1,42,-..,¢,--.,qn,], for the building. The
first objective is to train a classifier that uses an input vector, X, of features calculated
for each 60-Hz ac cycle observation of Iror(t) to predict the correct class label, Y¢,
representing the building’s complete load on/off state. The classifier should provide
a state label prediction for every 60-Hz ac cycle of Iror(t). The second objective is
to build a regression model that takes an input feature vector X (including the result
from the classifier) and predicts the RMS current consumption of each load, Y,¢q =
[fl, fg, ey E-, ey TNL]- Similar to the classifier, the regression model should provide a
prediction for every 60-Hz ac cycle of Iror(t). For the application of high-frequency
smart building control, the entire process of splitting the instantaneous Iror(t) into

single-cycle observations, calculating features, and using the classifier and regression
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model to predict an output label should occur within ten AC cycles or 7 = 10/60 = 0.167
s. This response time will ensure state awareness commensurate with the needs of fast
frequency response (generally < 0.33 — 0.5 s total response is time required). To be
of practical value, the classifier and regression model should be able to generalize well
to any Iror(t) observations from the same group of appliances they are trained on,

regardless of whether a similar magnitude I7or(t) observation is seen during training.

3.2.2 Experiment Configuration

Two residential-scale demonstrations using four and eight household appliances in the
Energy Systems Integration Facility at the National Renewable Energy Laboratory were
completed. The full experimental configuration, shown in Figure includes eight
residential appliances, including a combination refrigerator/freezer (General Electric
Profile PSQS6YGY), combination oven/range (Maytag MER8674), space heater (Bo-
vado 0CZ449), a bank of (10) compact fluorescent light bulbs, a water heater (AO Smith
HP10), clothes dryer (Whirlpool WELISHEBU), window air conditioner unit (Frigidaire
FFRE0633S1), and the condenser unit of a central air conditioner unit. Nine current
probes and one voltage probe at the locations indicated were used to gather instanta-
neous measurements sampled at 200 kHz over each 200-s data set period using a digital
oscilloscope. The first experiment configuration consisted of only appliances #1-4 (the
other appliances were disconnected), and the second experiment used all eight appli-

ances.
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Figure 3.3: Experimental configuration with eight residential appliance loads. Iror
measures the total current flowing through the eight loads.
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3.2.3 Data Sets

For the first demonstrative case with a four-load configuration, seven independent 200-s
data sets—each including measurements of V', I, I, I3, and I, (but not Ipor)—were
collected. Iror was obtained as Itor = I1 + Io + Is + I4. For each data set, the
appliance loads were put into a different starting condition, and then throughout the
data set period, loads were turned on and off to obtain many instances of the 15 different
classes. Throughout all data sets, the fridge, oven, and space heater were manually
perturbed (e.g., fridge door opened, oven opened, space heater fan speed changed) to
capture the variety of operating conditions of the loads. The lights were considered to
be either on or off and were not manually perturbed. These data were used to train the
model.

For testing, six additional independent 200-s data sets—each including V', Iy, I>, I3,
14, and I7or—were collected. For testing, only Iror and V were used as input data to
the presented NILM approach, and I, Is, I3, and I were used to assign the true label to
each observation. As with the training, appliances were cycled on and off and manually
perturbed to obtain instances of all 15 classes as well as significant steady-state load
variations across their ranges of operation. An example of one testing data set is shown
in Figure [3.§

For the second demonstration, which used the eight-load configuration, seven inde-
pendent 200-s data sets—each including measurements V', I, I, I3, Iy, I5, Ig, I7, Ig,
and Ipor—were collected. Similar to first demonstration, the loads were perturbed in
a random manner. They are described in Table

3.2.4 Approach

A summary of the high-frequency NILM approach implemented for classification is
shown in Figure 3.4 This approach extends previous NILM work by using a wider
combination of features, being able to predict both on/off state and operating current
level, and by achieving much higher frequency output while maintaining exceptional
accuracy.

The method presented here is applicable to a wide variety of load configurations

and types. We demonstrate scalability of the approach from a four- to an eight-load
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Table 3.1: Load conditions for eight-load demonstration
Data set | Conditions

1 All loads are on except water heater is cycling on/off
2 All loads are on. Perturbations including opening the
fridge/freezer doors and changing fan speed on window
air conditioner are applied.

3 Loads 5-8 always on (except water heater cycling), then
ran through random combinations for loads 1-4

4 Loads 1-4 always on, then ran through random com-
binations for loads 5,7, and 8. Dryer finished cycle in
middle of test.

5 All loads random on/off
6 All loads random on/off
7 All loads random on/off

configuration and we note that the approach can also be applied in a modular fashion
for multiple load groups on a single grid PCC as needed by configuring and measuring

an Itor for each load group, as depicted in Figure [3.3

3.2.4.1 Input Data Processing

As shown in Figure high-speed instantaneous voltage and current waveforms are the
inputs to this approach. During the training phase, current measurements from each
circuit are used. Voltage measurement data are not strictly required, but if available,
they can be used to provide more accurate detection of zero crossings. The current data
are divided at each 60-Hz ac cycle using zero-crossing detection, then each cycle of the
aggregate current measurement becomes an observation for which a label and features
are derived.

For the eight-load configuration, we employ a novel strategy for creating a synthetic
data set from the original data that expands each observation into multiple observations
by using the superposition principle of electric current. We then employ a reduction
strategy to remove samples that are very similar to each other. These two strategies
are described in detail as follows:

Synthetic data set: Each observation, ¢, in the original data set has a total

current measurement, Itor, based on 1 < Np; < 8 superimposed currents. N, ; is
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determined by thresholding all I; and counting the number of nonzero ;. Then, the Ny, ;
nonzero currents can be used to generate 2VLi unique observations by superimposing
the corresponding I; for each combination together and calculating the features (see
Section [3.2.4.3)). All 2V2 unique observations are added to the synthetic data set, and
the index of the original, nonsynthetic observation is preserved and added as a column
to all associated observations in the synthetic data set.

Data set reduction: Within each data set, all the observations are first sorted,
the distance (in terms of the L;-norm) between successive observations is determined,
and new observations are discarded if they are not significantly different from the pre-
vious observation. We tried multiple thresholds and finally chose +£5% as the threshold
for discarding the new observation. The resulting reduced data set is almost 1/5th
the size of the original synthetic data set. With this reduced data set, computational
complexity and memory requirements for training the models are significantly reduced.

This reduced data set is used for training.

3.2.4.2 Labeling (Training Phase)

For classification, observations are generally categorized into multiple classes. When
classifying between more than two classes, multiclass classfication is used. Each aggre-
gate current cycle observation is labeled by examining the instantaneous current data
at each circuit, using level detection to derive the on/off state of that circuit, and finally
building the multiclass label. This multiclass label could be a multilabel vector or a
single integer label with the class encoded using a binary encoding scheme (e.g., for
the four-load case, Label 11 corresponds to [1,0,1,1]), referred to as the label power-set
method. For the four-load case, a single integer label is used, whereas for the eight-
load case, each load’s on/off state is use as a multilabel vector for the corresponding
model. For regression, the RMS current of each individual load is used as a label for

the corresponding regression model.

3.2.4.3 Feature Engineering

The individual data points of the instantaneous aggregate current cycle observation
are not used directly as the input to the classifier (this approach does not result in

good prediction). Instead, the instantaneous data are processed into features to reduce
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the dimensionality of the problem while retaining the important characteristics of the

waveform. Four key categories of features are used:

1. Harmonic features: A 1-D discrete Fourier transform is used to compute the mag-
nitudes of the Fourier series coefficients at the fundamental and 37¢, 5% 7th 9th,
11*" and 13*" harmonics of the 60-Hz nominal aggregate current waveform. These
coefficients are used in both their unscaled and normalized (using the La-norm)

form, giving 14 possible features.

2. Steady-state RMS feature: A single feature based on calculating the RMS of all
data points in the single-cycle aggregate current observation is used. For train-
ing the regression model, the RMS values of each single-cycle individual current

observation for all eight loads are retained.

3. Wavelet features: An eight-level (the maximum decomposition level possible for
the wavelet and sampling rate used) 1-D discrete wavelet transform using the
Daubechies 7 (db7) wavelet [50] is used to derive the discrete wavelet transform
coefficients at multiple levels of decomposition. The db7 wavelet is used because
it has been shown to have good performance for power system applications [51].
The Level 8 detail coefficients were studied as potential features, and coefficients
# 12-23 for a total of 12 out of the 25 total coefficients are selected as the final

features.

4. Wave shape features: Here, wave shape features refer to the features derived using
individual data points in the raw instantaneous current waveform that represent
unique characteristics of the waveform’s shape. Three such features are used. The
first is the maximum value in the middle third of the waveform’s positive half cycle.
The last two are ratios of two specific points in the ac waveform that capture local
minima present in a waveform when particular loads are present. For example, in
Figure (top plot), Obsl and Obs2 contain the same three loads, but Obs1 also
includes a fourth, relatively low-magnitude load. Overall, the two observations’
waveforms are very similar, making it difficult to differentiate between these two
classes using traditional features. In the region between the plot’s two vertical

black dotted lines, however, a difference in wave shape can be observed. A feature
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based on the ratio of the waveform’s values at the first and second lines allows
for reliable separability of these two very similar classes and provides a valuable
measure of whether this additional load is present in any class. Overall, two such
ratios are used for the four-load case, and five such ratios are used for the eight-
load case. Ratios are derived based on local maxima present in the different loads’
characteristic waveforms. This approach can be applied generally by deriving a
ratio feature for any constituent load that contains local maxima outside of the

normal 60-Hz peak in its waveform.

We initially used only unscaled harmonic and steady-state RMS features [52]. How-
ever, we found that this set of features was not sufficient to achieve classifiers with both
high prediction accuracy and good generalization properties [52]. Adding normalized
harmonic features, wavelet features, and the wave shape features corrected this problem,
as shown in Section [3:3.4] We expect that these categories of features will generalize
well to a variety of possible load types, though the designer may wish to fine tune which
particular subsets of these feature categories (e.g., particular Fourier or wavelet trans-
form coefficients) are used for a given load configuration at training time to obtain the

best performance.
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Figure 3.4: High-frequency NILM approach. Here Model refers to the classification

and/or regression model.
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3.3 High-frequency, Multiclass Classification of Residen-

tial Appliance Loads

A random forest classifier (RFC) [53], which is an ensemble method, is used in this
work. Ensemble methods use multiple uncorrelated base classifiers for better predictive
performance. Uncorrelated models usually produce ensemble predictions that are more
accurate than individual predictions [54]. RFCs use decision trees as their base classifier.
Each tree provides a class prediction, and the class with the most votes becomes the
RFC’s predicted class. Decision trees separate a data set so that the resulting subgroups
are as different from each other as possible at every split and the observations in the
same subgroup are as similar to each other as possible. Decision trees depend heavily
on data they are trained on and can be very different if those training data change.
RFCs consist of multiple decision trees where each tree is formed by randomly sampling
data from the data set (with replacement). Further, each tree in a random forest can
use only a random subset of the feature set. This leads to the individual trees being
highly uncorrelated, leading to the ensemble’s prediction being more accurate than that
of any individual tree. Because multiple loads and any number of loads can be turned
on, multiclass classification is required for this problem. The “label power-set method,”
which takes each combination of possible load states as one class, was initially used
when considering the four-load test configuration (Classifier 1). This method considers
the correlation of different labels and can provide accurate predictions when the number
of loads is small; however, the total number of classes in this method increases expo-
nentially with the number of loads. Thus, when applying the approach to the larger
eight-load configuration, the label power-set method does not scale well because the
class size explodes to 255, and accuracy is significantly reduced. To address this, we
use a multi-model approach (Classifier 2) wherein we train simple binary classifiers to
detect the presence of a single load, as discussed in detail in Section This leads to
much better accuracy and easier implementation for parallel processing of multiple load

classifications.
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3.3.1 Classifier Training and Tuning

Multiple RFCs using different subsets of the features described in Section are con-
sidered in the search for a classifier that is accurate in differentiating the 15 different
classes pertaining to the four-load configuration (as described in Section but that
also generalizes well to make correct predictions on observations not previously seen
before in training data.

The final classifier, termed Classifier 1, is an RFC ensemble using bootstrapping
and including 200 decision tree classifiers, each with a max depth of 35 and using
entropy (information gain) as the split criterion. These optimal hyperparameters were
determined using a grid search wherein for each hyperparameter combination, seven-fold
cross-validation was performed to obtain the classifier’s accuracy as the scoring metric.
Seven-fold cross-validation was implemented such that each combination of using 1/7
training data sets for testing and the remaining 6/7 training data sets for training were
considered. The feature set used for this classifier is summarized in Table 3.2l Further
details on RFCs hyperparameters and testing methodologies can be found in [53]. Here,

the RFC was implemented in Python using the scikit-learn package [55].

Table 3.2: Hyperparameters for different models

Model Features Included
Harmonic Co- | Normalized Wavelet Wave Shape
efficients Harm. Coeff.
Classifier 1 | All 5,7 All 1,2
Classifier 2 | All 5,7 All 1,2,3,4,5
DNN All All All None

3.3.2 Performance Metrics

Both accuracy and weighted Fl-score are used as measures of classifier performance.
Accuracy provides an intuitive evaluation of the ratio of correctly labeled observations to

the total number of observations. The F1 score, a common metric for NILM implemen-

2
(R~1 4 P-1y’
where R is recall, and P is precision). Although an effort was made to get a sizable

tations, is the harmonic mean of the precision and recall [53] (i.e., F} =

number of instances of each class, the distribution of instances across classes is not
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equal, and hence an F1 score weighted by the number of true instances in a class is used
to account for class imbalance (it is essentially a “macro” F1 score that accounts for

class imbalance).

3.3.3 Results

Table presents accuracy and F1 score results as averaged over 10 repeated (there
is a small variation in results from one run to another because of the randomization
present in the RFC) test runs evaluating the trained classifier using the six independent

test data sets.

Table 3.3: Overall Test Results (10-Run Average)

Test Data Set # | Test Accuracy (%] | F1 Score (Weighted) [%]
All 99.44 99.45
1 99.02 99.44
2 99.07 99.06
3 99.57 99.68
4 99.99 99.99
) 99.97 99.97
6 98.87 98.90

Figure presents the classifier’s accuracy in predicting each class in the full test
data set (all six data sets). These results show that the classifier performs well in terms

of accuracy and F1 score on all data sets and among all classes.

3.3.4 Classifier Generalization

Generalization is important because practical NILM implementations should have good
multiclass prediction performance across a variety of load operating conditions and
it is not practical to train the classifier with every possible condition. To evaluate
generalization performance, the training data set is first segmented by class, then each
segment is sorted by cycle observation RMS value, and the middle 95% of that class
segment’s training data is discarded before proceeding to training and testing. An
example of this for Class 6 is shown in Figure [3.6] where the difference between the

green triangular and red diamond line plots of the training data show that all training
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Figure 3.5: Test accuracy (full test data set) of Classifier 1 by class for the four-load
experiment configuration when using all training data.

instances with RMS current values between 26.5 and 28.75 have been removed in the

5% training data set.
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Figure 3.6: Classifier performance on Class 6 (Y = [0, 1, 1,0]) test data when the middle
(by RMS value) 95% of Class 6 instances in the training data set are removed before
training. Accuracy is 97%.

The blue cross and orange square line plots in Figure [3.6] show how the range of
instances in the test data set—which includes many values of RMS current in the range
from 26.5--28.75 where no similar training instances were used—were predicted with
an accuracy of 97%. To emphasize the generalization capability of this classifier, we

trained another classifier, Classifier B, which did not have normalized harmonics and
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wavelet features (further detail on the training of this classifier is given in [52]). This
classifier had very good accuracy (similar to Classifier 1) when trained with the entire
data set, but the accuracy significantly reduced when trained with the reduced training
data; results show that Classifier 1 generalized significantly better than Classifier B
when testing across all four-load configuration classes (see Figure and especially
for Class 6 (see Figure . For Class 6, Classifier B misclassified most samples whose

RMS values were not in the reduced training data set.
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Figure 3.7: Test accuracy by class for the four-load experiment configuration when the
middle (by RMS value) 95% of each class instance in the training data set is removed
before training. By adding additional features to Classifierl versus the limited sub-
set used by Classifier B, classification generalization performance can be significantly
improved.

3.3.5 Transient Performance

Figure |3.8| shows that label predictions match the true values throughout the entire
data set (as expected from the 99.97% test accuracy in Table , even including most
transient periods. Figure shows an example of one such transient period (near t=133
s) where the Load 4 (compact fluorescent lights) turn-on event transient lasts nearly
14 ac cycles. During this event, the classifier correctly predicts each cycle, despite the
cycles having a variety of wave shapes and magnitudes. This demonstrates the high-
frequency and high-accuracy performance of the approach and its advantage over many

existing NILM approaches, which would not predict a state change until after the entire



14 ac cycle event signature was detected.
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Figure 3.8: Entire test Data Set 5 with predicted versus true labels. It can be seen that
the classifier performs well, even with a variety of load transitions.
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shapes and magnitudes.
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3.4 High-frequency, Binary Classification of Residential

Appliance Loads

As mentioned in the previous section, when we consider the second configuration with
eight loads, Classifier 1 does not scale well as the class size explodes to 255, and accuracy
is significantly reduced. In this section, we present a multi-model approach where we
train simple binary classifiers to detect the on/off state of a single load. This approach
trains N;, RFC models for Ny, loads (see left side of Figure . Here, model CL2;
corresponds to load i. The set of all N;, models is termed as Classifier 2. The output of
the classifier is a vector comprising individual predictions of each model. Let y; be the

prediction of model 7. Then the output of Classifier 2 is Y. = [ye1, .-, Yeis - - - YeN, |-

3.4.1 Classifier Tuning and Training

Here, we use the reduced synthetic data from the second eight-load experiment con-
figuration for training, as described in Section Two training methodologies are
employed. The first training strategy follows the traditional approach of randomly
shuffling the full data set (all seven independent data sets are used) and then splitting
the data into a training set (80%) and test set (20%). The second approach is to use six
of the seven independent data sets for training and testing on the remaining data set.
This leads to seven distinct runs. The second approach emphasizes the generalization
capabilities of the classifier. As detailed in Table many data sets are quite different
because they capture different running conditions of each load. These two methodolo-
gies are employed for the regression model as well. The hyperparameters used here
are the same as with Classifier 1. Three additional wave shape features (described in

Table. were added to help differentiate the more complex eight-load configuration
(see Section [3.2.4.1| for more details).

3.4.2 Results

When testing with 10 independent runs using the 80/20 split approach, the classifier’s
overall test accuracy is 99.2%, as averaged over 10 runs across all loads. The median
accuracy for each load is shown in Figure (Classifier), with the first and third

quantiles plotted as error bars. As expected, the classifier does extremely well when
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tested on similar data. With the second validation approach, when a completely new
data set is used for testing, overall test accuracy is 95.0%, as averaged over seven runs
across all loads. The median accuracy for each load is shown in Figure (Classifier),
with the first and third quantiles plotted as error bars. Clearly, the classification model

generalizes reasonably well when tested on completely independent data sets.
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Figure 3.10: Median test accuracy with error bars for Classifier 2, DNN, and the hybrid
model for first approach (80/20 split). The hybrid model and DNN curves are shifted
slightly left and right, respectively, for visibility.
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57
3.5 Power Prediction Using Regression

Deep neural networks (DNNs) are used in this work to predict the RMS currents of each
load. Neural networks are biologically inspired mathematical models which are used to
enable computers to learn from observational data. Neural networks are a network of
"neurons,” where each neuron is defined by a multi-input, single-output ”activating
function.” For example, this function could be a weighted sum of all its inputs. Each
layer of the neural network consists of multiple neurons, where each neuron takes outputs
of all the neurons of the previous layer as its input. For the first layer, the number of
inputs for each neuron is equal to the number of features. The number of neurons in
the output layer is fixed and equal to the number of outputs of the model. In this
work, we train a single neural network for each load; thus, the number of neurons in
the outer layer is one. Intermediate layers are called "hidden” layers. Usually, a neural
network is called a DNN if it has more than one hidden layer. DNNs are usually able
to form complex non-linear links between features and output and are well suited to
model complex NILM applications [42]. A detailed description of DNNs can be found
in [53].

3.5.1 Problem Formulation

Here, we have a formulation similar to those in the previous sections with Ny, loads, but
the objective is to predict fi, the RMS current consumption of the i*” load. To this end,
we adopt a two-step hybrid approach (see Figure . The first step uses Classifier 2
of the previous section to predict the on/off state of each load. As mentioned earlier,
classifier CL2; is the classifier for the i** load. The second step applies a DNN model,
DN N;, to predict the current consumption of load ¢ using the output of classifier CL2;

as well as the same feature inputs given to Classifier 2.

3.5.2 Model Tuning and Training

The same reduced synthetic data sets and two training approaches that were used for
Classifier 2 are used for regression. Similar to the tuning of RFCs, multiple DNNs are
considered in a search for a model that can accurately predict the RMS current. The

final classifier is a DNN with three hidden layers, each having 256 neurons. The input
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Figure 3.12: Hybrid classification-regression modeling approach. It can be seen that
output of the classifiers are used by the regressors to predict individual load RMS
current.

layer is chosen to have 128 neurons. The hyperparameters considered for tuning are the
dropout rate for the hidden layers and the activation functions (including its internal
parameters). We also consider removing or keeping the outliers (.001 percentile) as part
of the hyperparameters. The final hyperparameters chosen depend on the training data
and load being predicted. For example, one model has a dropout rate of 0.05, acti-

vation function as ”LeakyRelu” with a = 0.05, loss function as "mean_squared_error,”

Y 9

optimizer as "adam,” and performance metric as "mean_absolute_error.” The output
layer has a ”linear” activation function, which is usual when using DNN for regression.
Features used for regression are described in Table [3.2]

In contrast with RFCs, neural networks are very susceptible to the scaling of inputs
and outputs. Thus, we apply a ”"power transformation” to the feature matrix X to
make the input data more Gaussian. Specifically, we use a ”Yeo-Johnson” transform
[56], which supports both positive or negative data. For scaling the output y, we employ
standard scaling, which removes the mean and scales the data to unit variance. The

above methodology is implemented in Python using the keras package [57].
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3.5.3 Results

To evaluate the regression model, we present two sets of results. The first set is the test
accuracy of just the DNN model, assuming X has an accurate load on/off state input,
whereas the second set of results is for the hybrid model. where X contains predicted
state values from the classifier. To quantify the accuracy of the regression model, a test
sample is deemed predicted true if the predicted RMS value from the DNN model is
within +10% of the true RMS value. In the case when all load is OFF, a test sample is
deemed predicted true if the predicted RMS value is within +0.2A. Figure [3.13] shows
the true and predicted RMS currents from the hybrid model for Load #8 when using the
80/20 split training. These are 100 test samples (sorted by RMS) from the test data set.
Here, we can see the model predicting the RMS current very accurately across different
operating regimes (different power consumption) of this load. The overall test accuracy
of the DNN and hybrid models for this approach is 98.35% and 97.77%, respectively,
when taken as an average over 10 runs across all loads. The median accuracy for each
load is shown in Figure (DNN, hybrid model), with the first and third quantiles
plotted as error bars. Similar to Classifier 2, both the DNN and hybrid models do very
well when tested on data for which similar samples have been seen before.

With the second approach, when a completely new data set is used for testing, the
overall test accuracy of the DNN and hybrid model is 94.77% and 91.77%, respectively,
when averaged over 7 runs across all loads. The median accuracy for each load is shown
in Figure (DNN, hybrid model), with the first and third quantiles plotted as error
bars. Figure shows the true and predicted RMS current (by the hybrid model) of
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Load 8 using Data Set #3 for testing. These are 100 test samples (sorted by RMS) from
the test data set. When compared to Figure[3.13] it is clear that for this testing data set,
the model performs very well when predicting the RMS current for the main operating
conditions, but it is not very accurate for the intermediate operating conditions. Similar
to Classifier 2, the DNN model generalizes reasonably well when tested on completely
independent data sets.

For this proof-of-concept study, the NILM approach is not implemented in real time,
but the total processing time—including zero-crossing detection, feature extraction,
and classifier and regression prediction—is measured (averaged over 80,000+ cycles) to
be 10.42 ms, which is fast enough to support high-frequency load disaggregation and
certainly well within the desired 7 = 0.167 s response time. This time includes 10.37
ms for feature extraction, 0.016 ms for classification, and 0.036 ms for DNN model
prediction. This is measured on a laptop with an Intel i7 processor and Nvidia GeForce
GTX 1050 Ti GPU and assuming no data acquisition time. With a response time
10 times faster than the desired response time, however, there is sufficient room for
data acquisition and decreased performance if implemented on a slower computational

platform while still meeting the response time requirement.
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Chapter 4

Distribution Feeder-Scale Fast
Frequency Response via Optimal
Coordination of Net-load

Resources

4.1 Introduction

4.1.1 Motivation and Background

Reliable operation of a power system depends on maintaining its frequency close to its
nominal value at all times. In many grids worldwide, the displacement of conventional,
high-inertia, synchronous generation by inverter-interfaced low-zero-inertia renewable
generation has resulted in a decrease in total system inertia and a decline in frequency
response performance from historic values. These trends are especially prevalent in
isolated grids with high penetrations of renewable generation, such as Ireland /Northern
Ireland and South Australia [58], but also evident in much larger interconnections in
Europe [59] and the United States [60]. The outcome is that sudden imbalances in grid
load and generation result in faster rates of change of frequency and larger frequency
nadirs, making frequency regulation more challenging.

With continued grid modernization, new approaches to ensure sufficient frequency

61
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regulation are required. Traditionally, mitigation of frequency deviations after a sudden
loss of generation or load is driven by three primary factors: inertial response, primary
frequency response (PFR), and secondary frequency response (SFR). System operators,
such as ERCOT in Texas, USA and ENTSO-E in Europe, have conducted recent studies
(e.g., [61,59]) to examine the decreasing inertia in their systems and propose mitigation
measures. ERCOT’s study highlights faster responding reserves as a key mitigation
measure. Frameworks in different regions vary but generally include Fast Frequency
Response (FFR), a response of the resource’s full allocated capacity within 1 s or less
after the frequency crosses a predefined threshold or a dispatch signal is received. FFR
is particularly effective because it can increase the time to system frequency nadir, allow
additional time for PFR to deploy, and contribute to reducing the nadir’s magnitude
62, 63]. In [62], a study on the ERCOT system found that FFR can be up to 2.2
times more effective than PFR, depending on the system inertia. As of 2019, many
system operators have implemented or are finalizing the implementation of new FFR
ancillary service market products that are distinct from PFR (e.g., FFR under ERCOT’s
NPRRS&63 or the U.K. National Grid’s Enhanced Frequency Response Service).

Demand-side resources, including DER and deferrable load (“net-load” resources),
offer a largely untapped opportunity to provide valuable FFR services. DERs, such
as solar inverters, have traditionally not contributed to frequency response [60], but
recent work demonstrated new control methods to allow BTM solar inverters [64] and
battery inverters [65] to rapidly respond (within 75 ms) to changes in grid frequency.
At the solar power plant scale, the provision of FFR from multiple +20-MW solar
power plants was demonstrated in [63]. Note that providing FFR from a solar inverter
represents an opportunity cost; to provide increased active power output in response
to a system loss of generation, the inverter must nominally operate off of its maximum
power point (leaving “headroom” to increase the power output), forgoing some energy
production and the associated revenue. Determining the optimal amount of headroom
to leave for a given solar inverter’s operating conditions is not studied in the literature.
Here, we propose an approach to determine the optimal headroom. Deferrable load is
particularly well suited to provide FFR services because it does not incur an opportunity
cost in preparing for FFR provision, and it can respond with its full capacity as quickly

as a relay can be operated or a modern appliance’s power electronic front-end can be
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controlled. In particular, thermostatically controlled loads (TCLs) and electric vehicles
(EVs) are well-suited because of their inherent energy storage properties, which allow
them to be switched off for a short period (typically at least a few minutes) without
significantly compromising user comfort [66), [67]. TCLs represent a significant portion
of total system load: more than 48% of residential electricity consumption in the U.S.
in 2018 [68].

A key challenge to leveraging demand-side resources to provide FFR in associated
ancillary service markets is the ability to provide sufficient capacity (historically, >1-
MW capacity is required) and reliable dispatchability to a particular set point. Recently,
regulators are considering actions to remove barriers to the participation of DER aggre-
gations in ancillary service markets, including reducing minimum capacity requirements
[69]. Coordinating deferrable load and DERs as a virtual power plant (VPP) capable
of FFR is particularly attractive because it not only allows aggregations of resources
to meet market capacity participation limits but also leverages diversity, manages the
variability of load and generation to enable dispatchability, and provides a framework
to incentivize BTM participation and achieve the lowest-cost global dispatch solution.
Also, by coordinating variable DERs and load in the same framework, a better deter-

mination of optimal DER operating headroom can be made.

4.1.2 Related Work

Few existing works address the coordination of net-load resources to provide FFR given
the relatively new definition of FFR as a grid ancillary service product. For context,
we examine related work, including existing PFR response approaches, which are often
uncoordinated, as well as more general frequency response approaches that are coordi-
nated.

Using deferrable load to contribute to grid services such as peak demand reduction
and load following was explored as early as the late 1970s, though work on control-
ling loads fast enough to provide PFR has occurred only more recently. Earlier work
includes a simulation study [70] that implemented autonomous PFR via temperature-
based frequency trip points at individual refrigerators; simulation results demonstrated
how autonomous PFR from 1,000 refrigerators could, in aggregate, provide PFR sim-

ilar to that of a synchronous generator to the bulk power system. In [71], more than
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50 electric water heaters and 150 clothes dryers were controlled in one of the earlier
field demonstrations of fast (7400-ms response times), autonomous PFR from loads.
Later simulation studies identified overresponse, frequency oscillation, and loss of load
diversity as potential issues with uncoordinated load frequency response [72}, [73], [74] [75].
Strategies to mitigate potential issues in autonomous approaches have been proposed,
including using uniformly distributed response time delays [67] and implementing ran-
dom activation and re-activation frequency thresholds [76]. These uncoordinated PFR
approaches demonstrate meaningful contribution to system PFR, but they are unable
to provide dispatchability to the operator and will result in uncertainty of response and
suboptimal dispatch.

Semicoordinated load PFR approaches (e.g., [77, [78, [79] [73, [80] ), in which individual
resources respond rapidly via autonomous control while having their control parameters
periodically updated for coordination purposes, provide some improvement. Reference
[73] proposed a supervised threshold determination approach in which electric water
heaters are given updated frequency thresholds every 15 minutes and a given aggre-
gate droop characteristic is achieved. Reference [80] demonstrated a similar approach
applied to HVAC equipment with room temperature as feedback and updates made
every minute. Reference [79] developed an hourly optimization-based approach that
accounts for individual resource costs, comfort constraints, and global cost. Reference
[77] extended the approach in [79] by adding load priorities and appliance off-time con-
straints to the optimization problem. Reference [78] solved a minimum cost commitment
problem to compute the lowest cost interruptible load action to take for every given fre-
quency deviation with hourly updates. These semicoordinated PRF approaches add
increased capabilities to manage the penetration level and specific settings of resources
participating autonomously to achieve a more predictable overall PFR. However, they
all assume simplistic, slow-changing, aggregated load models and perform coordination
updates on a minute to hour basis, resulting in significant uncertainty in their dispatch
when applied to controlling real-world net-load resources that change their active power
significantly faster. Given this uncertainty, it is unlikely that such approaches will be
able to accurately achieve an aggregate power set point and are much more likely to
make sub-optimal dispatch decisions.

Online coordination approaches, in which individual resources are coordinated after
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a frequency event occurs, often have the advantage of optimal dispatch and the ability
to integrate with automatic generation control (AGC), but they are generally too slow
to meet PFR or FFR timescales. For example, in [81], eight optimization-based coordi-
nation frameworks in the literature are compared, and all have computation times of 10
s or greater. Distributed approaches are used to solve an optimal load-shedding prob-
lem [82] and an optimal load-control problem [83] on the +5-s timescale. Reference [84]
developed a distributed approach for coordinating load aggregators that integrates with
AGC for SFR. Reference [85] developed a centrally-managed solution where aggregated
loads are controlled autonomously using control parameters precoordinated based on
day-ahead estimates to provide PFR and a SFR supervisory control can be integrated
with AGC. Reference [86] demonstrated similar combined SFR and PFR capabilities
wherein resources with static droop characteristics provide PFR but then use a direct
load frequency control approach for secondary control. These combined approaches have
the advantage of fast control followed by achieving a dispatched set point on a slower
timescale, but they still have significant uncertainty and nonoptimal dispatch in their
PFR and are not fast enough for FFR. In our previous work [49], we experimentally
demonstrated optimal coordination of four loads and an inverter within a single building

for FFR within 142 ms.

4.1.3 Contribution and Organization

This chapter makes the following contributions:

1) We develop a first-of-its-kind control solution that optimally coordinates tens of thou-
sands of deferrable loads and DERs across a distribution network to provide bulk power
system-scale FFR that is dispatchable and accurate. Compared to existing frequency re-
sponse solutions, the developed control platform is able to optimally coordinate a much
larger number of net-load resources (up to 40,000 is shown), incorporate fast-changing
BTM resources, and accurately meet a specific aggregate power set point while also
achieving dispatch on a faster timescale (<500 ms) suitable for FFR.

2) We provide an analytical proof of the atomic control algorithm’s optimality and
then verify near-optimal (within 0.1%) performance of the algorithm as it is scaled to
configurations with up to 40,000 net-load resources via Monte Carlo-style simulation.

In all cases, dispatch solutions are achieved faster than traditional mixed-integer linear
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program (MILP) optimization approaches and sufficiently fast to support coordinated
FFR within 500 ms.

3) We present a solution for determining the optimal amount of headroom to oper-
ate solar inverters with to minimize opportunity cost while ensuring the FFR response
viability of a building with the inverter and deferrable loads. A practical optimal head-
room algorithm is given and analytically proven to match a bi-level optimization-based
approach.

4) The entire platform is implemented and experimentally verified using a unique power
hardware-in-the-loop (PHIL) demonstration including more than 100 powered loads and
DERs connected to a real-world distribution network model from Colorado, USA. Test
cases demonstrate the approach at multiple scales, including a full-scale demonstration
with more than 10,000 deferrable loads and DERs.

The remainder of this chapter is organized as follows: An overview of the control
platform in presented in Section a definition of the net-load unit (NLU) building
block in Section an algorithm for determining optimal NLU inverter headroom that
is developed with analytical guarantees in Section algorithms for optimal FFR, dis-
patch from a single NLU in Section and algorithms for optimal FFR dispatch from
multiple NLU and net-load groups (NLGs) that are developed and validated via simu-
lation results in Section An overview of the PHIL experiment design is presented in
Section results from a PHIL experiment representing an NLG with nine residential
buildings are shown in Section [4.8] and results from the full-scale electric distribution

system-scale PHIL experiment with coordinated FFR are given in Section

4.2 Platform for Fast Frequency Response from Optimally-

coordinated Net-load Resources

4.2.1 Solution Overview

The objective of this work is to achieve a platform that can optimally coordinate tens of
thousands of net-load resources connected in an electric distribution network as a VPP
to provide FFR to the bulk power system that is dispatchable and meets general FFR

service performance requirements (i.e., >1-MW capacity, response within 500 ms, and
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achieving set point within 1%). Asshown in Figure the developed platform leverages
a hierarchical structure that is scalable, preserves user privacy, enhances reliability,
and provides optimal coordination at selectable levels. At the lowest level, individual
DERs and flexible loads are organized into NLUs wherein a net-load unit controller
(NLUC) manages participating net-load resources. Loads are controlled through plug-
or circuit-level load sensing and control interfaces (LSCIs), which provide high-speed
(half ac cycle) power measurement and on/off actuation capabilities (see [49] for more
details). NLUs, typically representing individual buildings, are organized into NLGs,
which generally represent all the NLUs connected to a single distribution transformer
and are managed by a net-load group controller (NLGC). For global coordination, a
distribution system master controller (DSMC) can optimally dispatch all NLUs across
a distribution network. In this configuration, the computational burden of optimal
dispatch calculation is distributed across the NLGCs, allowing nearly constant dispatch

calculation times regardless of how many NLGs are participating.
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Figure 4.1: Hierarchical optimal net-load coordination for FFR, approach

4.3 Net-load Unit Definition

At its most basic level, an NLU (e.g., see the bottom of Figure contains nonde-
ferrable load with aggregate active power consumption, Pr; N4 deferrable loads with
active power consumptions, {PLd,i}f;V:le; an inverter that outputs active power, F;,,; and
active power consumption, Pg (i.e., P > 0 represents power consumed by the NLU),
from the NLU’s grid connection. Note that power consumed or supplied at each point
throughout this problem formulation are all time-varying quantities; however, in most

cases, the time dependence (t) is dropped for ease of notation. All Prq; are deferrable
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such that their final power consumption is PLd,i = ZiPrq; = (1 — x;)Pprq, after being
issued an on/off command, z; € {0,1}. That is, z; = 1 denotes that the load has been
deferred or switched off. The inverter is initially operating at power Piy,(t0) = Pinu,base
and has operating limits 0 < P, < P;'%*. Upon command, the inverter can change its
output power to Pjny = Piny pase + Pinva, Where Py, A is the inverter’s change in power
from Py, (to). The inverter’s change in power is limited: Pipyadn < Pinoa < PinvA up,
where — Py pase < Pinva,dn < 0 limits how much the inverter can decrease its power
output, and 0 < Pipya up < (P9 — Pipy base) limits how much the inverter can increase
its power output. Throughout this work, we assume Pj,yA dn = —Pino pase for simplicity
because curtailment of inverter output is generally not a significant constraint. Pj,,A up
is known as the inverter’s headroom and will be determined in real time using the algo-
rithm developed in Section [£.4l By Kirchoff’s laws, the power balance on the net-load
system is given by: Zi]\;ﬁd pLdﬁ- + P;, — Pipw = Po.

The NLU owner determines in advance of the frequency contingency event which
loads are deferrable vs. nondeferrable and also assigns a participation unit cost, ¢;, for
each deferrable load as well as the inverter (¢, ) such that the owner will be compen-
sated a total of cior = Zf‘;ﬁd zi(t) - ¢i - Prai(to) + Cinv | Pinv(t) — Pino(to)| after providing
FFR. These determinations are updated by the building manager in real time so that
any frequency event response considers the owner’s latest preferences. This simplistic
compensation scheme is meant to replicate key aspects of market participation, includ-
ing users determining if they want to participate and at what price, determining total
cost for an aggregated response action, and compensating users. Each NLU periodically
(and again immediately after receiving an event response trigger) sends its measured
Pa, {Prai}Y5, Pinw, Pwadn, and Pippaap to the NLGC. The NLGC uses this in-
formation to determine an optimal AP} = Pg(t) — Pg(to) for each NLU shortly after
an FFR event is triggered and subsequently verify the response performance of each
NLU. The NLGC will ensure that NLU’s are provided with AP{ set points within their
operating capability; that is, —(Pinva up + Zf\;ﬁd PLd,i) < APL < Py dn-
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4.4 Optimal NLU Inverter Headroom

Here, we consider the problem of determining the optimal amount of headroom, Py A up,
that a solar inverter within an NLU should maintain prior to an FFR underfrequency
response dispatch event. This issue is important in the context of the overall NLU
optimal dispatch problem (see Section because the inverter headroom is set in
advance of a dispatch event and determines what values of dispatch command AP
can be achieved by the NLU. Insufficient inverter headroom can make the single NLU
optimal dispatch problem infeasible or result in a sub-optimal dispatch solution.

To illustrate the need for headroom, consider the simple case where an NLU has
Nrpq = 2 deferrable loads, Prq(to) = [100,300]W, which are both initially on (x(t9) =
[0,0]), and one solar inverter. A grid underfrequency event occurs and shortly later the
NLU is given a dispatch command, APE = Pg(t) — Pg(to), to consume less grid power
(AP; < 0). To meet this dispatch command, the NLU must curtail load(s) and/or
modify inverter output. Controlling the on/off state of the N4 deferrable loads in the
NLU achieves 2V2d possible NLU power responses (Prqar, = {0,100,300,400}W for
this case). Unless |[APA| € Prary, a change in inverter output will be required for the
NLU’s total grid power response, APg = — 1 ¢ 2;Prq; — Pinoa, to meet the dispatch
command, AP/, exactly, which is a condition of NLU dispatch problem feasibility (see
Section . For example, if a command of APé = —125 W was given, there are two
possible solutions: (i) loads are Curtailed to 1 ‘2 Prq; = 100 W, requiring Pip,a =
25 W or (ii) loads are curtailed to _1 a:ZPLd2 = 300 W, requiring Pj,,A = —175W.
Solution (i) requires both less curtailment of load and less total change in inverter power,
resulting in a lower cost dispatch solution, but this requires the solar inverter to increase
its power output. However, this solution would not be feasible if the solar inverter is
already operating at its maximum power (Pj,, = P/'%", which is a typical goal of solar
inverters) with no headroom available. Solution (ii) is a higher cost solution, but it
does not require any upward headroom. For this example (AP% = —125W), having
ensured inverter headroom of Pj,,a up > 25 W in advance of the dispatch event would
have allowed solution (i) to be feasible and the NLU dispatch problem to achieve the
global optimal result. If insufficient inverter headroom (Pj,paup < 25 W) is available

in advance, then the NLU dispatch problem would be forced to use solution (ii), a
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less optimal result. This illustrates the needed headroom for a particular AP%. The
value of AP/ is not known in advance, however, and therefore to ensure feasibility
for any possible —(Pipyaup + Zi]\;ﬁd PLd’i) < AP} < Piyadn given to the NLU, the
optimal inverter headroom problem must consider all possible AP/. In the simple case
illustrated, the global maximum headroom required occurs for AP7 = —200 W, where

Pipyaup = 100 W is required.

4.4.1 Problem Formulation

The optimal NLU inverter headroom problem objective is to ensure sufficient head-
room, Pj,yA up, such that the optimal result of the subsequent NLU optimal dispatch
problem at any —(Pippaup + Zi]\;ﬁd PLd’i) < AP} <0 is feasible while simultaneously
minimizing PjpyA up to minimize the opportunity cost of operating the solar inverter off
of its maximum power point. This can be accomplished by solving the following bi-level

optimization problem:

= 4'1
o =nax fa (4.1)
Nrd
st — (Ppa®+ Y Preg) < AP5 <0 (4.2)
i=1
Nipa
where fo = min  |APA + Z i Prq; (4.3)
i i=1
st. 7€ {0,1}Vi (4.4)

and then setting Pjnyaup = min(a, PJ9%). Note that if o > P]'%*  then the NLU

mnv mu
will be unable to meet every possible given APf, though setting Pipoaup = Pig” will
give the NLU the greatest probability of meeting all possible APf. In this bi-level
optimization problem, the inner problem f determines the inverter headroom
required at the NLU dispatch solution for a given AP}, when utilizing the closest possible
load combination, and the outer problem f searches for the maximum inverter
headroom result across all AP/, possible for the NLU’s capacities. Here, considers
an upper limit of AP < 0 because we focus on underfrequency events where inverter

upward headroom is utilized.
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4.4.2 Solution

Here, we develop a fast algorithm that solves the optimal inverter headroom problem
(4.1)—(4.4) and without requiring a bi-level optimization solver. A simple recurrence-
based implementation is given in Algorithm [I} A proof that this algorithm achieves the

optimal result is given in Theorem 1.

Theorem 1. Let Prgs = (Pprg, <), where Prqs is an ordered version of Ppq with order
given by <. Then, the result, o, of the optimal inverter headroom problem (4.1))—(4.4])

can be obtained as o = . ma]ifc (Prds;i — Z;_:ll Prisn)/2.
i<NLq

Proof. The net-load system’s actual change in grid power consumption is APg =
— NLdac,PLd i — Pinua. To ensure problem feasibility, the following must be achieved:
APg = AP} with Piyadn < Pinoa < Pinwaup for 0 < Piyawp < (PR — Py pase)
and 0 < Py pase < Pipy”-

Consider all possible —(Pnpaup + Z i Py i) < AP < Py an for this problem.

IfFAPL < — Z  Prq, atrivial solution of x; = 1Vi and Pj,a = — leleLd i—APL
is used. Slmllarly, it AP;, >0, z; = 0V i and Pj,,a = APS. We then consider the
remaining cases where — Z{Ld Prq; < APf < 0. For convenience, let AP* = —AP,

and consider the remaining cases where 0 < AP* < ZNLO‘ Pra;:
Let Prac = (Prde,i);. de be the ordered set of all Nyq. = 2/V2d possible load combinations

from the elements of Pr4, in sequential binary order with P45 1, the smallest load, being
Npa

associated with the least significant bit. That is, Prq.; = Z Yij Pras,j and
j=1

1 if (i — 1) mod2? > 2971
Yij = .
0 otherwise

Claim 1: For any given 0 < AP* < ZNM Prq, there exists at least one 1 < j <
(Nrge — 1), such that Prge; < AP* < Prgeji1-

Thus, we can consider all cases 0 < AP* < Z * Prq; by examining every discrete
interval Prge; < AP* < Ppgejy1 for 1 < j < (Npge — 1) and considering problem
feasibility and inverter headroom requirements for any AP* in that interval.

Claim 2: Within every discrete interval Prq.; < AP* < Prgcj+1, the net-load dispatch
> Prdej+1=Prdc,j
—=cales—dal,

problem remains feasible as long as PjnpA up
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Proof: Let AP* = Prg.; + M. Within this interval, there are two possible

resulting load curtailment outcomes:

Npa
Case 1: g 2;Pr4; = Prqc; and so
i=1
AL P, P, P, P,
o o Ldc,j+1—PrLdc,j — Prgc,jr1—Prdc,;
Pinon = AP* — E TiPra; = PLdcj + —=H 55— — PLgcj = —=55—=4
i=1
Nra
Case 2: g 2iPra; = Prgcj+1 and so
i=1
L P, P, (P Prac.;)
_ _ Ldec,j+1—PLde,j _ Lde,j+1—PLde,j
Pipon = AP* — E TiPLa; = Prdcj + =55t — Prc j4+1 = —— 55—
i=1

Ppae j+1—Prac, Ppae,j+1—Prac, Ppacj+1—Pracy
Therefore, — LraeatiPraes) < p < Prdegir=Pracs) ang p, x> PodessiPreg

. . . Praciii—Praci .
We then show that increasing or decreasing AP* = Ppg.; + —H—240 will not
extend these bounds:
P p Nrpg
Case 1 (decrease): AP* = Ppg ; + —%—L90 — ¢ Here, E 2 Pra; = Prqc,; because
i=1

this will minimize PjuA up-
Nrg

Praeis1—Prac.i
Therefore, Pj,,an = AP* — ZﬂfiPLd,i = Prgc; + M —€— Prgcj
i=1

Prac,j+1—Prdc,;
- 92— €

P L, —P . P . —P . P L, —P .
Clearly, _( Lalc,1+12 Ldc.j) < de,J+12 Lde,j _ ¢ < M7 so the bounds on
Piwa are not extended for this case.
P p Npa
Case 2 (increase): AP* = Prg.; + w + ¢. Here, E 2iPra; = Prdej+1
i=1
because this will minimize Pj,,A up-
Npa p p
Therefore, Pim)A = AP* — E xiPLd,i = Pde,j —+ —de,]+12 Lde,j + € — Pde,j—l—l =
i=1

o (Pde,jHQ*Pde,j) +e

(Prdc,j+1—Prdc,;) (Prde,j+1—Prdc,j) (Prdc,j+1—Prdc,;)
— 5 < - 3 +e < s

Clearly, , so the bounds

on P;,,A are not extended for this case.

Therefore, increasing or decreasing AP* does not extend the bounds on Pj,,aA, S0

Prac,j+1—Prdc
2

Py up = 1 remains.

—(Prae.j+1—Prac.; Praeis1—Prac i
Next, we show that the bounds (Pra S ) < Pion < W on Piua
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—(Prae.js1—Prac i Praeii1—Prac. .
cannot be made narrower (e.g., ( Lo Lde) 4 < Pipon < (“lc’j*lQ—de’J)—e) with-

out causing problem infeasibility. To show this, choose AP* = Prq.; + M.

As before, there are then two possible cases:

Nra
Case 1: E 2iPrq; = Prqcj and so
i=1
Al P P P P
Pipoa = AP* — E 2 Pra; = Prge; + —2e—t4el — Prg, ; = —Rdelt—Lded
i=1
Pracj+1—Prac; + (Pracijt1—PLdc, - :
However, —£4eit—Lded o ( e Lici) _ ¢ and therefore the problem is infeasible

. —(Prae.jt1—Prac.; Prac.j+1—PrLac.;
Wlth bounds ( Ldc,j+1 de,]) + € S -Pin’UA S ( de,3+12 de,]) — €.

2
Npa
Case 2: E 2iPrq; = Prdc j+1, SO:
i=1
al P P P Praes)
. . Lde,j+1—PrLdec,j . Lde,j+1—PrLdec,;
Piwa = AP* = "2 Ppg; = Ppgej + —LAeth=bded — Ppg, . g = — bdert) o Lded)
i=1
Praeic1—Prac. i Praeis1—Prac.i .
However, _{ e Lde.s) * _{ e Ldei) | ¢ and therefore the problem is
. . . (Prae.it1—Prac. Prae.is1—Prac.
infeasible with bounds —¢ Lde i Lde.;) +e< P,a < w —€.

Prac.ji1—Prac.; Prac.js1—Prde.
Thus, we have shown that the bounds of at least —W < Pion < M
> Prac,j+1—Prde,;

—Ldegtis tLded,

on Pj,,a are required to maintain problem feasibility, and therefore P,y A up

. . Pro i —Pro. .
Claim 3: The maximum Pj,A yup,j > —22el5—Fdel

AP* < Prgejq1 forall 1 < j < (Ngg.—1), and therefore for any 0 < AP* < Zi]\iﬁd Pra,

across all discrete intervals Prq. ;j <

can be obtained using the simplified expression:

i—1
PLds,i - ZPLds,n
mazx o n=1
A up = O = max 5 (4.5)

subjectto 1 <7< Npgq

. . . . Prac.it1—PrLdc.;
. max Ldc,j+1 Ldc,
Proof: P A up Can be obtained by simply examining the Pjya upj > —F5—"

at each discrete interval j = 1... Nr4. — 1 and taking the maximum. That is:

Pracj+1 — PLdc,
mazx _ c,j+1 Ldc,j
invAup — max 92 (46)

subjectto 1<j < Npg.—1

Note that each M can be evaluated by considering the constituent loads
Prgs; for all i = 1...Np4 that change state (i.e., yi; # ¥i(j+1)) between Prg.; and

Prcj+1. Because Pprqc is in sequential binary order and Prqs is in sequential order, the
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sequence of loads changing as j increases j = 1...Np4. — 1 follows a binary pattern

wherein:

foreachi in i=1...Npq:

(Prdck+1 — Prack) = Pras,
where k=2 .m—21
for all m=1...2Nca"1

This repeating pattern has the consequence that the only unique (Prgcj+1 — Prde,;)

differences not already considered in earlier intervals (Prdc,j+1——Prde,j—c) (Where € € Z,

€e=1...(j — 1)) occur at the intervals (Prg (2i—2i-141) = Prge,2i—2i-1)) Vi =1... N4

where:

Therefore:

i—1
(PLdc,(2i—2i-141) = PrLde,2i—2-1)) =PLdsi — ZPLds,n
n=1
Vi=1...Npq
mazx _ PLdejJrl — PLdC’]’
invAup T max 2

=

max

acrossall j =1...(Npge — 1)
(Pde,(QLZi—1+1) - PLdQ(Qi,Qi—l))

invAup —

2
acrossalli =1... Npq
i—1
Prasi — > Prasn
__ pmaz _ n=1
= a = PjyA up = max 5

acrossalli =1... Npq



76

1: Require Ppq,, P/70"

2: function maxLD(lds, ldSum, n)

3:  if n == (length(lds) — 1) then

4: return lds[n] — ldSum

5. else

6: return max((lds[n] — ldSum), maxLD(lds,ldSum + lds[n],n + 1))
7. end if

8: end function

9:

10: Begin

11: Pipyaup = min(maxz LD (sorted(Prqs),0,0)/2, PT)
12: return Pi,a up

Algorithm 1: Optimal NLU inverter headroom recurrence

4.5 Optimal Fast Frequency Response from a Single Net-
load Unit

4.5.1 Dispatch Problem Formulation

Prior to an FFR dispatch event occurring, a single NLU has initial conditions of z; = 0
for all 4 (all participating deferrable loads are on) and Piu, = Pipy pase With headroom
Py up- For simplicity in this single-unit problem, resources are all considered to have
unit cost (more complex cases with varying cost are considered in Section . The
NLU is given a commanded change in grid active power consumption, APg, to follow
to provide the requested FFR. The objective of the NLU is to track an active power
consumption at its grid connection of P = Pg(to)+ A Pg, while minimizing the amount
of deferrable load that must be curtailed and the change in inverter power required. This

objective is given by:
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Nrqg

— i P 4.7

p= min ; 2 PLa (4.7)

Npa

subject to Z(l — ;) Pra; + Pr, — Pino pase
i=1 (4.8)
— invA — PC*J
PinvA,dn S PinvA S PinvA,up (49)
xiE{O,l}Vi:1...NLd (4.10)

Solving this optimization problem yields the solution (z*, Pl’fw A)- Let the feasible set
for this optimization problem be Q# := {(x, Pi,a) | (4.8)—(4.10) are met}.

4.5.2 Solution

The dispatch problem 7, with its mix of integer (e.g., x;) and real-valued
(e.g., Pinwa) decision variables, can be solved using an MILP. This approach is possibly
tractable for the single NLU dispatch problem with a modest number of decision vari-
ables; however, it is too slow to support dispatch on FFR timescales for larger problems
(e.g., dispatching 1000s of net-load resources), as shown in Section Instead, we
develop a simpler approach that obtains the same optimization result for a single NLU
(and nearly optimal for the aggregated case) but with faster performance and better
scalability.

The dispatch problem f can be simplified to a binary programming prob-
lem with relaxed constraint , followed by a single variable update, as shown in
(4.15). The advantage is that it can be solved using a dynamic program, and we show
that it can be solved faster using this method than with a standard MILP. The simplified

approach is formulated as:
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Npa
v=min » x;Pra; (4.11)
=1

Npag

subject to Z(l — i) Pra; + Pr, — Piny pase
P (4.12)

%
- PinvA,up S PG
Nrq

Z(l - xi)PLd,i + Pr, — Pinv,base
i=1 (4.13)

- Pé > Pim}A,dn

:CiE{O,l}Vi:1...NLd (4.14)
Let z¥ be the solution to this optimization problem. Finally, to complete the simplified

net-load dispatch, P,,a is set so that P is met exactly:

Nrq

il;wA = Z(l - l';'/)PLd,i - Pim},base - Pé‘ (415)
i=1
Let the feasible set for this optimization problem be Q" := {(z, Pimua) | (4.12])—(4.14])

are met}. We prove that this simplified approach yields the same optimal solution as
the optimal MILP approach in Section

4.5.3 Solution Equivalency Proof

Theorem 2. v = pu. That is, the simplified net-load dispatch problem -(4-15)
yields the same solution as the net-load dispatch optimization problem — .

Proof. When solving the optimization problem (4.7)—(4.10), a final optimal solution
(zt, Pl \) is obtained. Note that (z#, P! \) € Q*. When solving the optimization

v

problem (4.11)—(4.14]), =¥ is obtained, and then P? . is set as given in (4.15). This
invA

yields a final solution (2%, P, ). Note that (z¥, P} .)€ Q.

(3

First, we show p < v:

We will compare (z¥, P}, ) € Q" of the v problem and the feasible set Q* of the u

]

problem. To begin, consider the result of (4.15):
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Nrg

il;LvA = § (1 - xll'j)PLd,i - -va,base - PEJ
=1
N *
By " Zi:le(l - wi)PLd,z' - Pinv,base - PG < PimzA,up S0:

‘Pil:wA < PinvA,up
Equation (4.13) guarantees P/ A > PiyA dn, and therefore:

Pim)A7dn < PiI;wA < PinvA,up
This and (4.15)) satisfy (4.8)—(4.9)), therefore P? . meets all constraints of Q* placed
on Pipya-

By (IT):

xz” € {0,1}
which satisfies (4.10]), so ¥ meets all constraints of Q2 placed on z.
Therefore:
(2", Pipyn) € (4.16)
As:
Nra

po= H;:in E i Prq
i=1

subject to (a#, Pl \) € Q!

v

Because (zV, Pl ) € QF, there exists:

Nra

14
V= E z; PLd,i
=1

and because p is the minimum i]\;ﬁd x;Prq; for any x € QF, therefore:

w<v (4.17)
We now show v < u:
Examining (x*, le:w A) € O and comparing Q* to the constraint set Q" defined by
Combining with Piua < Pinpaup yields:
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Npa
Z(l - fL‘i)PLd,i - Pinv,base - Pim)A,up < PE’

=1
which matches (4.12]). Rearranging (4.8)) yields:

Npa
Z(l - xi)PLd,i - P@'m},base - ]Dim)A - Pé

i=1
which satisfies (4.13). Finally, (4.10) satisfies (4.14) directly. All constraints of Q" are
satisfied, therefore:

(‘T?’ Pi!;wA) €’
Then, from (L1T)-(L15):
Npag

xT

v = min E TiPra;
=1

subjectto (2", Pj,,A) € Q7

invA

Because (z#, P! \) € Q, there exists:

Nra
_ MP .
u= T; Ldi
=1

and because v is the minimum Zfi L i Prq,; for any o € Q¥:

v<upu (4.18)
Finally, by (I17) and (L18):
p=v
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4.6 Optimal Fast Frequency Response from Multi-building

Net-load Groups

4.6.1 Problem Formulation

Optimal coordination of net-load resources for FFR can occur for multiple buildings
within a single NLGC or, for globally optimal results, via coordination of all NLGCs
across the distribution system managed by a single DSMC. Here, we consider the more
general problem formulation: a global, distribution feeder-wide dispatch of N,;; NLGCs
for FFR. The k' NLGC coordinates N, ; NLUs and the j* NLU of the k" NLGC
has N4 ; deferrable loads, which are all active at tg. The ith deferrable load and
the inverter of the j* NLU under the k** NLGC have cost ckji > 0 and cippp; > 0,
respectively. The *" deferrable load consumes power Prq i, and the inverter produces
power Py ki = Pinvkjbase + Pinvak,j- The bounds on the change in the inverter
power allowable are constrained by the headroom given by Pj,A upk,j as an upper
bound and Pj,,A dnk; as a lower bound. The group of NLGCs, managed by a single
DSMC, is given a commanded change in total active power, APg,, that the aggregated
response of the NLUs should collectively follow to provide the requested FFR. The
objective of the coordinated NLGs is to track a total grid active power consumption
Pég = Pgy(tag) +APgy (where Pgy = iv;”f Zjvzulk Pa k,j and Pg i, j is the active power
consumed at the grid connection of the j** NLU in the k*" NLG) while minimizing the

total cost. This objective can be formalized as:
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Nujk Nrdk,j

( § ThjiChji PrLd ki
i—1

Tk, i Pinvak,j

ang k
min Z (

k=1 j=1 (4.19)
+ Cinw kg |Pim),k,j (t) - Pinv,k,j (t0)|))

nlg uk NLdk]

subject to Z (Z ( Z — 2kji) Praxji + Prk,j
J=1 =1

(4.20)
— Pinv ki j.base — PinvA,k,j)) = Pg,

Pinwndnk,j < Pinoakj < Pinoaup k.,
¥i=1...Nywk=1...Nu,

Pinovak = Pinok,j(t) — Pinwk,j(to)
Vi=1...Nyp,k=1...Nyy

xkj; € {0,1}

Vi=1...Niaps j=1...Nuk, (4.23)

(4.21)

(4.22)

k=1...Npy,
Here, P;ya,; is the determined change in inverter power for the jth NLU; Pp ; is the
aggregate nondeferrable load active power for the j** NLU; and Ppq j; is the active power
of the i*" deferrable load in the j** NLU. Solving this optimization problem yields the

solution (z*, P! ).

4.6.2 Solution

Similar to the single-NLU dispatch problem, the optimal dispatch problem f
can be solved directly using an MILP; however, even when using state-of-the-art opti-
mization solvers, solutions are not always possible for large problems because of limits
on the number of variables or max recursion depth that can be achieved. When solutions
are possible, solution times are often too slow to support dispatch on FFR timescales,
as shown in Section Thus, we develop a hierarchical approach that builds on the
simplified NLU dispatch approach of Section and distributes computation across
NLG controllers to calculate dispatch results on a timescale fast enough for FFR while
maintaining near-optimal dispatch results. This control approach can be applied within

a single NLG or for all NLGs across a distribution feeder. Methods for both scales
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are summarized in Figure [£.2l These methods extend the underlying optimal dispatch
approach developed and proven in Section and evaluate all net-load combinations
as binary variables and then use aggregate inverter flexibility (e.g., many distributed
inverters with individual costs are the same as a single large inverter with piecewise-
linear cost for dispatch purposes) to achieve the constraint of meeting the global power
set point exactly while achieving the minimum cost. The methods developed trade off
complete optimality with solution time and are cognizant of practical implementation
limitations, such as (i) only being able to compute and consider a limited number (i.e.,
2Vo) of net-load combinations in the short dispatch solution time allowed and (ii) only
communicating a smaller subset of net-load options, representing the ”best”, lowest-
cost options across a range of possible operating points, to the DSMC for final dispatch
decision to minimize network bandwidth requirements and encourage overall solution
speed.

Here, A,y is a matrix of length |Agy| = 2™ (N, = 20 was used herein), where
each row is the N,-bit binary representation of that row index, interpld(y, f(z),x)
represents a 1-D linear interpolation of function f(x) at point y, f indicates a wild
card for the two inputs to that block (i.e., the function with { should be applied to

* indicates a set point or optimal point, and AP* is the

both inputs independently), -
desired change in global net-load power consumption for the FFR event. Optimal
dispatch within a single NLGC does not involve the DSMC. At the conclusion of a
global dispatch, which involves NLGCs and the DSMC, each NLGC with id, z, is sent its
N, . corresponding dispatch rows {[APr ym, APiny ms APrpm, im, z]ﬁrz’zl}z. Each NLGC
then compares these dispatch rows with the array of net-load options it stored at the
event’s initiation and executes the appropriate load curtailments and inverter set point

changes.

4.6.3 Performance Verification

The hierarchical approach developed employs a heuristic method that can be executed
significantly faster than optimization-based approaches, trading complete optimality for
speed. Thus, it isn’t tractable to analytically prove that the hierarchical approach will
achieve the optimal dispatch result 100% of the time. Instead, we evaluate performance

using Monte Carlo-style simulation and determine distributions of probability vs. per-
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cent optimality (measured via solution cost) and probability vs. solution time. To do
so, all simulation runs solve a multi-NLU dispatch problem twice—once using the hier-
archical approach implemented in Python and again using an MILP solution deployed
on a state-of-the-art, commercial (Gurobi) mixed integer program solver. The MILP
solution provides the reference global optimal solution cost and the solution times of
both approaches are compared. Both simulation types use the same scenario inputs and
are executed on the same computer with a six-core 2.9 GHz Intel Core i9 processor. The
hierarchical approach is designed to use only one processor core (to allow for greater
portability to a variety of embedded platforms) and is implemented as such, whereas

the MILP solution is allowed to use all six processor cores.

4.6.3.1 Single Net-load Group Case

Simulations were performed for optimal FFR dispatch of a single NLG with N, = 10
NLUs; each had 4 loads and 1 inverter, for a total of 50 time-varying net-load resources
to be dispatched. More than 2 million simulation runs with deferrable load capacities
uniformly distributed in the interval Prq;; € [100, 6000] W; inverters with uniformly
distributed capacity Pj;5 € [2000,5000] W and headroom Pipua jup € [0,2000] W3
uniformly distributed NLU costs ¢;; € [2,10]; and an assigned NLG participation factor
(the percentage of the NLG’s total net grid power consumption that is dispatched)
n € (0,45]% were run. Solution optimality results in Table confirm that, on average,
the hierarchical approach achieves an optimal dispatch decision with a solution cost
very close (within 0.00034%) to the optimal, that solution cost is optimal 99.761% of

the time, that the hierarchical approach has a mean solution time of 52.2 ms, and that

there is a 99.992% probability of achieving a solution within 120 ms.

4.6.3.2 Full Feeder Case

The optimal FFR dispatch problem for a full-scale electric distribution system feeder
with a varying number of participating NLGs was simulated in 9,920 simulation runs
to evaluate the performance of the proposed hierarchical approach versus the MILP
solution and determine how their performances scaled as the number of participating
net-load resources and the total feeder participation factor varied. In the simulation,

each NLG included N, = 10 NLUs, each with 4 loads and 1 inverter participating,
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Table 4.1: Single NLG case: Summary simulation results

Number of simulation runs 2,007,890
Mean % difference in solution cost, HA vs. MILP 0.00034%
Probability of HA solution cost within 1% of optimal 99.997%
Probability of HA solution cost within 0.1% of optimal 99.912%
Probability of HA solution cost within 0.01% of optimal 99.842%
Mean solution time, HA 52.2 ms
Mean solution time, MILP 107.1 ms
Probability of HA solution time < 120 ms 99.992%
Probability of HA solution time < 100 ms 99.962%
Probability of HA solution time < 80 ms 98.935%

connected to a single distribution transformer and coordinated by an NLGC. The simu-
lations included 155 runs at each of 64 possible combinations of the number of NLGs par-
ticipating, Nyrg = [100, 200, 300, 400, 500, 600, 700, 800], and the total feeder dispatch
participation factor, n = [10, 15,20, 25, 30, 35, 40, 45]%. Each simulation run utilized
deferrable load capacities uniformly distributed in the interval Prqy ;; € [100,6000] W;
inverters with uniformly distributed capacity P79 . € [2000, 5000] W and headroom
Pinoak.jup € [0,2000] W; and uniformly distributed NLU costs cy;; € [2, 10].

Results shown in Figure demonstrate that the hierarchical approach for optimal
FFR dispatch can achieve the same optimal dispatch result with very similar (<0.5%
difference for n = [15, 20, 25, 30, 35, 40, 45]% and <1% for all cases) dispatch cost as the
optimal MILP solution for each run. Critically, the hierarchical approach can achieve
these very nearly optimal dispatch results at a much faster timescale: Figure shows
that the hierarchical approach can be consistently solved within “150 ms with low
variance regardless of the problem size, compared to the MILP solution’s up to 4-s
solution time for the largest problem size (800 transformers or 40,000 total net-load
resources). Clearly, the MILP solution’s 550-4000+ ms solution time is not fast enough
to support FFR dispatch within 500 ms, whereas the designed hierarchical approach

provides consistently fast performance to support such FFR dispatch.
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Figure 4.2: Hierarchical optimal net-load dispatch approach
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4.7 Optimal FFR Dispatch PHIL

A novel PHIL experiment platform (see Figure incorporating more than 100 pow-
ered DER and loads, a real-time simulated electric distribution system model, more
than 10,000 cosimulated net-load resources, and a hierarchical control solution deployed
on embedded hardware platforms and real communications infrastructure is developed.
This allows for the optimal FFR dispatch approach developed in Sections and to
be scaled and tested in a realistic electric distribution system simulation. This platform
is unique versus state-of-the-art PHIL experiments because it includes a large num-
ber of distributed at-power devices under test (more than 100 individually controllable,
powered devices) connected at nine different interconnection points in the simulated
distribution system model; we are unaware of any other PHIL demonstration to date
including this many powered devices and individual PHIL interconnection points. Fur-

ther detail on the components of the platform are presented in the following subsections.

4.7.1 Power Hardware Under Test
4.7.1.1 Laboratory Homes (HG1-HGZ2)

Each lab home contains four residential appliance loads that are controlled, additional
appliance loads that are uncontrolled, and one custom (“Type 4 inverter”) 2-kVA in-
verter system (see Figure . The four controlled appliance loads are connected
through load sensing and control interfaces (LSCIs), which provide high-speed mea-
surement feedback and on/off load controllability to the endDevice controller, which is
a controller with a common communications interface and generalized structure with
specific logic for the various devices controlled (i.e., load, multiload, PV inverter, battery
inverter, and PV-+batt. inverter). In HG1, a refrigerator (Whirlpool WRL767SIAMO00),
clothes washer (Whirlpool WFLISHEBUO), window air conditioner (Frigidaire
FFRE063351), and oven (Bosch HBLP651UC) are controlled; and in HG2, the con-
trolled loads are a refrigerator (GE Profile PSQS6YGY), plug-in heater (Bovado 0CZ449),
set of light bulbs (bank of 5 incandescent, 10 compact fluorescent, and 10 LED light
bulbs), and oven (Maytag MER8674). A custom 2-kVA inverter system is developed
based on a simple H-bridge topology to achieve faster response (within 1-2 AC cycles)

to AC power commands than was available via commercially-available residential invert-
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Figure 4.5: PHIL experiment platform, including control, power hardware under test,
PHIL interface, and real-time simulation components (see labels at left)

ers. The inverter DC inputs are powered by commercial photovoltaic (PV) simulators.
More detail on our LSCI and custom inverter implementations can be found in [49).
HG1 and HG2 are connected to the same 240-V point of common coupling (PCC) in

the simulated distribution network.

4.7.1.2 DER Racks (HG3-HGS)

Each DER rack (e.g., see Figure contains hardware representing three different
residential buildings: (i) a home with deferrable load and a PV string inverter (Type 1);
(ii) a home with deferrable load and 12 PV microinverters (collectively referred to as a
Type 3 inverter); and (iii) a home with deferrable load, a PV string inverter (Type 2),
and a battery energy storage system with inverter (Type 5). All inverters are commercial

off-the-shelf (COTS) residential-scale inverters with AC output ratings of 240 V, 3.8-5
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Figure 4.6: Photos of the two lab homes (HG1 and HG2) with residential appliance
loads controlled denoted. One Type 4 (custom) inverter (pictured at right inset) is used
with each HG.

kVA and are managed via Modbus TCP from their local endDevice controllers. Battery
energy storage systems are also COTS with ratings of 3.3 kW /6.4 kWh (HG3) and 5
kW/9.8 kWh (HG4-HGS8). The load in each home is represented by a set of virtual
loads (deferrable and nondeferrable) driven by real-world residential load profiles (see
Section for details). In HG3 and HG4, the output of each home’s total virtual
load is given as the command to one of six resistive load banks, resulting in physical
power consumption for each home’s load. In HG5-8, the total virtual load is given as
a command to a real-time simulated load connected at the same PCC of the simulated
distribution network as the associated physical DER rack. Each DER rack is connected
at an independent 240-V PCC (interface points P2-P7 shown in PHIL interface and
real-time simulation panels of Figure in the simulated distribution network model.

PV inverter DC inputs are powered by commercial PV simulators.

4.7.1.3 Utility-Scale PV and Battery Inverters (HG9-HG10)

HGY9 and HG10 each include one utility-scale (100-kW, three-phase) battery inverter and
one PV inverter (250-kW, three-phase) that are coordinated to track a commanded AC
power output while simultaneously maximizing the use of available input solar energy.
This coordinated action is accomplished via an integrating controller (see Figure .
Each battery inverter is powered by a 100-kW/33-kWh Lithium-ion battery rack, and

the PV inverters are powered by commercial PV simulators. Each HG is interfaced at
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Figure 4.7: Photos of equipment comprising three of the six DER racks (HG3-HGS).

an independent, three-phase PCC (P8,P9 in Figure in the simulated distribution

network model.

4.7.2 Real-Time Simulation

As shown in Figure[£.5] the real-time simulation includes an electric distribution network
model with additional building and solar device inputs implemented on a digital real-
time simulator (DRTS) as well as additional NLG models that are cosimulated in real
time on a separate computational platform. For this experiment, a 16-core Opal-RT
OP5700 is used as the DRTS and up to (20) 36-core servers are used to cosimulate
the NLGs—including their constituent load profiles, devices, and controllers—in real
time. UDP/IP communications are used to interface the two platforms for real-time

cosimulation.
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Figure 4.8: Photo of equipment comprising two utility-scale PV+battery inverter sys-
tems (HG9-HG10).

4.7.2.1 Electric Distribution Network Model

An electric distribution network model based on a real-world system with more than
2,000 customers in Colorado, USA is used as the basis for this study. The original
distribution network model is augmented with additional single-phase residential and
three-phase commercial-scale PV generation to achieve a high-penetration solar case
study, as detailed in Table [£.2] Distributed PV systems are added at each residen-
tial transformer secondary with individual capacities allocated to follow the statistical
distribution of PV system capacities currently in the field while respecting existing
transformer capacities. The network model was converted from (and validated against)
the native format provided by the electric utility to Opal RT’s ePHASORSIM [87] for-
mat to allow for real-time phasor domain power system simulation at a time step of 10
ms. The seven residential (P1-P7 in Figure and two commercial (P8,P9 in Figure
4.5) PHIL PCCs are chosen as shown in Figure to include nodes at a variety of
locations. Details on the specific device capacities and mappings are given in Table

The network model’s feeder head is connected to a stiff voltage source with source
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Table 4.2: Distribution Network Model Characteristics

Location Colorado, USA
# Customers Approximately 2,000
% Residential / % commercial load 52% / 48%
# Nodes 1,122
Peak load 7 MVA
Annual energy consumption 25,346 MWh
PV inverter capacity 8.06 MVA
Residential 4.96 MVA
Commercial /utility 3.1 MVA
Annual PV energy delivered 12,714 MWh
PV penetration (by annual energy) 50.2%
Battery inverter capacity 1.01 MW
Residential 0.02 MW
Commercial 0.99 MW

impedance matching that of the substation transformer. Further bulk power system
modeling—including the closed-loop impact of feeder power flow on bulk power system
frequency—is beyond the scope of this work. The focus of this work is to demonstrate
that tens of thousands of distributed net-load resources can be optimally coordinated
to provide an aggregate feeder head active power response of desired magnitude and
response time commensurate for FFR. The network model provides a realistic power
network configuration for interconnection of net-load resources and is used to identify
any potential distribution-level impacts of providing FFR (e.g., voltage or power flow
beyond desired operating limits). System frequency is determined using an open-loop
frequency profile. A frequency profile with an underfrequency step from 60 to 59.9 Hz
is used to more easily quantify FFR dispatched device response times. The framework
and methodology are also tested using frequency profiles based on real-world measured
data, which further corroborate their effectiveness, though these results are not reported
here. All NLU controllers, controlled net-load resources, and power hardware under test
(HUT) are frequency dependent in this work, whereas the line, load, and transformer
models within the distribution network model are frequency independent (a common

assumption that doesn’t adversely affect the results shown here).
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4.7.2.2 Simulated Devices and NLUs

The simulated PV inverter, battery inverter, and load devices in the real-time simula-
tion (both in the DRTS and cosimulated models) use constant power injection models
fed by solar irradiance and load profile data. All load and uncontrolled inverter device
models are frequency independent in this work. Commercial and nondeferrable residen-
tial load profiles are determined using load allocation techniques based on transformer
capacities and time-series feeder head power data provided by the electric utility. To
model realistic deferrable residential loads, 1-Hz power readings from real homes in the
Reference Energy Disaggregation Data set (REDD) [88] are used. This data set pro-
vides load data at the load circuit level that is time-correlated, driven by realistic user
interaction, and at a high enough resolution (1 Hz) to represent fast load transitions as
well as longer timescale characteristic profiles. From the REDD, we sample sets of four
appliance (e.g., electric heat, dishwasher, water heater, and fridge in one home) loads
in five different homes during the same 1-hour period (18:00-19:00) from each day in
spring to obtain more than 1,000 sets of (4) time-correlated plug loads. The specific
load profiles for the four deferrable loads within a given NLU are selected at random
from the 1,000 sets of sampled plug load data, and then a uniformly distributed time
offset [-30 min, 30 min]| is applied to each profile to maintain appropriate load diversity.
Solar irradiance data from the same geographic location as the real-world distribution

network and at the same time of day and season as the load data are used.

4.7.3 PHIL Interface

The PHIL interface connects the power HUT in HG1-HG10 (see Figure in a closed
loop to the real-time simulated distribution network at N; = 9 different PCCs (P1-P9).
For P1, two phases of a three-phase, 45-kVA power amplifier (Ametek MX45) are used
to obtain a split-phase 240-V output. For P2-P7, two three-phase power amplifiers
are used (one MX45 and one 90-kVA Ametek RS90); each phase of these three-phase
power amplifiers is controlled independently and interconnected through a transformer
to derive an independent, split-phase 240-V output. Finally, P8-P9 are three-phase
PCCs driven by separate 270-kVA three-phase power amplifiers (Ametek RS270) with
independent phase control. All five power amplifiers have a -3dB bandwidth of approx-
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imately 1,950 Hz. Thirteen sets of voltage (LEM DVL series, 15-kHz bandwidth) and
current (LEM LF series, 100-kHz bandwidth) transducers at each PCC phase output
(i.e., after power amplifier and, if applicable, the transformer interface) are used to
measure instantaneous voltage and current for feedback.

In the PHIL interconnection forward path, root mean square (RMS) voltage, V7,
measured at each PCC in the simulated network model and the modeled system fre-
quency, f*, are used as references to the power amplifiers. A simple proportional-
integral control-based voltage compensator drives the measured voltage, Vj, at each
physical PCC’s output terminals to follow V*, ensuring that the HUT experiences the
same voltage as in the network model at that point. The final voltage reference, Vj/*,
and frequency reference, f*, are communicated digitally to each power amplifier. In the
PHIL interconnection return path, instantaneous voltage and current measurements at
each physical PCC’s output terminals are connected to the DRTS’s analog-to-digital
converter, scaled, and then used to calculate the corresponding active and reactive
power for injection into the distribution network model. The PHIL interfacing model
is executed at a time step of 200 us with communication to the power amplifiers and
distribution network model every 10 ms (the time step of the phasor-domain network

simulation).

4.7.4 Hierarchical Control Platform

As shown in Figure four levels of control are employed in the hierarchical control
platform. The software for this control platform is developed in Python and designed to
be deployable in a variety of embedded platforms, from low-cost single-board computers
(SBCs) to high-performance servers. At the device layer, an endDevice controller in-
terfaces one or more net-load resources within an NLU to the NLU controller (NLUC).
The endDevice controller relays device RMS power measurements and operating lim-
its to the NLUC and translates NLUC dispatch signals into device commands. In the
experiment configuration of Figure the four deferrable loads within HG1 have in-
dividual endDevice controllers implemented on Raspberry Pi 3B+ SBCs [89] that also
function as the LSCI controller and provide measurements to the NLUC every 50 ms.
In HG2, a multiload endDevice controller on a single Raspberry Pi 3B+ manages the
four deferrable loads through a circuit-level LSCI. For HG3-HG10, the 50 endDevice
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controllers, as well as the associated 25 NLUCs and 3 NLG controllers (NLGCs), are
deployed on a single 12-core Linux server. The inverter endDevice controllers interface
with their physical inverters via Modbus TCP.

At the second layer of control, NLUCs gather measurements from each connected
endDevice and maintain a table of assigned device IDs, measurements, capacities, and
user-assigned costs that is updated each time a new measurement is received. The NLU
periodically (every 100 ms) publishes this table in a standard format to the NLGC,
and also translates NLGC dispatch commands and routes them to the appropriate end-
Device. Each NLUC and NLGC hosts a local publish/subscribe communication bus
(implemented using Zero MQ [90] over TCP /IP) to communicate with their endDevices
and child NLUs, respectively. This communication architecture—in which controllers
can communicate only one layer up or down—preserves privacy (e.g., NLGs cannot
directly address endDevices and do not have knowledge of specific devices) and en-
ables specific communications protocols or security measures to be implemented at each
layer as needed. Building owners interact with the NLUC by setting unit costs and
enabling/disabling dispatch for each NLU device.

At the third layer of control, NLGCs gather device status tables from each con-
nected NLU and participate in optimal dispatch calculation. If operating in single NLG
dispatch mode, NLGCs calculate an optimal dispatch for only the devices within their
NLG using Mthd. 1-3 described in Section If operating in global dispatch mode,
NLGs calculate the best net-load response options for their NLG using Mthd. 1 and
Mthd. 4 (described in Section , and this information is sent to the Distribution Sys-
tem Master Controller (DSMC) to support calculation of a globally-optimal dispatch
solution. After optimal dispatch decisions have been made, the NLGC sends these
commands to each NLUC for execution within each NLU. The DSMC and all NLGCs
communicate through a communications relay that hosts a publish/subscribe communi-
cations bus. This architecture removes the need for the DSMC or NLGCs to keep track
of device addresses. Instead, each controller simply addresses the relay, which routes all
communications between participating controllers.

At the fourth layer of control, the DSMC receives measurements of NLG net-load
resources periodically (every 200 ms), and, on command, receives each NLGC’s best
net-load response options. The DSMC implements Mthd. 5 described in Section to
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rapidly calculate the globally-optimal dispatch decision and then distributes dispatch
commands to each NLGC. More specifics on the FFR optimal dispatch algorithm and
its performance are given in Section [4.5. The controllers for all four layers of the

cosimulated NLGs are deployed on up to (20) 36-core linux servers.

4.8 Single Net-load Group Experiment Results

4.8.1 Scenario

The aim of this scenario is to experimentally validate the response time of the FFR op-
timal dispatch solution when operating in single NLG dispatch mode and to highlight
the performance and benefit of the NLU inverter optimal power point approach devel-
oped in Section A single NLG with nine NLUs (NLU1-9 as described in Table ,
representing nine residential buildings with a total of 45 controlled net-load resources,
is used as the basis for this scenario. Scenario data inputs include real-world appliance
load profiles (as described in Section as well as a variable solar irradiance profile
(see Figure . The physical appliance loads in NLU1-NLU2 are perturbed with user
action throughout each trial. Multiple trials of the same scenario, but with different
frequency event times and NLG participation factors, are conducted to demonstrate the
performance under a variety of starting conditions. For all trials, the FFR dispatch
event is initiated using an underfrequency event profile with a 60- to 59.9-Hz step. The
NLU1 inverter is configured to monitor system frequency and to send a trigger to the
NLGC to start its dispatch sequence whenever frequency declines to less than 59.92 Hz.
NLUG6 is configured to operate its inverter in optimal MPP tracking mode. That is, the
inverter is operated with sufficient headroom to ensure the NLU is capable of providing
an FFR event dispatch of any percentage of its controlled net-load capacity at all times,
while minimizing the amount of headroom required (see Section for further details
on the algorithm). To do so, NLGC #6 implements Algorithm |1 from Section m
uses the latest load measurements available, and sends power commands to the inverter
every 1 s. The inverters of NLU1-5 and NLU7-8 are operated with a fixed headroom
of 20%.
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4.8.2 Results

4.8.2.1 Summary

Summary results are shown in Table It can be seen that the hierarchical approach
was able to achieve the same global optimal dispatch solution as the mixed-integer
linear program (MILP) solution in 23-56% less time. Global optimum dispatch results
for comparison were obtained by running the MILP solution for the same set of net-
load measurements and costs as were recorded by the hierarchical approach during its
dispatch. Complete closed-loop responses, from system frequency change to all loads and
inverters actuated, were achieved within 247 ms for all trials, well within the targeted
500 ms for FFR.

Table 4.3: Single NLG Experiment Results

Trial # 1 2 3 4
n 0.4 0.37 0.45 0.4
Dispatched 11,298 5,724 13,486 9,553
AP* (W) Achieved (measured) 11,257 5,762 13,539 9,510
% diff. -0.36% 0.67%  0.39% -0.45%
Hierarchical Approach (HA) 24,108 10,710 24,455 16,517
Cost MILP solution 24,108 10,710 24,455 16,517
% diff. 0% 0% 0% 0%
Solution HA 88 90 79 85
Time (ms) MILP 202 117 146 116
% diff. -56.4% -23.2% -45.8% -26.9%
. Detect Af 55 57 64 63
?i‘?n S’Olumn Dispatch alg. 88 90 79 85
Breakdown Misc[T] 6 19 13 37
(ms) Initial response 149 166 156 185
Complete response 225 208 231 247

4.8.2.2 Single NLU Optimal MPP Tracking

Here, detailed results are presented from Trial #2 and Trial #4 to highlight NLU opti-
mal MPP tracking functionality. During both trials, two NLUs—NLUG6 using optimal

!Time for NLGC to send dispatch commands, communications delays, local controller processing
time, and local device actuation.
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MPP tracking mode and NLU9 using regular MPP tracking mode—with identical equip-
ment ratings, load profiles, and irradiance profile were run simultaneously. Figure
shows simulation (expected operation, as predicted by a simulation using the same solar
irradiance and load profile inputs) and experimental results for the two NLUs during
Trial #2. It was verified that the NLU inverter operating in optimal MPP tracking
mode operated off of the maximum power profile in proportion to the real-time calcu-
lated headroom, « (i.e., the “optMPP-meas” trace in Figure follows the simulated
“optMPP-Sim” trace, which is the difference between “reg-Meas” and «). Measured
operation matches the expected operation except at low power values, where the mea-
sured inverter maintains a minimum power of 300 W to avoid going into standby mode.

Trial #2 did involve an FFR dispatch event, though neither NLU was dispatched.
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Figure 4.9: Trial #2 optMPP results: (top) Power output for inverter in optimal MPP
tracking mode (“opt MPP”) versus regular mpp tracking mode (“reg”). Measured exper-
imental data (“Meas”) and predicted simulation results (“sim”) are compared. (middle)
The real-time calculated a. (bottom) Load profiles for the five NLU loads.

In Trial #4, NLU6 is dispatched near ¢ = 6.1 min by —1313 W, or 25.9% of its pre-
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event net-load consumption, as shown in Table [£.4] The NLUG6 dispatch set point was
achieved entirely by the inverter. Had the NLUG inverter been operating in regular MPP
tracking mode, the NLU would be limited to responding with a few discrete options.
E.g., for n = 25.9%, the two nearest discrete options would have been either 2.7% or
37.8% of the NLU’s net-load power. This demonstrates that the optimal MPP tracking
strategy was effective for ensuring the NLU could be dispatched at any percentage of its
net-load consumption. Detailed results for NLU6 and NLU9 operation during Trial #4
are shown in Figure Note that after the inverter is dispatched near ¢ = 6.1 min,
its output remains fixed at the minimum of the dispatched set point or the maximum

available solar power.
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Figure 4.10: Trial #4 optMPP results

4.8.2.3 NLG Optimal FFR Dispatch

Measured RMS power results showing the operation of all NLUs and their constituent
inverters and loads throughout Trial #4 are shown in Figure and summary results
are given in Table A dispatch event with participation factor 7 = 0.4 is completed,



Table 4.4: NLU6 Dispatch Scenarios

Load Capacity (W) Under Mode
Opt. MPP Reg. MPP
Cost | Before After | Before After #1 After #2
Inverter 4 -566 -1879 | -1879 -1879 -1879
Loadl 3 4110 4110 4110 4110 4110
Load2 4 0 0 0 0 0
Load3 5 102 102 102 0 102
Load4 6 0 0 0 0 0
Load5 7 1420 1420 1420 1420 0
Net 5066 3753 3753 3651 2333
a 1294
Q 1313 0
AP -1313 -102 -1420
n 0.259 0.027 0.378
Total 5252 510 9940
cost

101

and assets in NLU1 (three loads and inverter), NLU2 (three loads and inverter), and
NLUG6 (inverter only) are dispatched to achieve a total NLG dispatch of AP,

= 9510

W. Instantaneous current and voltage waveforms of NLU1 and NLU2 assets close to the

instant of the dispatch event are shown in Figure This plot confirms that initial

response is seen approximately 185 ms after a step change in the system frequency. These

results experimentally validate that an NLG of nine NLUs can be optimally dispatched

to provide FFR within 247 ms and while matching the global optimum dispatch result.
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CON?”), the total load current of NLU1 (“HM3”), and the total load current of NLU2
(“HM2").



104
4.9 Full Distribution Feeder Experiment Results

4.9.1 Scenario

This scenario experimentally validates the response time of the FFR optimal dispatch
solution when operating in global dispatch mode with increasing numbers of NLGs
controlled. The full distribution network configuration described in Section and
detailed in Table is used for this scenario. As before, scenario data inputs include
real-world appliance load profiles as well as a variable solar irradiance profile, and the
physical appliance loads in NLU1-NLU2 are perturbed with user action throughout
each trial. Multiple trials of the same scenario, but with different frequency event
times, numbers of NLGs being controlled, and total feeder response magnitude are
conducted. For all trials, the FFR dispatch event is initiated using an underfrequency
event profile with a 60- to 59.9-Hz step. The NLUI1 inverter is configured to monitor
system frequency and to send a trigger to the DSMC to start its dispatch sequence
whenever the frequency declines to less than 59.92 Hz. All NLU inverters are operated

with a fixed headroom of 20% for this scenario.

4.9.2 Results
4.9.2.1 Summary

Summary results for the full-scale experiments are shown in Table The hierarchical
approach was able to achieve nearly the same (within 0.2%) global optimal dispatch
solution as the MILP solution and does so in 41-83% less time. Total response time
is crucial as the problem size (i.e., N,;4) grows and should remain less than 500 ms to
show viability for providing FFR. The results in Table demonstrate that the hier-
archical approach developed here has a nearly constant dispatch solution time, whereas
the MILP approach’s solution time grows significantly with problem size. In particular,
the MILP approach solution time for Trial #3 and Trial #4 is too long to be able to

support FFR requirements, whereas the hierarchical approach is suitably fast. These

2 Appliance (App) , virtual loads with load bank output (VLB), and virtual loads with simulated
output (V) are used.

3Groups of 12 microinverters are individually controlled, but they have a combined capacity as listed.

4 Pr refers to an inverter capacity chosen at random to follow the statistical distribution of PV system
capacities already in the field.
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Table 4.5: Experiment Configuration Summary

Inverters Load | Total Controllable Devices
Type Capacity | Type? Physical Virtual
PHIL (kW)

NLG NLUNode HG Phys. Sim. PV Batt.Load LB | Inv. Load
1 1 1 1 | T4 2 2 | App |1 - 4 - | - —
1 2 1 2 T1 2 2 App | 1 - 4 - - -
1 3-8 2-7 3-8 T1 3 3 | VLB | 6 - - 6 - 24
1 9 - - A% - 3 V - - - - 1 4
1 10 3 4 T2 3.6 3.6 A\ 1 - - - - 4
2 11-14 4-7 58 T2 3.6 3.6 A\ 4 - - - - 16
2 1520 2-7 3-8 T5 3 3 \Y - 6 - - - 24
3 212627 38| T3 38 38| Vv |78 - - -] - 24
3 2730 - - v - PV |- - - -] 4 16
4 31 8 9 T6 90 900 - 1 1 - - - -

4 32 9 10 T6 90 90 - 1 1 - - - -
5-26 10 ea. - - A% - Pr A% - - - - | 220 880
27-114 10 ea. - - A% - Pr V - - - - | 880 3,520
11522410 ea. - - A% - Pr A% - - - - 11,100 4,400

Total Device Counts 87 8 8 6 2,2058,912

dispatch solution time results confirm the conclusions of the simulation results compar-
ing the two approaches in Section The hierarchical approach’s dispatch solution
times are nearly independent of problem size; however, note that the “Total gather all
NL response options” and “Misc.” times do increase some with problem size. This is
a consequence of the DSMC needing to receive, process, and send out results from/to
more NLGCs. The implementation of the DSMC used here completes the tasks of re-
ceiving data and sending out dispatch commands in a single thread (in series); however,
the implementation can be upgraded to parallelize these tasks, which will allow the
implementation to continue scaling as expected to upwards of N,,;, = 800. The impor-
tant result here is that the key parts of the dispatch solution—“Dispatch solution time”
and “Get local NL response options (max)”—remain nearly constant despite greatly
increasing problem size, demonstrating that the underlying algorithmic implementation
is sound. For the largest problem tested, a case with N,,;, = 224 that represents more
than 10,000 net-load resources to be dispatched, the hierarchical approach is able to

compute the entire dispatch and achieve output response from hardware within 500 ms.
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Trial # 1 2 3 4
i 0.05 0.13 0.20 0.25
Nyig 26 26 114 224
Dispatched - Total 172,359 482,646 854,693 1,034,529
AP (W) Dispatched - Com. - 383,130 402,270 391,231
Achieved (measured) 172,090 478,850 853,922 1,030,202
% diff. -0.26% -0.79% -0.09% -0.42%
Hierarchical Approach (HA) 597,417 1,053,503 1,742,412 2,858,176
Cost MILP solution 597,218 1,051,374 1,740,908 2,857,474
% diff. 0.03% 0.20%  0.09%  0.02%
Dispatch HA 187 197 195 205
Solution MILP 319 355 543 1,206
Time % diff. -41%  -45% -64% -83%
(ms) Detect Af 39 41 24 21
HA Get local NL options (avg) 132 113 125 118
Solution Get local NL options (max) 149 147 151 163
g:::aek_ Total gaths;t?(l)lnliﬂL response 205 914 959 983
down Central dispatch alg. 38 50 44 42
(ms) Misc ] 52 46 61 79
Total response - fastest hardware 334 351 381 425
Total response - fastest COTS 389 404 1499 463
hardware
4.9.2.2 Distribution Feeder-Scale Optimal FFR Dispatch
Detailed results for the FFR dispatch of Trial #4 are presented here. Figure 4.13

shows that the majority of inverters in the experiment respond within 500 ms of the

frequency event occurring. A key exception are the Type 3 inverters, which all respond

slower than 500 ms and with some response time variation. This demonstrates the

reality of managing a variety of device types in the field; some existing devices might

not be fast enough to participate in FFR without further firmware upgrades.

Note

that the active power responses shown in Figure are based on RMS values that

5Total time required to send out request for NL options, wait for responses, receive all responses,

and concatenate them together.

5Time for send /receive dispatch commands and communications delays at central+local controllers,

local controller processing, and local device actuation.
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are calculated using a rolling window of multiple cycles. This means that the initial
response times (i.e., when the slope of the trace changes) indicated are accurate, but
the time to ramp up might be delayed versus reality. Thus, instantaneous current
waveform measurements of selected inverters (one of each type) and the appliance loads
are presented in Figure to confirm total response times. As shown, the appliance
loads are all deferred quickly and the custom-designed Type 4 inverter also responds
rapidly. All other inverters, with the exception of the Type 3 inverters, begin responding
within 500 ms and generally ramp quickly. Figure shows additional results from a
sampling of other NLGs which confirms that substation power ramps quickly and that
the desired dispatch target is met within “500 ms. The bottom graph of Figure
shows that this rapid provision of FFR does have a small effect on voltages across the
distribution feeder, though not enough to cause any deviations anywhere close to ANSI
C84.1 [91] + 5% limits, especially for this relatively-stiff feeder.
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Figure 4.13: Full feeder results: RMS active power response for the more than 27

different hardware inverters in NLU1-NLU32
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Chapter 5

Conclusion and Discussion

This thesis makes several contributions towards implementing innovative solutions for
integrating and controlling net-load resources in modern grids. A novel control solution
for optimally coordinating thousands of net-load resources across a power distribution
network at very fast timescales is developed and experimentally verified. We further
the practical value of this coordination solution by innovating solutions to prove such
complex coordination solutions prior to field deployment and develop methods to achieve
cost-effective, high-speed, inference capabilities in buildings to support this solution in
practical implementations.

In Chapter 2, we developed a novel approach for the optimal design of PHIL inter-
faces and showed how to apply this generalized method to a PHIL simulation case study
involving a 100-kVA battery inverter. We demonstrated that this optimal design ap-
proach can simplify the process of developing high-accuracy PHIL interfaces—whereas
common approaches involve multiple steps of manual compensation and stabilization
design—Dby using a modern control design framework, specifying performance bounds,
and then automatically synthesizing an optimal controller. This considerably simpli-
fies the design of a stabilizing PHIL interface compensator by removing the need to
iterate over controllers and allowing explicit definition of accuracy objectives, rather
than leaving performance to subjective measures. In the case study, the bandwidth
and accuracy of the PHIL simulation results were compared when using the optimal
PHIL interface compensation design versus a commonly used interface design approach,

and significant performance improvements were shown for the optimal approach. We
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also introduced a practical method and metrics for verifying the accuracy of the PHIL
simulation results that provides a quantitative measure of how accurate a particular
simulation result is without relying on relative comparisons to potentially inaccurate
models or previous simulation results. This accuracy evaluation method provides a
valuable means for PHIL practitioners and researchers to easily identify the absolute
accuracy of a particular simulation and compare results from two different simulations
on a common basis.

Chapter 3 developed a novel hybrid classification-regression approach for high- fre-
quency, real-time, multiclass NILM. This method was validated using a test bed with
eight residential appliances, and it was shown to have high accuracy, good scaling
and generalization properties, and sufficient response time to support building grid-
interactive control at fast timescales (e.g., within 10 ac cycles) relevant to the provision
of grid frequency support services. With minimal additional equipment and cost, the
solution developed provides high-speed monitoring capabilities to better measure build-
ing performance and understand load usage patterns, including on/off state along with
operating power levels, while further enabling smart buildings to support a modernized
grid.

In Chapter 4, we developed a first-of-its-kind hierarchical control solution that can
optimally coordinate tens of thousands of heterogeneous, fast-changing DERs and flex-
ible loads across an electric distribution network to provide FFR to the bulk power
system that meets the general FFR service performance requirements. A method for
operating solar inverters with the optimal amount of headroom to minimize opportunity
cost while ensuring FFR viability of an NLU was also presented. Practical algorithms
for achieving optimal FFR dispatch at multiple scales were developed, their optimality
proven, and their speed shown to be faster than state-of-the-art approaches. These sim-
ulation results provide validation that coordination of BTM resources in distribution
networks can be achieved rapidly enough and on a sufficiently large scale to provide valu-
able FFR services to the bulk power system. The entire platform is implemented and
experimentally verified on a large-scale PHIL platform with a real-world distribution
system model and more than 100 at-power DERs. Although additional implementa-
tion work to achieve robust, large-scale field deployments and further development of

regulatory and market structures will be needed to allow full adoption of this scheme,
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this work provides a first-of-its-kind experimental demonstration that this approach is

viable.
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