ABSTRACT

XIE, FUHONG. Microgrid Modeling and Control: from the Softwamethe-loop to the Hardware
in-the-loop. (Under the direction of Dr. Ning Lu).

The increasing penetration of distributed energy resources (DERs) makes power grid
operation more flexible, but at the same time more complex. To access the control flexibility of
DERs from different levels, it is critical to aggregate them from the singiealwel up to the
transmission system level. Therefore;stmulation of transmission systems, distribution grids,
microgrids, andER systems becomes critical in power system planning and operation studies.
Moreover, becauseconducting tests and expeemis in field for developing and testing new
technologies is not only prohibitively expensive but also risky because of the lack of experiences
and possible design flawgherefore, in recent years, many research efforts have been devoted to
the developmerof high fidelity, realtime hardwarein-the-loop (HIL) test systems for developing
and testing new controllers and studying the interactimmnsnicrogrids andERSs.

In this dissertation, propose a csimulation framework for simulating the power syst
from the transmission networks to the DER device systems. Different control schemes can be
tested and evaluated at the same time with actual or simulated communication links.

A novel battery model parameterization method using actual field measurameknt
manufacturer datasheet for Hilasedapplicationdgs presented in Chapter R is critical that real
time HIL models can accurately reproduce field test results so that tests can be conducted on HIL
testbeds instead of in the fiel@herefore,| propase a globalocal searching enhanced genetic
algorithm (GL-SEGA)for model parameterizatio®y applying the generalized oppositibased
learning mechanism, GEEGA can efficiently explore the global solution space. By using the

trustregionreflective méhod to perform the local search, the-SEGA can improve the accuracy



and convergence in its local exploitations. Field measurements and manufactory datasheets are
used to test and validate the accuracy and robustness of {8&GA algorithm.

Chapter 3ntroduces the design of a mobile energy management uritMM) for off-
grid mini-microgrids A datadriven loadforecasting algorithm is developed for energy
consumption predictiorl. then formulate a miamicrogrid optimal energy management (OEM)
problemwhose objective is to maximize the user comfort respecting to the system constraints and
duration requirement. A novel power ebpsed scheduling algorithm is proposed évaitively
solve the OEM problem

The modeling framework of arasynchronous, redime cosimulation platform for
modeling theinteractions between microgrids and power distribution sysienmsoposed in
Chapter 4 Components of microgrgdand distribution feedes are simulated on the OPART
eMEGASIMandthe ePHASORSIMo thatinverterdynamics antbad transients can be modeled.

A MATLAB -based microgrid controllevill interface controllable microgrid components through
the Modbus communication. This €mulation framework allowdifferent microgrid controller
logic to be developed drtested omHIL testbed considering both the invertevel transient and
the dynamic response of loads and utility equipment.

Chapter Spresents alIL based modeling approach for simulating impacts of unreliable
communication on the performance of centralizedvaitcontrol and for developing an encoding
method to mitigate the impacts. Communication connections between a centralizedr volt
controlle (modeled externally to the HIL testbed) and smart inverters are built by implementing
Modbus links and the Long Term Evolution network. On thisicaulation platform, an enhanced,
augmented Lagrangian multiplier based encoded data recovery (EAMR) aborithm for

mitigating the impact of unreliable communication is developed and validated.
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CHAPTER 1. INTRODUCTION

Due to the technology development and environment protection, some distributed energy
resources (DE§, such as internal combustion (IC) engines, gas turbimésro-turbines
photovoltaic(PV) systembattery storage systermnd windpower [1], have emerged within the
distribution system. However, application of individual distributed generators can cause as many
problems as it may solve. A better way to realized¢merging potential of distributed generation
and associated | oads i s Aecording toghg 5.6.dDepartmant df e d 0 ¢
Energy Microgrid Exchange Group, the following criteria defines a micr¢g}id

AA micr ogr i dntericadneced pad® ang diswibuted energy resources within
clearly defined electrical boundaries that acts as a single controllable entity with respect to the
grid. A microgrid can connect and disconnect from the grid to enable it to operate in beth grid
connected orislantho d e . 0

Most DERs that can be installed in a microgrid are not suitable for directly use, it is
necessary to conduct field experiments to benchmark both the -stedelyoperation and the
dynamic response characteristics of a DER uade&ide variety of system operating conditions.
However, conducting largecale, longduration experiments in a testing facility or in the field is
not only prohibitively expensive but also risky because of the lack of operational experience and
possible dsign flaws. Reduction of field test cost and safety considerations make the development
of high-fidelity DER models an attractive solution.

Microgrid is intended to operate in the following two different operating conditions:
normal interconnected mode and emergency mode (islanded mode) [3]. In toergyratted
mode, the microgrid adjusts power balance of supply and demand by purchasindgrpowée

main grid or selling power to the main grid to maximize operational benefits. In the islanded mode,



the microgrid is separated from the upstream distribution grid, and aims to keep a reliable power
supply to customers using DER bids. Thus, ausblmicrogrid control strategy should take into
account the comprehensive aspects of energy management, such as difference between grid
connected mode and staalbne mode.

Moreoverwhen the penetration &ERs andnicrogrids increases, the interactiorvaeen
microgrids and the main grids are becoming critical to the reliable operation of the main grid. This
is because the switching transient of many small DERs and microgrid control systems may start to
affect the main grid operation, causing stabilitd agliability issuesA co-simulation framework
is desired so that the interaction between different power electronic devices and power systems
can be assessed.

The state of art for each work will be introduced in the following part respectively,
demonstrang what methodologies are in the literature and what approaches will be proposed in my

report for the Preliminary examination

Microgrid structure and Energy storage modellngt;

modeling

A 4

Model parameterization|

management

Increasing penetration o
DERs and microgrid

PHIL co-simulation Platform|

Microgrid HIL simulation
and implementation

Microgrid ener
— 2 2/ —>| Islanded mode |

Volt-var control testbed |

Unreliable communication Communication link modelind
modeling and mitigation

Mitigation method |

Figure 1.1. Outline ofthe dissertation
1.1 Microgrid Modeling and Parameterization
A high-fidelity microgrid testbed allowsmicrogrid control software to be tested and

validated in laboratory environments for different operating conditions. Therefores ireplort



we focus on discussinipe modéng of battery energy storage systems (BESB&)the model
parameterization from factory datasheets and validated using field measgrement

There are two critical steps for developing a Hiiglelity BESS model: the selection of a
BESS model that can thfully reproduce main battery operation characteristics and the battery
model parameterizatiomethod using measurements collected in benchmark tests representing
different operating conditions.

In the literature, three battery modeling approaches wepoped: the computational fluid
dynamics model (CFDM)Y]-[6], the equivalent circuit model (ECMY]-[12], and the empirical
model (EM) [L3]-[14]. CFDM is highly accurate but its computational time is often times too long
to meet reatime simulatiorrequirements. EM is computationally efficient but its accuracy is low.
ECM balances the speed and accuracy requirement so it is widely used in HIL applid&fions [

Thus, in this paper, we use the ECM as the battery modeling approach.

Tablel.1. Different Approach for Battery Modeling

. . . ) Battery Model  Computation
Literature Modeling Consideration Approach o
Type Accuracy  Efficiency

Electrochemical kinetics, current distributio Fuel

5
g hydrodynamics, anthulticomponent transport.  cells )
o CFDM High Low
[6] Thermal management. Li-ion
[7] Thermatelectrochemical coupled. Nickel
(81,191, _ : o .
Nominal capacity, openircuit voltage. Battery Li-ion )
[10] . Relatively .
components are function of battery temperat ECM ] High
[11],[22], Lead high
andstateof-charge. )
[13] acid
[14],[15] Electrothermal andging effect. Li-ion EM Midian High

Battery parameter estimation methods can be divided into two categories: the key operation

points (KOP) based methods and the tseees data (TSD) based methods.



The KORbased methods use the nominal data (e.g., voltage and current measurements)
provided by manufacturers or collected in field tes#§]{[17]. For example, openircuit voltage,
nominal discharging current, and sRhoircuit resistance is normally provided in the datasheets
provided by the battery manufacturer. The Kdsed method is aratghtforward approach to
develop a generic battery model. However, because of thdingamity inherent in battery
operation, the KORlerived model produces results that are accurate only within a small region
around the KOPs. Moreover, the KdRsed métods are susceptible to measurement noises and
errors, making the robustness of the kkdzed methods poordjL

The TSDbased methods optimize overall tiwperies errors between modeling results and
field measurementslP]-[21]. Thus, the TSEbased methds can track field measurements with
greater accuracy in a wider range of operating conditions than thebl€#el methods. The TSD
based methods are also more robust because embedded noises in the field measurement have been

accounted for in the timseres data.

Tablel.2. Battery Model Parameterization Method

. Battery Model Computation
Literature Model Data Approach o
Type Accuracy  Efficiency
[16],[17] ] ] Li-ion o Relatively
Battery discharging data from datasheet. ) KOP Midian )
[18] Lead acid high
[19] Battery charging and discharging cycle dati
) o PSO Relatively o
[20] Battery capacity and cycle data. Li-ion high Midian
19
[21] Battery charging and discharging data PSOGN

Therefore, in thiseport we propose a TSD anaptimizatiorbasedalgorithm, called the
globatlocalsearchenhanced genetic algorithm (€EGA)to parameterize the BESS model
The main contribution of the proposed approach is that both the accuracy and robustness of the

battery modeparameterization process can be improved when usingstmes data as inputs.



1.2 Microgrid Energy Management

Normally, the duration of the offrid operation is known. For example, the campers know
when they can get the generator refueled and therigsttrecharged. They also know when the
solar panels can generate again. Being aware of the electricity supply limits, people are more
willing to manage theirlectricity consumptions to enre the most important ones are met first.

In this report, we dene aresidentiaimicrogrid as a smabcale singlgphase power supply
system(mini-microgrid) that supplies singiphase appliances. Each individual load is typically
less than 1.5kW. The mumicrogrid is powered by an energy storage unit that candrgeti by
the main grid and distributed generators (e.g. diesel generator or PV solar panel). An example of
the proposed minmnicrogrid framework is shown iRigure 1.2. Since both of the capacity and
power are limited, electricity consumption in such ammcrogrid must be carefully managed so
that the critical loads can be served during the target supply duration while not exceeding the
maximum power limits. In the mimmnicrogrid, we assume users will rank their consumption and
are willing to sacrifice thir comfort to meet the duration requirements.

Ongoing research projects on microgrid management focus on applications enabling
microgrid to provide grid service24] or minimize the customer energy bil3]. The capacities
of those microgrids are norithahundreds or thousands of kW and above. Therefore, how to
coordinate the operation of a portfolio of distributed energy resources (DERs) with the main grid
are the main objectives of the control and energy management algorithms. Home energy
management{EM) algorithms 4] manage DERs at the mimicrogrid scale (i.e., at the single
family home level). However, the design of HEM has the following assumptions: 1) the main grid

is available; 2) DERs are mainly used for arbitrage or providing grid sesuobsas peak load



reduction; and 3) shedding energy consumptions is normally not used as a method to meet the

energysaving goals.
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Figure 1.2. Architecture of minimicrogrid system

In this dissertation we introduce the design of a portable energy management unit (M
EMU) for off-grid mini-microgrids. A novel rolling power cap {RCap) scheduling algorithm is
developed based on the battery sti#teharge (SOC) and the forecastedd®#o meet the supply
duration requirements as well as the user comfort and the load priority settings.

1.3 Reattime Hardware-in-the-loop Simulation

Realtime simulation is a representation of the operation or features of a system through
the use or opetian of another running in rediime fashion with constant step duratidmis is
also commonly known as reame fixed timestep simulation [2]. It is important to note that
other solving techniques exist that use variable-8te@s. Such techniquessaused for solving

high frequency dynamics and nrtinear systems, but are unsuitable for 1@l simulation [B].



Figure 1.3. shows different types of discrét@e simulation. For a redime simulation
to be valid, the reaime simulator used muatcurately produce the internal variables and outputs

of the simulation within the same length of time that its physical counterpart would.

Computation i f(t.) }\ f(tn+1) k(tnﬂ)R
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» Time
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tl‘l-l tn tn+1
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Computation f(tn) m » Time
ST
Sim. Clock f > Time

tn_1 tn tn+1

(©)
Figure 1.3. Realtime simulation requisites angther simulation techniqueg¢a) offline fastetthanreaktime; (b)
offline slowerthanreaktime; and (c) synchronized retiine.

Realttime simulators are typically used in two different application categories: hardware
in-the-loop simulation (HIL) and pwer hardwaren-the-loop (PHIL) simulation.

For HIL applications, a physical controller is connected to a virtual plant executed on a
reattime simulator, instead of to a physical plafgure 1.4. (a) illustrates a small variation to
HIL; an implementaon of a controller using actual hardware is connected to a virtual plant via
HIL. In addition to the advantages of physical controller, HIL allows for early testing of controllers
when physical test benches are not available. Virtual plants also usosiliess and are more
constant. This allows for more repeatable results and provides for testing conditions that are
unavailable on real hardware, such as extreme events testing.

When a plant controller is implemented using a-tea¢ simulator and is emected to a
physical plantPHIL offers many advantages over implementing an actual controller prototype. A
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controller prototype developed using a riale simulator is more flexible, faster to implement

and easier to debug.

Real Controller

There are couple advantage of using HIL and PHIL:

Measurement

Control

Realtime simulator

(@)

Real Plant

Controller

Reattime simulator

(b)
Figure 1.4. Typical applications for redlme simulation (a) hardwaren-the-loop, and (b) power hardwaie-the-
loop.

1 By using an HIL test bench, test engineers become part of the design workflow earlier in

the process, sometimes before an actual plant becomes available, thus, design issues can

be discovered earlier in the process, enabling required tradeoffs to beidketeand

applied, thereby reducing development costs;

1 Testing costs can be reduced in the meditanongterm since HIL test setups often cost

less than physical setups and the-teaé simulator employed can be typically used for

multiple applications =d projects;

i Testing results are more repeatable since-tmee simulator dynamics do not change

through time the way physical systems do;

1 Can replace risky or expensive tests using physical test benches.

Moreover, a approach known as the muisite simiation [27] offers significant

advantages in theeattime simulation of such largecale dynamic mixed electric power systems.

Each suksystem can be simulated with the most appropriate time step and numerical integration



method Combining multirate simiation and HIL, @ asynchronous esimulation framework that
co-simulates transmission, distribution, microgrid, and all the way down to each DER is possible.
There are several egmulation platforms presented in the literatdree states of art are

summarized in Table 1.3

Tablel.3. Approaches for Geimulation Platform

Literature Simulation Type Approach Synchronization
] Distribution feeder irGridLAB-D with remotephysical
[28] Reattime \
hardware.

] Power system model in OPART with communication
[29] Reattime ) \
network simulator for the central controller

) Transmissiordistributionrcommunicatiormarket ce
[30] Offline _ _ _ ) HELICS
simulation with phasor dynamics.

[31] offl A co-simulation frameworkor analyzing the communication  Coordinator
ine
effect on power system control using OPENT. softwarein C#

) Co-simulation between communications simulatorZhsnd a . .
[32] Offline o . Fixed time
power distribution system simulator (OpenDSS).

] The delay assessment is performed for a central contr
[33] Realtime ) _
using OPALRT and a flexible message bus.

This dissertationwill present amodeling framework of an asynchronous, {tale cc
simulation platform for modeling the interactions between microgrids and power distribution
systems. Components of each microgrid are simulated on the ®BFAMEGASIM platform so
that electromagneticansients of the inverter units are modeled at a time step of 100 microseconds.
The 3phase unbalanced distribution feeder that microgrids are connected to is simulated by using
the OPAL-RT ePHASORSIM so that load transients, capacitor switching, archéaqging events

can be modeled.



1.4Unreliable Communication Link Modeling and Mitigation

In [34], Catie McEnteet al. proposed a centralized volar control(CVVC) scheme to
coordinate the operation between utiidywned VR devices and custor@ined inverteidbased
DERs. The performance of the algorithm is validated via a power flow based simulation tool with
an assumption of no communication delays or erpetsveen the CVVC controller and DERSs.
However, we found two modeling challenges that cannot be addressed by such a-baftedre
simulation platform. First, in the field, the CVVC controller needs to communicate with hundreds
or thousands of controllabtievices. Communication with delay and erroneous or missing data is
very common, so it is necessary to simulate and quantify how unreliable communication can
degrade the control performance as demonstrated by Jimmy @uabin [35]. Second, dynamic
interactions between hundreds of smart inverters and tdilityed voltage regulation devices need
to be fully understood to avoid competition among controllers causing ovemdefreactive
compensation through distribution networks as pointed out by &éashanket al. [36].

Off-the-shelf quasistatic simulation software packages, such as Open33p and
GridLAB-D [38], are commonly used to simulate distribution system operatioB9)n{inda Ke
et al co-simulated transmission and distribution sgst@peration by linking PSS/e (for modeling
transmission operation) and OpenDSS (for modeling distribution systems) for the development of
coordinative voltage regulation solutions using both utdiyned VR devices and aggregated
inverterbased DERs. Hadan Liuet al presented a voltage control scheme considering inverter
based DERs with limited communication capability 40]f However, quasstatic simulation is
power flow based, therefore, it is fundamentally a stestdie simulation approach. Althgluthe
simulation time step can be reduced to less than one second as proposed by MatthevetAguirre

al. in [41], such an approach can model neither the dynamic response of the distribution system
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nor inverterbased DERs. Dynamic simulation tools, suchiP&CAD and PSLF, suffering from
low computational speed, cannot be used for hourly or daily-denes simulations that are
required for testing the algorithm under different operation conditions.

To achieve the desired computational speed while accoufdmthe communication
protocol between devices, the development of atnee hardwaren-the-loop (HIL) based co
simulation platforms becomes an attractive and reliable solus®ji42]-[43], [47]-[49]. The
main advantage of this approach over thévaiebased simulation platform is that combining a
high-fidelity reattime simulation test system with the modeling of communication protocols will
allow researchers to develop and test control algorithms with reduced needs for field té2}s. In [
Johngn Jayet al presented a esimulation framework for evaluating grid support functions by
connecting HIL based test systems with the digital controller vid Ethernet linkd3]JinLjuca
Barbieratoet al proposed a HIL based test system while MQTT prdtand Internef-Thing
technique are used to enable the interoperability among different models and devices. The
feasibility of applying cellular technology to smart grid applications was also discussét]-in [
[47]. Amirshahram Hematiaat al assessedé performance of a Long Term Evolution (LTE)
network for smart meter data transmission using HIL based simulatiod8]inr [49], Heqin
Tonget al proposed a regime communication and power HIL @mulator where the impact of
communication bit ermoon the system stability control is analyzed.36][ Konstantin Pandakov
et al introduced laboratory tests for a new protection scheme with unreliable communication links
for a medium voltage network with distributed generators.

Although the aforemendned efforts enable the -®mmulation between electric power and
communication networks, developing an HIL-sgimulation platform for modeling multate

system operation with unreliable communication links has not yet been well studied. Therefore, in
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thisdissertation, we present an asynchronous;tie& HIL based platform considering unreliable
communication links among controllable resources. The platform enables-sirawdation of a

power distribution system (phasbased models running every fewllimeconds) and inverter

based DERs (power electronic models running every few microseconds). The CVVC controller is
modeled externally to the HIL testbed and communicates with the DERs modeled on the HIL
platform using the Modbus protocol and the LTE lifikis setup allows communication latency,
errors, and missing data to be realistically modeled, enabling us to develop and test mitigation
methods for recovering the missing and corrupted data.

The augmented Lagrangian multiplier (ALM) based method s$ ifitroduced in [51] for
solving the principal component analysis problem. In [52], Adnan Aetvak used the enhanced
ALM -based method to remove the corrupted data from thedokmeasurement set to achieve
robust VVC for a distribution system. Howary missing measurements cannot be considered in
their formulation. Thus, an enhanced, augmented Lagrangian multiplier based encoded data
recovery (EALMEDR) method is developed for recovering both the missing data and the
corrupted data.

1.5Summary of the Report and Future Research Roadmap

The result roadmap for my finalissertationis summarized irFigure 1.5. My final
dissertation will discuss the HIL application for microgrid modeling, control argiroalation.

For the microgrid modeling, | wiflocus on the energy storage and an optimizabased
parameterization method will be developed to estimate model parameters using actual data from
field or datasheet. An energy management strategy will then designed for the miereggs
management diurg islanded modeA HIL testbed will be developed to implement the microgrid

and the associated control function, such tested enables-i@waation between microgrid and
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distribution feederFinally, external system can communicate with the HIL systath different
communication links or communication emulator and the mitigation method for unstable

communication channel will be discussed
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Figure 1.5. Final dissertatiomoadmap

Within this dissertation Section 2 will discuss the battery modeling method and the
parameterization strategy alone with different use c&estion 3 presents an energy management
strategy for a minmicrogrid under ofigrid conditions. Sectiod summarizes the research work
about the design of the HIL emulation platform, some use cases will be demonstrated. Section
5 provides the modeling and mitigation for unreliable communication using HIL based approach.

Section éconcludes the report amliscuss about the future work.
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CHAPTER 2. BATTERY MODELING AND PARAMETERIZATION

In recent years, battery energy storage systems (BESSSs), havpldysshan important
role in the microgrid systems arapidly integrated into power grid operatsoBefore largescale
field deployment of BESSs, it is necessary to conduct field experiments to benchmark both the
steadystate operation and the dynamic response characteristics of a BESS under a wide variety of
system operating conditions.

In this section, we proposetiane-series data (TSD) basethorithmto parameterize the
battery system modetalled the globalocalsearchenhanced genetic algorithm (6BEGA). By
applying the generalized oppositibased learning (GOL) mechanism, the -SEGA can
efficiently explorethe global solution space. Furthermore, the tregtonreflective (TRR)
deterministic algorithm is used to perform the local search; therefore, the accuracy\S&GH.
is improved and it can converge in its local exploitations. The main contributitwe pfoposed
GL-SEGA approach is that both the accuracy and robustness of the battery model parameterization
process can be improved when using tseees data as inputs.

2.1 Modeling Methodology

This section presents the battery equivalent circuit marthe objective function of the
optimal parameterization problem.

2.1.1 Battery Equivalent Circuit Model

A battery ECM includes two parts: an electrical main branch circuit and a thermodynamic
branch53]-[54]. As shown irFigure 2.1(a), the battery main branch model consists of the internal
voltage sourceEm, the terminal resistanc&, the dynamics brancliry and Ci;, and the

thermodynamic resistané®.

14



-+

e
r —
_________________________ > T VWA——oT,
Ry

Terminal

Voltage

Pr
Cr
Iy —» - I
O

@) (b)
Figure 2.1. Battery equivalent circuit models: (a) battery electrical main branch circuit; (b) battery thermodynamic
branch circuit.

When the battery is fully charged, the internal voltage sdtr@®uals to the opecircuit
voltage,Emo. Emis also a linear functiowith respect to the electrolyte temperatlir@nd stateof-

chargeSOCat timet. Thus,Em can be calculated as
E.() = E, -K:T(D) (1 SOQ)) (2.2)
whereKE is a positive constant.

Assuming the battery internal resistan®, is independent of the battery electrolyte

temperaturd butvaries under differe8OC we have
R(O=R, @ K(1 SOQ)) (2.2)

whereRyo is the battery internal resistance at full chatggis a positive constant.

Battery branch resistané& varies with respect to tHeOCat timet and is calculated as
R(H)= R,In(sOCY) (2.3)

whereRyois a positive constant.

Battery branch capacitand@,, varies with respect 8, is calculated as
C(H)=t,/R(D (2.4)
where( is the time constant representing the battery dynamic response characteristics.
Thermodynamic resistané® is related with the battery curreiat following through the

main branch and increases exponentially when the b&@Gincreases, so we have
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izt S0C(Y)
R = Ro o “

whereKz: and K22 are negative constantisy is the battery nominal C10 curremd; is positive
when charging and negative when discharging.

Then, the heat loss of batteBg(t), can be represented as

P =(R() +R(Y) (D)’ (26)
The battery terminal voltagé(t) can be calculated as
V(1) = E () 4,0 ZQ.(1) (2.7)
whereZmainis the total branch impedance of circuit represented in the dotted Baune 2.1(a).

Using the thermodynamic branchodel shown inFigure 2.1(b), we can calculate the

battery electrolyte temperatufdt) as
TO=T, = ARO (17 TOH(R) go (28)

whereTini is the battery electrolyte initial temperatuiig;is the ambient temperaturd?r is the
thermal resistance between the battery and environi@erg;the battery thermal capacitance.
The batterySOCvaries with respect to charging/discharging activities and is correlated to

the electrolyte temperatufieat timet, so we have

_ 1 R 21 00%
soq=4 < =me (& mn(r)d) 100 (2.9)

whereQini is the battery initial extracted chardg;j is the battery nominal capacity at 0x is
positive constanKr is a temperaturdependent lockip table that can be found in the manufacture
datasheetd5).

Although the ECM represents one single battery cell, by multiplying with the number of

cells, the ECM can be used to mimic the dynamic electric behaviors of a battery bank with many
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cells. Minuteby-minute measurements collected in field tests have shioatrsimulation results
produced by the one RC branch ECM match the field measurements with reasonable accuracy. A
multi-RC-branches ECM can be used if field measurements at higher resolutions are available or
modeling greater details of electric dynamispenses is requestesh].

2.1.2 Objective Function

The goal of the parameter estimation problem is to find an optimal setdd parameters
so that the mismatch between simulation results and field measurements is minimized. To
benchmark the battery ECIvhodel for HIL applications, Total .8. conducted a series of
benchmark field tests in their Lyon test base. In each test, five variables are mea@@Ged; V,
Ta andT. Because the temperature sensor is mounted on the battery surface, the battaty inte
electrolyte temperature cannot be directly measured. Therefore, the battery surface temperature is
used to approximate the internal electrolyte temperature.

As shown inFigure 2.2, the measureléh and T, are used as the inputs of the EOM and the
V, SOC, andT are the outputs. The summation of squared errors ($@f)is calculated as
2

@ =8 ,,(x %), q&" (2.10)

whered is theN model parameters to be estimateft) and X(t) are the simulated and measured

output values at time

Battery Model

—————— +» Current Voltage ——»
SOC ——»
—————— »> Ambient Temp (¢ Temp ——»

S Field measurements
Simulated results

Figure 2.2. Inputs and outputs for leatid battery model.

The objective function for minimizing errors is formulated as

?ﬂirN]{F(q):é_lew O©(g:1 c¢qu,tu RN} (2.11)
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4 w=1 (2.12)

wherel, u are the lower and upper limits of the ECM parameters. Noteasthiatthe weighting
factor withr ¢ {1,2,3} corresponding to the three model outpMs$OC,T], as demonstrateid
Figure 2.2. Within this paperSOCis within [0, 100] (percentagey,is within [40, 70];T is within
[0, 70].

2.2 Searching Enhanced Genetic Algorithm

This section presents the (dEGA model parameterization algorithm. First, the TRR
method for improving the accury and convergence of the local minimum search is presented.
Then, the GOL algorithm for efficiently exploring the global solution space of the GA is presented.
In the end, the combined GREGA approach is introduced.

2.2.1 TrustRegion-Reflective Algorithm

Battery systems are complicated nonlinear systems, making the least squares estimation
methods inaccurate. In nonlinear optimization, trust re@os a term used to denote the subset
of the region of the objective function that is approximated usmgdel function $7].

Because the ECM parameters are usually limited within a certain range, thegiost
method actually becomes the TRR method such that the ECM variables are bounded by applying
a single reflection transformation. To apply the TRRthuod, we first simplify the objective
function to a quadratic function(d) using the first two terms of the Taylor expansion at an initial

point do within a small trust regio®. Then, we have
1
y(g=F( + B )b g‘THd (213)
g= g + (2.14)

whereli¢ Nis the trail step anHl is the Hessian matrix &f(d).
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As introduced in $8]-[61], becausd-(do) is fixed overG, the general constrained TRR
subproblem is to compute the trail stéthat minimizesy (1) overG. Therefore, theptimization

problem is formulated as

minty (@)=37 0% B |0, | 0,1 (2.15)
I R 1 }

D, = diag (]/ 4 /|v(qk)|) (2.16)

B =H, € (2.17)

C.=D, fag(J) JOD (2.18)

wherek is the iteration numbedy is the system Jacobian matrix at model parametek;sgtis
the trial step ofkisasalahsetrdendtedlas tipeascaladmadi®eBfisa o
symmetric equivalence for Hessian matfixg Dk is a diagonal scaling matrix.

For then™ parameterk » of a model parameters s#t at iteratiork,1 <n < N, the vector
functionvn (dk,n) is defined as

éqn - Uy, ‘]k(qk, n) <0 andun <zt
14, - |n, ‘Jk(qk, n)z Oandln > -
T -1 J.(g. ,)<Oandu, = ¢
T 1, ‘]k(qk, J20andl, = -

(2.19)

Note thaty is a diagonal matrix representing the Jacobian matrixf¢ai|.)| at iteration
kand it is expressed as
J, = diag( sigr{ J)) (2.20)
whereu is zero when the Jacobi matrix is zero or when the parameter boundary is infinite.
Trust region method guarantees a sufficient decrease of the objective function by adjusting
the radu s « ofgG while using the trial stepi to indicate the direction reducing the objective

function. The updating indef, is calculated as
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1 & 1 .
fo=—— 3 F()g=+/Cd 2.21
y(wgf(gﬂd ()gz+ccd (2.21)

wherelk'Cilk is the error by approximatirigk usingBx.

If the trial step can sufficiently reduce the objective function and the updating index is
larger than the upper threshalgl the trust region is expanded by lettidg> 1 to allow a larger
step in the next iteration; otherwise, if the approximationoisr @nd the updating index is less

than the lower threshokd, the trust regiofs is contracted by lettingh < 1. Thus, we have

e  ao0p [ sm
Dk+1 :!1 min(az Q’ Dmax):) }I: !r‘ (2 22)
} D, otherwise '
O<m <m k¥

w h e rnex is ghe maximum radius of; €1 and €2 are constants representing the selected
thresholds ofg; U and(; are constants to scale the trust radus (2.15).

The model parameters are updated based on the updating%adexch that

i‘e'qk+ g f>m
|

= . 2.23
P =1 g.,  otherwise (223)

When using TRR toddve a bounded problem, at tkliteration, given a trial stefkmfor

them" parametedkm U R is kalculated by

e a ., n. m
dR — k,n 5 .
o : - OL n _2‘]|ZnDk12n’ =m (2 24)
e da ., n. m
=1 : 2.25
{30, n=m (225)

where 2.24) and 2.25) mean ifdh ni+Uk,mfalls out of the parameter rangewill be reflected by
the boundary it violatesr capped by the scaled steepest descent diredbipd, .

Then, we calculate the trial stépagain
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d, :argnmig{ y( kRa) ( ka)}c (2.26)

The TRR algorithm isummarized in Algorithm .2.

Algorithm 2.1: TRR for Model Parameterization

Initialization: Select the initial values faf, o, GaQkmax andU
Output: optimal parameters sdft = dk.

1. fork= 0, ki €,

2 Computel, Dk, Hx, Ckando .

3. Computethetrial steplik by solving @.15).

4

if dk + Uk cross any bound constraifien
Recalculatai using @.24)(2.26).

end if

Computethe updating inde%s using @.21).

Cal c uiasinge@.28).

Calculatedk+1 using @.23).

if |k OUthen
Stop.

© N o 0

else
Go to step 2 until the maximum iteration number is reached.
end if

9. end for

2.2.2 Generalized Oppositiorbased Learning Mechanism

The OppositiorbasedLearning (OL) mechanism has been proven to be an effective
approach to improve the performance of mearistic optimization algorithms. OL
simultaneously evaluates the corresponding opposite solution of the original candidate solution to
increase the @nce of finding a better solutio63]-[64]. As shown inFigure 2.3(a), led be the
solution of the parameter estimation problem, @fds the opposite solution for tm& parameter

d», we have

gr= 16 up g 1 (2.27)
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wherel, andun are the lower and upper boundsiafrespectively.

If &is a random number within [0, 1], the OL method can be extended to the Generalized
Oppositionbased Learning (GOL) method that can achieve a better perfornG&hbg Lising the
knowledge of the cuent converged search space. The opposite solution can be calculated using

the dynamically updated boundari¢ {i], as shown in (2.28) arfeigure 2.3(b).

gr=/@ uh g [O1 (2.283)

7 =min(g,), uy =max@,) (2.28b)

irp

wherei is the parameter set index within the solution ool

q,° d 9 d,
) " )
i i i > ! | i i >
In (| nt un)/2 Un dl nd+ und)'und dl nd+ Und)'l nd I Un
(a) (b)

Figure 2.3. Conceptual descriptions of the learning procesopdsitionbased learning; (b) generalized
oppositionbased learning.

Comparing 2.27) with 2.28), we can see that the basic opposite solution is the symmetry
point of the original number centered on the pdint(u,)/2 and it is still located inl{, un], as
shown inFigure 2.3(a). However, when using the GOL method, whiPas located ifa-(& + u
D-uy, ol +uy) - 1], it is possible that the opposite point of the GOL will jump outpiif],
making the solution infeasible, as showrrigure 2.3(b).

If the n'" opposite point is outsidén[ un], d®® will be reassigned to a random value within
[I7, u] by

g>® =rand(I¢,u?), if ¢° 1, u] (2.29)

The GOL algorithm is summarized Akyorithm 2.2
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Algorithm 2.2: GOL -based Transformation

Input: Get the values af and the upper and lower boundd ,af.
Output: transformed opposite solutiafiP.

1. forn= 1, N2, é,

2. Computed® using (2.28a) and (2.28b)

3. if d;® <l,ord” > unthen
Correctd;” using (2.29).
end if
4. end for

2.2.3 Modified Genetic Algorithm

In Section 2.2.1, we introduced the TRR method to search the local optimum within the
trust regionG arounddo. Because the optimality of the TRR solution can be significantly affected
by do, a heuristic GA is needed to search globally for setswaflues within the given boundary
of each parameter. We will use the best sef®6fvalues amond\ca sets as thep as the input of

the TRRA to find the optimum arounf.
Define the fFtaaess function, G
G(F(9) {F(9)" (2.30)
The parent individuals will be selected from the individual pool based on the individual

f I t nE).Hygheffiiness lead® a greater chance for a setdbfalue to be selected. Thus, the

possibility to be selected can be defined as
22 Nea iN
p= G)/a" . qH (2.31)

wherei is an index antNca is the total number af sets within an individual pod.

Recombination operation is used to exchange the genetic information of two parent

individuals to generate two new child individuals. The goal is to randomly generate new solutions
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from an existing individual pool. For ti#' parameter of thé" andj!" set ofd, the recombination
method can be expressed as

qi,n :(l - /) |qp7 +/j,n

qj,n (1 - o J@ +(,n (232)

whereads a scaling factor randomly selected between [0, 1].

Mutation is used to maintain the genetic diversity. In this paper, we introduce the GOL
machoism into th&A mutation operation to formulate a modified GA for better convergence.
Half of the individual generation with relatively worse fitness will be transformed to the associated
opposite individual using the GGhased Transformation (i.e., Algorithni2p

The best set ofi** from GA will be selected and used disfor the TRR algorithm (i.e.,
Algorithm 2.1) to find the local optimal solutiodi , which will be fed back to the GA again as a
new child individual. InFigure 2.4, a simple example is useditiustrate the global and local
search process of the GBEGA.

Step 1. Select 6 parent sets of ¢ values for GA algorithm
based on the fitness T,
INIENEIENENE

6 6, 6, 6, 05 b

Step 2. If'set 1, 4, and 5 have the lowest fitness, they will
be selected to mutate.

BN
0" 6

3 [a][s]s]
O 6% 6> b

Step 3. Randomly select two sets of ¢ to recombine and if
set 2 and 6 are selected.

[ =] =] @ 5 [

()lup ()zrec 03 04()p (_)Sup Uér:‘c
Step 4. Calculate the fitness I of the 6 sets of parameters.
If set 3 has the highest fitness, set 3 (93("'\) is selected as
the one to proceed with the local exploitation for the 6 .

I ENENENEE

*

9[ op ()2 rec ()3 (}40 P 950[1 96 rec
Step 5. Repeat step 1.

Figure 2.4. An illustration of the global and local search process (NGA = 6).
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Figure 2.5. Flowchart of the proposed GEREGA.
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The flowchart for implementing GEEGA is shown irFigure 2.5. Within each iteration
s, hdf of the populationwith poor fithess will be mutated using the Algorittth2. The TRR
algorithm will be used to further optimizlee solution with the best fitness function so that a local
optimum can be found (see Set JFigure 2.4). Then, the optimal individual™ obtained from
TRR, the mutated sets from GOL, and the rest of the sets will be combined together as the new
child population for the next round of GA optimization. The best individif&# which has
highest fitness, will be updated and recorded aéttieof each iteration. When the iteration index
sreaches themax the estimation algorithm will be terminated and the latest best sot{Ri&will
be used as the battery model parameters.

2.3 Case Studies and Analysis

2.3.1 Algorithm Setting

The prgposed GLSEGA is implemented in MATLAB (i.e., version: R2018B) with the
Parallel Computation Toolbox. Values of all the constants used in ##E&A are listed in Table
2.1. The battery model is created in SIMULINK and run on an ORAtbased HIL testbedhe
HIL simulation results are compared with the field measurements using the performance metrics
listed in Table 2.246).

2.3.2 Case 1: Liion Battery Cell

The proposed GISEGA is compared with the particle swarm optimization gags#on
(PSOGN) algoithm proposed in§7] using identical settings shown in Table 2.1 to achieve an
impartial performance comparison. Benchmark characteristic data sets (i.e., terminal voltage,
battery SOC, and temperature) from data sheets provided by the manuf&8leee [used to

derive the ECM parameters of a single 48V/67 Aot battery cell. The benchmark characteristic
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data was measured from a discharging test conductedaisorgstant discharging current. For our

case, the discharging current is 32A.

Table2.1. Setups of the GISEGA Algorithm

Symbol Description Quantity
Wi, Wo, W3 Weighting factors in the objective function. 1/3, 1/3, 1/3
Kmax , Smax Max iteration number. 100

Pnax Max scaled radius of the trustgion. 3

(o) Initial scaled radius of the trust region. 15

€1, €2 Constants used to update estimations. 0.25,0.75
2, % Constant used to update the trust region. 05,2

U Max tolerance for TRR. 10°

Nea Number of the individuals in the pool. 20

S Interval for calling TRR. 10

Pre Possibility of the recombination operation. 0.6

Pmu Possibility of the mutation operation. 0.9

Table2.2. Definition of the Performance Metric
Metrics Meaning

SSE Summation of squared errors, as defined in (2.10).
MSE Mean square error.
NRMSE Normalized root mean square error.

NMSE Normalized mean square error.

As shown inFigure 2.6, using the ECM parameters derived by&HGA, the battery HIL
model canproduce battery voltage, SOC, and temperature curves that match very well with the
curves provided in the manufacturer datasheets.

As shown inFigure 2.7, the SSEs of the proposed-SEGA drop quickly right after the
first iteration. This is because th€@G-based transformation can search the solution space more
efficiently and can escape from the local optimum.

The performance evaluation metrics are summarized in Table Ill. Bat&umeact battery

parameters are unknown, the set of parameters achieve a lower SSE/MSE or a larger
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NRMSE/NMSE are considered to be a better set of parameters. From the results shown in Table

2.3, GL-SEGA outperforms PSGN in every aspect.
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Figure 2.7. SSE comparison between GEGA and PSESN.

2.3.3 Case 2: lead Acid Battery Bank

The GL-SEGA parameterization algorithm is tested using field test data collected from an
actual 48V/900Ah battery bank consisting of 24 serially connecteehl@ddattery cellsd9]. We
assume that all battery cells are identicalhsthat the battery bank model can be constructed by
multiplying the cell voltage with the total cell number per string. This assumption allows the

system thermodynamics to be captured by using a lumped single battery cell model.

28



Table2.3. Algorithm Evaluations

Metrics Measurement GL-SEGA PSGGN
SOC 176.61 195.02

SSE \Y 456.80 604.67
T 22.40 98.06

SOC 0.0273 0.0386

MSE \Y 0.0721 0.0881
T 0.0031 0.0136

SOC 0.9943 0.9932

NRMSE \ 0.8014 0.7804
T 0.9660 0.9289

SOC 1.0000 1.0000

NMSE \ 0.9606 0.9518
T 0.9988 0.9949

A 24-hour field test is conducted to validate the battery model performance. As shown in
Figure 2.8, 2.9 and 2.10, the voltage and SOC simulation results match then@atlirements
closely. The modeled battery bank temperature deviates the field measurements slightly. That is
because the accuracy of the temperature measurement is not very high. In addition, the temperature
sensor is placed on the surface of the battankpmaking the measurement susceptible to ambient

temperature variations. Thus, the measurement data consists of some unpredictable uncertainties.
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2.3.4 Case 3: HIL Microgrid Energy Storage

After the ECM parameters are derived for the battery banks, we test the battery model in a
microgrid realtime HIL test system. The HIL test system is developed based on the microgrid
prototype in Lyon which consists of an AC hybrid microgrid connected to the power distribution
system via a 2.4kV/230V stagp transformer. The microgrid is powered by a {aadl battery

system and a rooftop photovoltaic (PV) system, as showigure 2.11.
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Figure 2.11. The configuration of the AC hybrid microgrid model.

A field test is conducted to obtain the transient response of the microgrid operation.
Because the PV armittery control schemes are designed by the inverter manufacturer and are not
in the scope of this paper, we focused our effort on dupigetite field test and validating whether
or not the modeled battery performance will match the actual field meastgenThe field

measurements of the power consumptions of each component are shogurén2.12.
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As shown inFigure 2.12 (a), the modeled battery power matches the field measurements
very well. Because the microgrid is operated in the islanding motteeifirst 100 seconds, the
load is supplied solely by the battery system. Then, the microgrid is reconnected to the grid at
aboutt = 100 seconds and power from the main grid will quickly ramp up to pick up all the loads
in the microgrid. Because the magrid load is a constant impedance load, it increases when the
voltage increases after the microgrid is reconnected with the main grid. Then, because the battery
SOC is still relatively high (> 45%), the grid power will ramp down slowly to let the batystgm
supply the loads. fle PV active power starts to ramp up at alieu50 seconds, after which the

solar will supply the load and charge the battery.
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Figure 2.12. Microgrid swiching transients from islanding modes to eg@hnected modes. (a) Battery active

power comparison; (b) Measured grid active power; (c) Measured PV active power; and (d) field measured load
active power.

Power (kWatt)
Power (kWatt)
w

(=)

(=]

Power (kWatt)
W
Power (kWatt)

Simulation results ifrigure 2.12 (a),2.13, and2.14 show that the battery model can track
the field measured battery active power accurately. From the field measurements we obtained, the
errors of SOC are normally within 1% and the errors of temperature are normally withi6.0.25

Thus, the modeled SDis also very accurate and the modeled battery temperature variations can

track the battery temperature changes very well.
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2.4 Conclusion and Summary

In this section, anovel hybrid optimizatiorbased algorithm, GISEGA, is presented to
improve and enhance the battery model parameterization process for a single battery cell or a
battery bank. This approach allows modelers to use actual field measurements or manufactory
daasheets to derive the battery parameters and then refine them to match different operating
conditions.

The uniqueness of the GREGA method is twdold. First, it combines the strong global
searching capability of the metaheuristic GA and the powertal kxploitation capability of the
TRR deterministic algorithm. Thus, the €dEGA can achieve a good balance among accuracy,
convergence, and robustness requirements. Second, by applying thiea&€al_transformation,
the GL-SEGA can escape the local optimuo keep on searching for the global optimum.

Therefore, a more efficient global searching can be achieved compared with the traditional GA.
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The proposed algorithm has been comprehensively evaluated and compared with another
stateof-the-art algorithm PSE@GN. By comparing the model simulation results with the
benchmark datasheet measurements, we demonstrate that 8GN outperforms PSGN in
term of accuracy when used for-ibn battery parameterization. When applying to leacid
battery parameteriian, GL-SEGA parameterize the battery model which can produce accurate

simulated results compared with actual field measurements.
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CHAPTER 3. DESIGN OF A MOBILE ENERGY MANAGEMENT UNIT

Off-grid Mini -microgrid Energy Management

Power outages oftecause severe damage to critical
lives. According to Washington Utilities and Transportation Commission (UTC), the top three
outagecause categories are weather, fires, and public caused. Their respective contribaitions ar
27.6%, 16.6%, and 12.49%()]. Restoring from those events frequently requires temporary housing
that may not be readily powered by the damaged main grid. Especially for people who live in
remote villages, they often rely on portable generators such esel dgenerators (DGS),
photovoltaics (PV) and energy storage devices (ESDs) to meet daily energy needs before grid
service can be rebuilt or restored. Thus, deploying-miorogrids with an automated energy
management unit is a tangible solution to quiokstablish localized power supply system that
satisfies the basic energy needq]] In addition, microgrids are ideal for applications such as
mobile homes, temporary houses, military bases, and mobile homes because the main grids are not
available whertamping in remote areas or driving on the road.

In this section, we introduce the design of a portable energy management i)
for off-grid mini-microgrids. The mobility means portability. In contrast to the HEM design, the
design focuses specifityalon the offgrid operation, in which case, DERs are the only power
sources while shedding and deferring loads are the main methods to meet the requirement of power
limits and supply duration. An evetrigger and datariven forecaster is presented fordcasting
the minkmicrogrid loads. A novel rolling power capfRCap) scheduling algorithm is developed
based on the battery staieécharge (SOC) and the forecasted loads to meet the supply duration

requirements as well as the user comfort and theddadty settings.

34



3.1 System Modeling and Problem Formulation

3.1.1 The Layoutof the Mini-microgrid System

As shown inFigure 3.1, the energy storage device used in a-microgrid is mainly
batteries. The distributed generator (DG) can either be gatesi or diesel generator. The battery
can either be charged by the DG or swapped by another charged battery. The loads are divided
into three categories: mugin base loads (e.g. lighting), thermostatically controlled loads (e.qg.
portable fridges and héer), and tasbkased loads (e.g. chargers). TheEMU monitors and
controls the consumption of the loads, DG, and energy storage devices (ESDs) through the smart
switch panel (SSP). The SSP consists of a minimum number of four switches thatcaegired
into four categories. If there is more than one switch in each category, the customer needs to rank

which switch has a higher priority.
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Figure 3.1. Architecture of minimicrogid system
Since the MEMU is a portable energy management device, one must consider that in each

application, the generators and loads connected to the SSP and managed {8Mblenivhy not
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be the same each time. Therefore, the design of t&&I\ controlalgorithm needs to be flexible,
which means that the algorithm should be less dependent on the historical data. Henee, the M
EMU measures the redme consumption of each load every minute to update the forecasting
result for the loads and DER operatidrnen, a minutdy-minute operation schedule will be
generated per five minutes.

The design of the MEMU is innovative in the following aspects. First, the controlling and
monitoring of the consumption is realized through an integrated SSP with thkagiéed and
ranking functionality. This greatly simplifies the design of th&EMU control algorithm, making
the unit modular and plugndplay. Second, the design of theBMU is compact since the SSP
integrates the control and monitoring functionalitie® ione panel, while a HEM system usually
requests individual control circuit for each devi¢g][ A mini-microgrid typically has a supplying
area of several hundred square feet (e.g. a tent, a mobile home, or a temporary housing facility),
the distancea a load is usually much smaller than that in a sifeyteily house.Third, the M
EMU is equipped with a datdriven load forecaster to estimate the consumption of each load. An
important innovation of our scheduling algorithm is to calculatethgvalent power cap at each
time interval. By controlling the total power consumption around the power cap, the supply
duration requirements and customer comfort can be satisfied at the minimum cost.

3.1.2 Modeling of the Minimicrogrid Appliances

The goafor an energy management system (EMS) controller to model a load is to predict
when it is fAonod; how | ong it remains Aono; an
power and energy storagelimited, loads are served from the highest ptyoto the lowest. The
priority is assigned by the user when he/she chooses to plug the load to a certain kind of smart

switch in the SSP.
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Unlike grid-connected residential homes, for a mmmcrogrid, using historical data of
previous weeks or years torécast the load consumption may not be practical. First, the operation
pattern of controllable loads is highly influenced by theEMU control scheme. Second,
consumption pattern is usually very flexible inBMU applications. For example, one may
chooseo eat cold food rather than a hot meal if the energy supply is low. Therefore, we developed
an innovative datdriven, evertrigger appliance modeling approach to model loads based on the
most recent measurements.

1) Modeling Taskbased Loads

A taskbasel load (TBL) is a noftyclic controllable load whose consumption needs to be
completed in a duration with allowable delays. A TiB&.connected to the mimicrogrid through
a priority-ranked green switch, as shownHigure 3.1. There are two usepecfied variables:
priority 0 N pFe and the maximum task completion del®y, Note that  is the number
of the activated TBL switches. The default valua) ofs one which isthe lowest priority.The
default value oD is the remaimg scheduling period.

A TBL will be put onstandbyonce it is connected to the SSP. TheeEMU will turn on
the smart switch to supply TBIat timeo based on the results of its scheduling algorithm.

Because initially, the MEMU does not knw its actual power consumptiod, , or the end time,

0 - ,the MEMU will first assume TBLQill remain ON until the end of scheduling horizon

0 . The predicted consumptian 0 fromo6  to the forecasting ertime® * s calculated

based on the measured power consumptiorand the statuts .

o o (3.1)

C
W
C
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Q

(3.2)
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wherei 'Qis the status of the appliance at tiif#¢ as ON and 0 when OFF);, 0 is allowed

operation indicator (1 when the appliance is controlled by tHeMW and switching status based

on scheduling and is 0 when appliance must be shut down).
If a task is completed earlier than , the MEMU markso 0o - , after that
Oy O Tmandoy O TLATBLtaskis completed if its power consumption remains zero

for more than 10 minutes which is not caused by the algorithm.

past, future

T | I =T -

| ; I time
tgtczgt tlplugm tistart tinow tiact_ end tif_end tg%r&
b past| future
I | U
| r i
I [ i | time
t:g}t tlplugin tistart tinow gmerrupt tiact_ end tif_end tgﬁf&'
5 past| future
DL _|_|:'.":
l tfle\ay |
l PLESN | time
tgfahrt tlplugln tistart tialct_ tart tinow t;merrupt tgr:]i&

Figure 3.2. An example of TBLs modeling
After an appliance is turned off by the microgrid controller in the middle of its operation if
the appliance can resume its operation when turned on again, it is considered as an interruptible

load (L) and is modeled as:
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If an appliance can be deferred but not interrupted, it is consideradieferrable load

(DL) and is modeled as:

.0 0¢ 0 A ED ho -

Up O Lo - (3.6)
m O | ED ho -

2) Modeling Thermostatically Controlled Loads

A thermostatically controlled load (TCL) is a load cycling between ON and OFF so that
the temperature (e.g. the room temperature for an air conditioning unit) is controlled within a dead

band during its opeation. Assuming that when the TQBs on, it will consume at a constant

power, 0 ,therefore forecasting TCL load@t 0 b  can be modeled as:

0 B 0 in Q of O, (3.7)
. 0k in 0 p

U O , . 3.8

h Tt in O T (38)

A simple datadriven TCL model is developed to calculate the chanrgatg of the temperature

based on measurement
Y Y 7Y (3.9)
Q Y 70 (3.10)
QY 70 (3.11)

As the ON and OFF of the TCL is controlled by the yellow smart switch, our goal is to

schedule the statis;, O in 0 D  so that the temperature deviation will be limited

around the set poifitY . For an air conditioer unit, the room temperature atduring time

0 M  can be forecasted by:
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3) Modeling Must-run Loads

The mustrun loads connected to the red switches have the highest priority to run so their
consumptions are considered as the base Iqad,The base loads are forecasted usii){
(34).

4) Modeling of the Energy Storage Devices

The modelingf energy storage is formulated by the data from APC UB|SThe change
of YO & duringtime 6 D can be calculated as:

Yo p YO @ (3.13)

Q.
V500

where ¢ and @ are the systenparametery) o is the sum of all forecasted load power
consumptionsNote that we assume DGs can be used to charge the battéryshywhich
forecasts the generation from DGs usiBd X (3.3), but the supply limits of minmicrogrid are
set ty the ESD power and energy limits.

3.2 Mini-microgrid Energy Management Algorithm

Since the minimicrogrid is designed for offrid operation (grid outage or no grid) with

the batteries as the main supply for plugged appliances, one of the essentiadgparameters
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is the required duration for the system. Consider a-miorogrid withG  mustrun loadsp)
TBLs, andl  TCLs. Assume that the scheduling period¥s phci8 i . The MEMU
collects the minutdy-minute consumjons data of all loads through the SSP and updates
scheduling per five minutes. Thus, the control objective of tHeMW is to supply the base loads
and user comfort is maximized, task delay and the load not being served is minimized following
the given apply priorities.

3.2.1 Problem Formulation

One of the main innovation of our rolling poweap (RPC) algorithm is to calculate the
cost of supply based on the scarcity of the resources. First, ab&8&@ power cap is

calculated at eadime intervalo™® 6 R by:
5 o o ojYod O (3.14)
The load aggregation based penalty rdiia) , is calculated as (3.15). Noted that the
primary objective of the proposed algorithm is to guaratiteesupply duration for the user,
therefore whenever the DGs are available, they will be utilized as much as possible and the M

EMU will support more loads.

Ggoo B v P P

5 0 (3.15)

The penalty functions for the task delay and temperature set point with pbigrity and
0 ;; are calculated as:
Wwpb O ™ U ip O Oy O (3.16)
Orp O ™ 0 Yi 0 Y (3.17)
Thus, the minimicrogrid optimal energy management (OEM) problem designed

specifically for a minimicrogrid powered by mobile energy storage units cab be formulated as:
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B 606 0 i 0 o

(&8 B.is g w 0 O i 0 0 (3.19)

Buwjorp o i 0 Op (3.20)

Note that (3.19) limits the total power consumption of the smiigrogrid to be less than
the battery power limit)  ; (3.20) limits the maximum device delay time to be witBig

3.2.2 Mini-microgrid Power Cap-based Scheduling Algorihm

At the beginning of each five minutes interval, theEMIU receives measurements from
the SSP. Then, using Equation (3(3)3) and (3.7), an updated load forecast for each load is used
to estimate the SOC of the battery using Equation (3.13). Notevkigat calculating the SOC of
battery, the consumptions of the TCLs are estimated using the averag@)ppwés simplify the
calculation as the energy, not the power, is of concern. Titbhed is less than the threshold
3/ # , M-EMU will reduce the run time of the TBL with the lowest priority dy v
minutes until the SOC limits can be satisfied.

If shutting down one TBL is not enough, the next one on the bottom of the priority list will

be picked. Each time, tiie:  of the TBL is updated as Equation (3.21).

. 0 0 0" 0 0
0 . . . . (3.21)
0 0" 0 0

After the SOC limit is satisfied, the rolling power cap scheduling®@ap) algorithm

defined by (3.14)3.20) will be solved iteratively. The algorithm is summarized as Algorithm 3.1.
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Algorithm 3.1: Rolling Power Cap Scheduling

Input : Minimum duratiors|; maximum iteration numbe¥ , error tolerance U

Output: Schedulingcommand 6, @ 4 R R ov 6

1. Initialize the fApreicaso and iteration i nt
6 o 0 6 Byys g @ 0O O6 0O ,0M O M ,& N
2. M-EMU finds a new status sequerice 0 for each load from the solution of the OEM

problem defined by (18).

3. Update forecasting powér © based ori 0 . For each TBL, use (56). For each
TCL, use (8).
4. Calculated 0 by (14), (15).
if O 0 0 0 $ - andthen
returni 0.
end if
6. ifé 0 andthen
& N g p and go back to step 2
else returni 0.
end if

3.2.3Evaluation of User Comfort
Although the MEMU tries to maximize user comfort, it is essential to quantify the user
comfort affected by the proposed control algorithm. For BLs, the required operation time is the

completely scheduling horizon, so we defihe user comfort of the BLY6 , as:

~

Y6 B Bu.yig 0Ygo (3.22)
For TBLs, we evaluate the comfort by how much delay and interruption is caused. So, if

the required operation time¥s , the user comfort of the TBLY® , is calculated as:

v , By f y R ’
Yo B 0 j 1 — — B )
h BNJI| h y

(3.23)

=

We assume the acceptable temperatuiéf is ¢ 3 for each TCL. Thus, the thermal

comfort,”YO , is formulated as:
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B B B ; y
Yo n (3.24)
B A
Therefore, we define the total user comford , as:
Yo _— (3.25)

3.3 Case Studies

Minute-by-minute submetered appliance consumption profiles are used in the simulation.
Those data were collected the Pecan Street projed4] from the residential houses in Austin,
Texas. A summary of the loads is given in Table 3.1. Gurobi is used to solve (3.18) to obtain the
ON/OFF status 0 of each load.

We compare théYo between the controllednd norcontrolled (NC) cases with
different durations requirements: 4, 6, and 8 hours. For the NC cases, TCLs and TBLs are turned
ON/OFF based on the device level controller without any interference fromEfdWicontroller.

In the controlled cases, the-EMU running the RPCap algorithm and manage the TCLs and
TBLs based on predetermined priority of running those loads. For the controlled case, we further
compared our modddased forecasting mechanism (the RP cases in Ba)lavith the prefect

forecast(the RRPF cases in Tabl&2). This results in the nine use cases in T&ke

Table3.1. Microgrid Parameter Setup

Type Description

Aggregated plugged load from living room, bedroom,
Base Load bathroomand light. (Max: 0.5kW)
Deferrable Load 1 Small washer(Max: 0.4kW and priority: 3)
Deferrable Load 2 Small dryer (Max: 1.4kW and priority: 2)
Interruptible Load EV charging load (Max: 1.3kW and priority: 1)
Thermal Load Air conditioning (Max: 1.2WY :28 and’Y :353)
Energy Storage Device a =200, b =1.024,0 pTE7
Distributed Generation PV panel (Max: 2kW)
Simulation Start Time 17:00, September 22, 2016
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Table3.2. TestCases Setup

Casel Case2 Case3 Cased4 Case5 Case6 Case7 Case8 Case?9
NC-4h RP-4h RP-PF4h NC-6h RP-6h RP-PF6h NC-8h RP-8h RP-PF8h

Figure 3.4 shows the total user comfort and the battery SOC changes at the end of the
scheduling period. The SOC curve for each case is plottedume 3.5. Compared with the NC
cases (i.e. Cases 1, 4 and 7), th&eMU successfully controlled the status aich appliance to
meet the supply duration requirements. At the beginning stage, the solar generation was sufficient
to support the loads and battery started to discharge after 18:00. If the supply duration is 4 or 6
hours, the controlled case will optimizee user comfort so the overall comfort level is much
higher than the noenontrolled case by letting the deferrable load complete its cycles and

minimizing the interruption to the interruptible load.
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However, if the supply duration is extended tbdirs, to guaraee the supply duration of
the mustrun load, the TCL and TBL loads are going to be sacrificed by being turned off most of
the time. This results in a significant drop of the user comfort level compared with previous
controlled cases. The remaining SOC Isoavery low. The moddbased forecasting algorithm
performs well when supply durations are 4 and 6 hours. However, if the supply duration is 8 hours,
the supply resource is operated at its limit, having perfect forecast of each load can results in a
bette scheduling that leads to a higher comfort level at the end of the supply duration.

3.4 Conclusion

In thissection the design considerations of theBWU are presented for managing an off
grid mini-microgrid. When operating such supply system that is off the main grid, it is important
to meet the supply duration requirement and prioritize the energy consumptiosrefoidy we
developed a rolling powearap based control mechanism to determine the operation sequence of
controllable loads such as TCLs and TBLs. The case studies show that the algorithm can
effectively manage the microgrid supply and demside resourceto meet the supply duration
requirements. We also build up a hardware prototype sever as algorithm testbed in the future and

parts cost is around $150.
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CHAPTER 4. AN ASYNCHRONOUS REAL-TIME CO -SIMULATION PLATFORM
Modeling of Interaction between Microgrids and Power Distribution Systems

The integration of microgrids significantly increases the flexibility, reliability, and
resiliency of power system operation. Microgrids are usually powered by distributed generations
(DGs), such as diesel generators, cogeimerathrough combined heat and power (CHP),
photovoltaics (PV) systems. Other distributed energy resources (DERS), such as battery energy
storage systems and controllable loads, are often used to assist DGs to maintain the power balance
in normal operatingonditions and achieve frequency and voltage stability during outages. Thus,
the reliable operation of a microgrid depends on how different DERs control systems interact with
each other under different operation modes.

The primary contribution of this seégh is the introduction of a novel asynchronous
simulation framework that esimulates transmission, distribution, microgrid, and all the way
down to each DERsystem Within this section we will only introduce our benchmark o
simulation platform, whichsi built using EEE test systems. The IEEE b8s system is used for
modeling the transmission grid and the IEEE -h28e feeder is used to model the distribution
grid. Both are modeled on the OPART ePHASORSIM platform. Our microgrid models are
developedhand validated using field data collected fromeatualtestbed operated by TotalA.

4.1 System Modeling

In this section, we outline the system modeling and coupling for transmission, distribution
and a detailed microgrid system.

4.1.1 Transmission andistribution System Modeling

The ePHASORSIM, a modélased timeseries simulation tool that capable of solving

unbalanced threphase power flow and dynamic simulation, is used to simulate the transmission
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and distribution system. The core of ePHASORSblver is that it can link different models

which are developed in other professional software, such as PSS/E or CYME, and execute the
models in the SIMULINK environment with a ret@ine fashion. The advantages of this particular
co-simulation setup overtber existing circudbased simulators are twofold. First, it takes
advantage of the robustness of professional software packages (e.g. PSS/E and CYME) and can
import utility network models directly. Second, once connected those network models to an HIL
platform, one can connect to it with external controllers, protection relays, or microgrid hardware
components for testing the interaction among those devices.

As shown inFigure 4.1, the IEEE 118us system imported from PSS/E is used as the
transmissionstem; the IEEE 128ode system is created in CYME and used as the distribution
system. Since the bus voltage and phase angle are transferred from the -pegitesece
equivalent transmission model to a thpase distribution feeder head, we assumddbder
head has identical voltage for each phase. The phase angle ofaRbast as the angle value
received from the transmission simulation and, therefore, other phases then can be calculated.
Because transmission spot loads are modeled as the doinspealance load, the equivalent
admittance at the distribution feeder head is then fed back to the transmission system
synchronously.

4.1.2 Microgrid Modeling

Since the simulation step (100es) for the
to thegeneral FPGAased power electronics device model, anltAG microgrid system using
the average models based on SIMULINK and eMEGASIM is developed for the proposed platform
[75]. This microgrid is a part of the distribution system and operates at 120V/B@$izonnected

to the distribution grid using a 2.4kV/120 V step transformer. There are three DGs in the

48



microgrid: a leaehcid battery system and inverter, a PV array and inverter, and a diesel generator,

as presented iRigure 4.2.
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The PV array is connected to the microgrid through a tphese inerter employing the
maximum power point tracking (MPPT) control scheme. The-&eadl battery is modeled using
the equivalent circuit mode¥f] and connected to three inverters which operates as a controlled
current inverter for each phase when grid @med or generator operated, but its control strategy
is switched to controlled frequency voltage source when the microgrid operates as an islanded grid
and the generator also is disconnected. The diesel generator is modeled as a synchronous machine
with a governor for frequency control. The microgrid load is modeled apl@a8e unbalanced
composite load peaking at 30kW.

4.1.3 System Spatial Coupling

The proposed cesimulation platform enables a closkadp simulation for the electric
power system from tresmission and distribution grids all the down to individual DER devices.
Each control system has its own control and modeling time steps. We implementedrateulti
technique so that different parts of the system are modeled separately and connegtedaknt
links. As shown irFigure 4.1, the distribution feeders are connected to the transmission network
as transmission load buses; microgrid systems are attached to distribution system as load nodes.
At each point of common coupling, we place aHBOAC sources to represent the upper system
such that the voltage magnitude and phase angles captured from the upstream transmission or
distribution system are passed on to the lower part of the system. The load consumptions of the
lower systems are passeack to the upper systems as shown by the blue arrofigjime 4.1.
Because this platform is developed for dynamic simulation, the load measurements is acquired
based on the load type in the upstream system. For example, when a distribution load node is
modeled as a constant impedance load, the load measurement is the eqaivaittahce of

downstreammicrogridsystem.
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The casimulation platform conducted for this research utilized the Modbus protocol over
Ethernet to implement the closkmbp connectiorbetween the software models and external
physical equipment. This method offers the advantage of being one of the easiest and
straightforward ways to implement and can exhibit the stable communication. As the dash dot lines
shown inFigure 4.1, a commurgation server is built to record the simulation results, and then an
external controller can use these data to perform control strategies and send the control command
back through the server.

4.1.4System Temporal Coupling

A successful caimulation platbrm consisting of multrate subsystems that require time
synchronization between different simulation packages during the entire runtime. Existing co
simulation platforms usually connect different software or systems using an external Application
Programnmng Interface (API) as a coordinator, such as HELIG®.

In the proposed esimulation platform, different systems are first imported or created in
RT-LAB and SIMULINK. Then, they are executed as fale discrete simulatiorigure 4.3
illustrates low to coordinate the simulation among three modeling systems: transmission,
distribution and microgrid. As shown in tiégure 4.3, both the transmission and distribution
systems are modeled in a module using ePHASORSIM with a simulation time step 10ms. Since
the transmission system is driven by the distribution system, there are no calculation delays when
passing data from the diktution system to the transmission system. However, the microgrid
mo d e | i's built in another module using the eM
a communication buffer is inserted between the distribution model and the microgrid models, and
there will be a calculation delay before the results of the distribution model or microgrid model

can be received by the other. As showrrigure 44 , we diof ifroed tifma war r ow
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model the impact of a fault happened in the transmission symtedistribution and microgrid

operation as an example to illustrate how thsicaulation platform couples the modeling of three

different systems together.
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At the beginning of timei, which is the time step right before the fault happens, the
distribution system and microgrid system sintioka start with their initial conditions. The
distribution simulation results (A2) are immediately sent to the transmission system as its initial
condition. Note that there is no calculation delay. After transmission simulation is completed, the
results (A) will be sent back to the distribution system right before the next simulation time step

to starts.
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Between timd; and timety, if a fault happens at the transmission system. The distribution
system model still use the transmission model results §3nputs to complete its pfault
simulation and pass the results (A1l) to the transmission system. The transmission system will
now calculate the aftdault conditions based on the fault and the results (Al1l) sent by the
distribution model. At the begning of timets, the distribution system will receive this affault
transmission simulation result (A5) and calculate the associated impact. THawlftersults (A6)
of the distribution system will be passed to the communication link (A7) andoN@étsent to the
microgrid systems. Due to the communication delay, which is a constant 10ms in this paper, the
microgrid will receive the distribution system affault results (A8) at the beginning of timg
and microgrid will calculate it operatictatus (A9).

Thus, from the fault happens at transmission to the impact is considered by the microgrid
model, the simulation as least advanced four different time stepAg§A&3-A9). Note that the
simulation time step of the transmission and distributioodel is 10ms and the microgrid
simulation is 100e¢es, while the time delay for
delay for spreading a simulation result from the transmission model to the microgrid model is
about 30.1ms.

If a fault happento distribution system between timend timetz, the distribution system
and transmission system may still calculation thefaodt simulation at time using the initial
conditions (Al and A4). At the beginning of tine the distribution system now calculate the
afterfault conditions (A10) based on the fault and thefptdt results (A3) from the transmission
system, and both them will get the afteult result (A10 and A12) right before tinke The after
fault resuts (A10) of the distribution system will be passed to the link (A13) and wait to be sent

to the microgrid. After the communication delay, the microgrid receive the distribution system
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afterfault results (A14) at the beginning of tinke and microgrid wil calculate its associated
operation status (A15). Thus, from the fault happens to distribution system to the impact is
considered by the microgrid model, the simulation as least advanced three different time steps
(A10-A14-A15) which is about 20.1ms.

When a fault or event happens to microgrid system between tina@d timety, the
microgrid system may use the initial condition to calculate thdauié results first and then at the
time step that right after the fault happened, the microgrid systemtarillto calculate the after
fault conditions based on the fault and the previous status. Thdaaftieresults of the microgrid
system will be passed to the communication link (A16 and A17) and wait to be sent to the
distribution systems. At the begimg of timets, the distribution system start to calculate the after
fault conditions by only using the latest simulation results (A18, which is A16 before transferring
by the communication link) from the microgrid, and both distribution system and tramemis
system will get the aftefiault results (A6 and A20) right before tinte The time cost from the
event happens to microgrid system to the impact is considered by the transmission model is at least
about 20.1ms (A2ZA18-A20).

We summarized the systémpact propagation delay, which is defined as the time cost for

spreading the event impact from the original system to another system, it Tlable

Table4.1. System Propagation Delay

To
Transmission Distribution Microgrid
Transmission 10ms 20ms 30.1ms
From Distribution 10ms 10ms 20.1ms
Microgrid 20.1ms 20.1ms 0.1ms

4.2 Cases Studies
In this section, we use three cases to demonstrate the performance of the proposed co

simulation platform.
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4.2.1 Casestudies 1: System Benchmarking

We first conducted a series of benchmarking tests by comparing the simulation results
obtained by the OPART based HIL test system and the results obtained on an IEEE test system.
The first benchmark test is conducted byngsithe IEEE11&us system (serving as our
transmission system model). We converted the constant power load into constant impedance loads
and ran the system on the ePHASORSIM platform. The simulation results are compared with the
results obtained by runnintpe 118bus system on PSS/E7. The second benchmark test is
conducted using the IEEE 1-B8is test feeder model (serving as our distribution system model)
developed in CYME and ran on the ePHASORSIM platform. We compared the node voltages
calculatedwith those in the IEEE standard test rep@8][ As shown inFigure 4.5 andFigure
4.6, the OPALRT simulation results match the benchmark data very well and the maximum
deviation is less than 0.01p.u. The error of distribution system may be relagee since we

convert the regulator to controllable transformer in our CYME model.
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4.2.2 Case Studies 2: Transmission Fault Analysis

A combined test is conducted by using the proposesimalation platform. It is assumed

that the test feeder is connected to Bus 102 of thebig&ransmission system, while a 30 kW

microgrid is connected to Node 47 of the 4#8le distribution feeder siem. A thregophaseto-

ground fault is placed on the line between Bus 92 and Bus 94 at 5s on the transmission system.

The fault is cleared after 0.01 second.

Since the transmission is driven by distribution system and they are modeled within one

single malule, therefore, they are synchronously linked and there is no communication delay

between them. The distribution voltage will be updated after one calculation time step, as the red

line shown irFigure 4.7. However, due to the computation and commuwicatelays, the voltage

at the microgrid poirbf-commoncoupling (PCC) will start to react the fault after 30.1ms.
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Figure 4.7. The propagation delay over the voltage
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When the microgrid PCC protectidmeaker detects the unusual grid voltage, it tries to

protect microgrid components bisconnecting the microgrid from the external grid. As shown in

Figure 4.8, since the substation system is simulated with a higher resolution and more dynamic

responsesan be observed. The battery is operated at the standby mode before 5.03s because we

start with a low battery stat&f-charge, and the loads will be supported by the grid and photovoltaic

array. The microgrid starts to respond the transmission faultZt$ahd the grid power will drop
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down to zeros after 0.01 second. The battery power jumps up immediately and it picks up the load

together with PV module.
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4.2.3 Casestudies 3: Distribution Volt-Var Control
The proposed esimulation platform is utilized to test an online distribution walt
controller whose control objective is to limit the distribution system voltage within the allowed

range for each time step bgrdrolling the loads, regulator tap number, capacitor status, and the
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active power and reactive power of the smart PV fafgure 4.9 shows that the distribution
voltage may violate the allowed boundary under the base case and we can achieve id&dl contr
we implement the controller in OpenDSS standalone. When we connect the controller to the
proposed cesimulation platform through Modbus link, we can achieve HIL simulation and the it
show the communication delay has a huge impaet the controlleperformance.

4.3 Conclusionand Summary

In this section we presented the setup of an OPRL based reaime cosimulation
platform that couples the simulation of transmission, distribution, and microgrid systems all the
way down to each DEBystem The @mputational delay and the communication delay will cause
the simulation to be owdf-synchronization if two systems are modeled on different HIL platforms
and communiation links are modeledVe also demonstrate the existence of those delays and
guantified their possible impacts. Although those-ofisync events are predictable and are short
lived, they may cause controllers to fail if not properly handled, one need to use precaution when
developing and testing controllers the cesimulation platformsin next sectionwe will discuss
how to use the platform to design and develop the voltage regulation methonfstityete the
impact of unreliable communication links and coordinatesources at both the distributiand

microgridlevels
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CHAPTER 5. CO-SIMULATION PLATFORM FOR UNRELIABLE
COMMUNICATION

To maintain voltages along a distribution feeder with high penetration of solar generation
within operation limits, utility voltage regulation (VR) devices may need to operate from several
times per dayto tens or hundreds of times per day. Such frequent switching actions can
significantly shorten VR device lifespan. Recent revisions in the IEEE 154Fasth79 require
smart inverters to include veliar control (VVC) functionality, opening the door faverterbased
distributed energy resources (DERs) with superb controllability to providing-cuiglity,
localized VVC servicesg0]-[81].

The contributions ofhis sectiorare threefold. First, a joint HIL platform is developed for
simulating CVVC thatoordinates the operation between utility voltage regulation devices and
inverterbased DERs. The proposed testbed allows DER control methods to be developed and
tested on a platform that simulates transients inside each subsystem (e.g., an energiestoeage
or a PV farm) and dynamics of the entire grids (i.e., from distribution feeders to transmission
systems). Second, communication links between the centralized controller and the DER controllers
are established using actual communication protocalssanulators to enable the modeling of
noises, delays, and errors caused by unreliable communication links. Third, an-EEBRM
algorithm is developed for recovering both the missing data and the corrupted data by
reformulating the objective function andetlipdating process introduced B2]. Note that the
development of the algorithm is enabled by the HIL baseslroalation platform that can model

different control systems considerirgalistic communication links.
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5.1 Asynchronized HIL based Cesimulation Platform

This section discusses the setup and modeling considerations of the asynchronous HIL co
simulation platform.

5.1.1 The Configurationof the HIL based Testbed

The configuration of the asynchronous HIL-gimulation platform is shown iRigure 5.1.
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The power distribution grid is modeled by the IEEE -h28e test feeder using
ePHASORSIM with thesimulation step size at the millisecelebel. The software can conduct
power flow calculations for both unbalanced and balancqgmha3e and -phase circuits in a
distribution system. Because dynamic models of generators, capacitor banks, and mo#&we loads
included, the ePHASORSHased test system can model the system transient response at the
millisecondlevel. Distributed energy resources, such as PV systems with smart inverters, are
modeled using eMEGASIM so that their dynamic responses can be chadil¢he microsecond
l evel . In this paper, the simulation time sterg
as 10ms to balance the computational needs between speed and a8@iracy [

This setup has two advantages over the existing cibasiédsimulators. First, the
ePHASORSIM solver can import and link different models developed in other commercial
software used by utility engineers (e.g., PSS/E, CYME, and PowerFactory), saving model
development time and making it easy to benchmark systemrpenrfiice. Second, the HL
modeled devices and devitmvel controllers communicate via Ethernet with the externally
modeled, systertevel controllers (Seé&igure 5.1). This adds in an extra modeling layer for
simulating the data flow via communication linkéote that OPALRT allows the modeling of
several common communication protocols (e.g., IEC 61850, DNP3, Modbus), thus, this simulation
setup allows modelers to develop and test different control and protection mechanisms considering
different communicatin issues, such as outages, delays, missing data, or tempered data.

5.1.2 Communication Links Modeling

As shown inFigure 5.1, two communication connections are set up to model the

communication between the device level controller and the centralizémlean The Ethernet
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protocol that can model several communication links connect the GHA&Imulator and an
external computer. An LTE simulator is used to model wireless communication network.

We assume that each feeder node is equipped with one qsigment (UE) for
communicating with the base station (BS) tower. Because the expected coverage radius for a BS
is between 1200 and 2500 fe88] it is also assumed that there are five BSs (Node 13, 25, 60, 81

and 110) installed and each UE is assigoeaiie of the 5 BSs, as showrFigure 5.2.
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Figure 5.2. Configuration of the LTE network for the IEEE 188de test feeder.

To calculate the path loss for LTE communicatlorks, it is necessary to define the
distance between different feeder nodes. In this paperanch length defined in [/ used
and the nodes of the IEEE 1R8de test feeder are mapped into a Cartesian coordinate system by
letting Node 149 be therigin node. We make all branches parallel either to the x or to the y axis
except 4 branches, i.e., branches between Node 8 and 12, Node 9 and 14, Node 18 and 35, and
Node 35 and 36.

With this setup, each sensor sends its measurements to a UE via aretHthkrihe
measurements are converted to an LTE waveform by the UE and then sent to a receiver located at

its assigned BS. All BSs will save the measurement data to a database. The central controller can
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read the measurements from the database and sekdHe control commands to the database.

The commands then can be sent out to device level controllers by the BS. When a UE receives the
control command from the BS, it converts the LTE waveform to digital signals and sends the
control commands to an exder.

In this paper, communication links between OPRL and LTE simulator is built using a
Modbus connection. Although in the field, every measuring sddBopair is connected by a
Modbus link, only four Modbus links are set up on the OFRILsimulatorso that communication
needs can be balanced with computational requirements. Each link has a unique port number, so
all four links can be simultaneously accessed through the same Ethernet link. By mapping data
flow into four groups, we can then transfiata between the OPART simulator and the external
controllers. With four Modbus links, the data retrieving delay is approximately 0.2s, which is
within the range of Modbus communication delays. Note that the rated polling time for each
Modbus link is 0.%.

The ns3, a discreteevent network simulator, is used to simulate the LTE networks such
that communication traffics and failures can be modeled with a more realistic approach.-After ns
3 receives measurement data via Modbus links, it assigns the nmeestidata to UE models and
simulates the uplink process between UEs and BSs. FBals® models the downlink process.

The ns3 saves control actions data received by UEs and then transmits them to the Modbus links.
It is set up so that each UE has ontana and each BS has two sector antennas while each sector
antenna has three directional microwave antennas. The coverage range of the LTE network and
the zone assignment for each UE are showirigure 5.3. The LTE network zone is the
communication celfor a BS tower decided by the sigralinterferenceplus-noise ratio (SINR).

As shown inFigure 5.3(a), ns3 simulates the LTE coverage range for an urban area. The inter
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cell interference has been considered. The hybrid building propagation patiolbslsimms3 is

used to simulate the signal propagation in the presence of loss and noise. Although the path loss
model is a static model, the LTE communication processes (e.g., data retransmission, scheduling
request) are simulated in real time. Theref@@mponents of the proposed HIL-sinulation

platform can be connected asynchronously. The scheduling delay for LTE networks can also be

accounted for when calculating the control actions. The zone assignments for each UE are shown
in Figure 5.3(b). Not that the zone is chosen based on the max uplink SINR in that area and each

UE will only communicate with the assigned BS.
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5.1.3 Simulation Approach

I n this paper, the distribution system i s
(i .e.., PVs and | oads) are definedFigasl ahe nAd
downstream system is simplified as adanode in the upstream system model (i.e., the IEEE123
node test feeder) running on ePHASORSIM. The detailed downstream system will be modeled on

eMEGASIM where the upstream system is simplified as-BI6@.C source placed at the point of

common couplingPCC).
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1) Load Models

Two types of controllable load model are useghase load andBhase unbalanced load.
Each load is assigned a unique seebypdecond profile designed from actual residential and
commercial load profiles. The real power of thphhse load is received from the assigned load
profile and the reactive power is calculated using the assigned power factor. The composite load
model B4] is used to model theBhase unbalanced load and its aggregated consumption follows
the assigned pro8él The controllable load is implemented via di@ane controller. The controller
is used to generate the load current injecting into the grid and it can adjust current based on
commands from the distribution CVVC controller.

On this testbed, 95 distribah loads are modeled. Four out of the 95 loads are modeled by
detailed 3phase composited ZIP models, and the rest are modeled by assigned load profiles.

2) PV Models

Three thregohase, 1.8MVA PV systems are modeled on the testbed. PV arrays are
modeledby the equivalent circuit model [5Converters are equipped with the maximum power
point tracking controllers. A-phase inverter is connected between the grid and the converter. A
standard DQ controller is used for each phase so that the active anceneawer of each phase
can be controlled separately by the CVVC controller.

3) CVVC Controller

The CVVC controller is a centralized controller installed at the distribution control center.
The controller runs the CVVC algorithm every 5 minutes, whicwithin the control interval
range required to maintain finuteaverage nodal voltage within the ANSI limit35]. The
controller is modeled externally to the HIL based testbed. Note that the control logic of the smart

switches of the controllable loadsdathe smart inverters are modeled locally on each component
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model on the testbed. Although the controller makes decisions every 5 minutes, the HIL based
testbed is modeled in much finer detail. This allows the dynamic response of each subsystem
caused byhe control actions and their interactions to be simulated.

The CVVC controller uses the voltage sensitivity matrix (VSM) based linearized voltage
calculation and the mixed integer nonlinear programming (MINLP) based optimal dispatch
method presented i84]. The controller inputs include power measurements of the voltage at each
load and PV node and at the substation; real and reactive power consumption by each load and
injection by each PV system; capacitor statuses; tap positionslofddmnap change(¢.TCs) and
line voltage regulators. Using these measurements along with cost curves for each resource, the
controller chooses the optimal control actions. The control commands could include LTC and
voltage regulator tap changes, shunt capacitor switcamgand response (DRs) by controllable
loads, and smart inverter real power curtailment and reactive power injection or absorption.

Ethernet and wireless connections are used to simulate the communication links between
the CVVC controller (modeled on theternal computer) and the local controllers (modeled on
the HIL testbed) for controlling the smart inverters and VR devices. A Modbus point list is built
based on the observable and controllable variables at each local controller module. Thus, the
CVVC controller can only access those listed local controllable and observable variables. Note
that in this paper, it is assumed that the communication interruptions (e.g., missingisathlga
randomly dropped pacRebappen mainly in the LTE network.

4) Mitigating Control Delays

One of the most important advantages to conductingfirealsimulation is the capture of
realistic communication and control delays on control efficacy, which is difficult to capture using

guaststatic simulations.
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As shown inFigure 5.4, at the beginning of each control interval, data produced by the
reattime simulation test system on OPAT are sent through communication links to the external
controller. After the controller calculates the optimal control actions, the porrdsig commands
are sent back to the controllable devices modeled on the HIL testbed through the same links. The
total time delay from when the measurements are taken to when the control actions are
implemented can be up to 60 seconds, including the ftsi;mdata propagation delay on Modbus
and LTE network, which is less than 5 seconds, and the data recovery and control computation
time, which varies from 15 to 60 seconds. If the control interval is every 5 minutes, each command
will be in effect for appoximately 5 minutes (from the time a control action is received att =60 s
to the time it is updated at t = 360 s). Because the models on-BFAdre simulated at a small
time step, the redlme simulation has already advanced many steps during thee86@ds and
the load and PV injections may have changed. Thus, a control action calculated using data
collected at t = 0 s may no longer be an optimal or even acceptable action to resolve all the voltage

issues during that control interval, as is ofteneobsd in reaworld implementation.

Total time between when the measurements are taken and
¢ the end of the corresponding command implementations

[ »!
e Ll

Externa i Optimization Optimization | Time
Computer | | | >

Command Command

OPAL-RT | | n
Simulator Measurements | Measurements ' Tlmf
t=0s t=60s t=1300s t=360s

Figure 5.4. Control timeline for two control intervals.

To mitigate the degradation on control efficacy caused by communication and control
delays, the voltage deadband allowed in the optimization within the CVVC at the distribution
control center is tightened by adjusting the minimum and maximum voltage constraint defined by

(12) in [34]. Once the voltages are initially corrected to within tigater voltage deadband, the
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nodal voltage can vary as loads and PV outputs change but will remain within the ANSI limits
throughout the control interval. However, narrowing the voltage deadband comes at a higher cost
because more voltage control resourceed to be called into action to satisfy the stricter
constraints.

To balance the likelihood of violating voltage constraints and the control cost, the voltage
margin can be selected based on the expected voltage changes on a circuit. For example, the
voltage margin is selected as 0.014 p.u., which is thg8fcentile of voltage change magnitudes
occurring on all nodes across alhnute rolling intervals for onrday run without control.

By tightening the voltage c ornsstmamin,nhes i n
controller can maintain all nodal voltage within the hard limits in the entire control period.

5.1.4 Coupling between Control Systems

A unique characteristic of the proposed HIL platform is that-gionulates the closeldop
interactiors between the distribution grid and the many DER devices connected to it. Because each
DER has its own control and modeling time steps, a fmatil techniquedg] is applied so that
DERs are modeled separately and connected to the main grid via equin&kent

As shown in the RTLAB OpComm I/O module irFigure 1, the voltage magnitudes, V,
and phase angles, U, calculated in the upstre:
systems (see the red dashed lines). Real and reactive power ctbassrop generations of the
downstream systems are passed back to the upstream system (see the blue dashed lines).

Because this platform is developed for dynamic simulation, the consumption
measurements are acquired based on the load type in the upsystam. For example, when a

distribution load node is modeled as a constant impedance load, the load measurement is the
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equivalent admittance of the downstream system. The PV system is connected to a constant power
load node wherein the load consumption isegative value representing the solar generation.

A successful caimulation platform consisting of multiple control systems, each running
on its own simulation time step, requires temporal synchronization between systems during the
entire runtime. Exigng co-simulation platforms usually connect different software or systems
using an external application programming interface (API) as a coordinator. In this paper, different
systems are connected together using the SIMULINK internal linkage and the @pZ0Gm

module. The testbed internal temporal coordination between systems is stégurén5.5. The

sampling rate forthe RLAB communi cati on bar is 10ms and t
Upstream
Vvrre—1—rm————yrr——3—ymar— | >
to T t1 t4
D¢, 40ms ) )
Calculation time
Voltage N
interruption RT-LAB
Communication Bar

] ] ] ]
t0 t4
Power T T
Calculation timeg "

>

interruption- “
l T j Dz, /:100:\ \ Downstream
11 12
to t1 t2 t3 t4

Figure 5.5. Temporal coupling between distribution and DER systems.

Let tO represent the time step right before an interruption happens. At t0, the simulation of
the upstream system and all downstream systems start with their imti#icos. Between t0 and
t1, if a voltage interruption happens at the upstream system (e.g., a tap change or a shunt capacitor
switching in), from the time when the interruption happens in the upstream system to when the
impact is considered by a downstreaystem, the simulation has at least advanced 20.1ms,
representing three different time steps {A2-A12). If a power interruption happens in the

downstream system between t0 and t1 (e.g., solar irradiance changes), the time from when the
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event happens dhe downstream system to when the impact is considered by the upstream system
is at least about 20.1ms (ABK-A3). This asynchronous connection is the main drawback of
using OPALRT based simulator to eeimulate different test systems that have dis8imulation
time steps. It is possible to reduce the sampling time of the communication bar, but such change
requests higher computational capability for the simulator.
Moreover, as shown iRigure 5.5, when the simulation of the downstream system adgaace
time step, the instantaneous simulated results will be passed to the communication bar (e.g., A7
and A8). However, the previous simulation results on the communication bar will be overwritten
by the later signal. For example, if a downstream systensfges simulated results to the
communication bar (e.g., A7), then this downstream system model updates its simulated result at
next time step (e.g., A11l) and passes the new results to communication bar (e.g., A8). The
communication bar only keeps the Ktsimulation data (e.g., A8) and transfers the associated
results (e.g. A4) to the upstream system for calculating new system status. More discussions about
the temporal coupling between different ORRI subsystems can be found 82].

5.2 Mitigation of unreliable Communication Links

5.2.1 Mitigating Corrupted Measurement with Missing Data

The CVVC approach requires measurement signals of distribution load consumption and
solar generation. Sending data via an unreliable communication link may causgtecbrru
measurement signals, missing data or erroneous data segments. To test the robustness of the CVVC
algorithm, communication interruptions, including missing data and gross measurement errors, are
applied to the HIL simulated measurement data.

DenoteS ¢ ™ as the original measurement matrix collected by smart meters which

contains the original measurements fan distribution components (e.g., for distribution loads or
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PV systems, the entries $fare active and reactive power; for shunt capacitors, the measurement
is the operation statusg.is usually a fulrank matrix and its rank r is less than the row number m.

Measurement redundancy increases the resilience of the system state estinaaiog me
that bad or lost telemetry will not result in a solution error in a state estimator with redundancy. A
common practice is to add redundant measurements, such as branch active and reactive flows, to
S as system variables. However, this approach reg@dditional measurements to be collected
and processed from both sending and receiving ends.

Thus, a linear transformation based cryptography approach is used in this paper. A key
matrix C is assumed to be used by UEs to encBagutd the distributionentral controller can also
use the same to decode the received data. Therefore, therlwk, encoded measurement matrix
A ¢ ™Njs calculated by

A=SC (5.1)

whereC ¢ ™" r L n,is also a fulrank matrix.

The observation matri® ¢ ™" received by the BSs is defined as an observation set of A
which contains the random missing data and the noise mataxised by the path loss but without

considering measurement errors.

_EBA R i (1)1 W
=j

. (52)
i 0 otherwise

ihj

where q Iis the set of indices for the avail ab
If there are data errors because of communication system disturbances eat@adiey,

then, the actual observation matkix? ™" received by the BSs is represented as

GA, +2,, +E, if (i,j) T )
M=D ®R,JE| E " H ! 53
ulE] 3 0 otherwise >3)
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whereE ¢ ™"is the sparse measurement errors matrix ghdlP]"?f  ™"is a linear operator

that keeps the entries in q Whtoberos Natedhatsbp d s et
using this formulation, the measurement errors for the missing data is ignored. This is because
only zeros are received and any measurement errors would not refiect in

If E is sufficiently sparsen(l r), the lowrank data matki A can be fully recovered from

M by solving the following matrix recovery proble®7] described as

min(|L]. +/ [R.[G],) (5.42)

S.t.
M=L & (5.4b)
P.[G]= PJL] (5.4¢c)

where [|-{]is the nuclear norm of a matrix (the swiits singular values), |:js the sum of the
absolute value of matrix entries while & is a

By solving (4), the optimal estimations fArandE can be obtained, whete¢ ™" and
G ¢ ™ Note that the matrix recovery matrix formulation defined by (26b2#) fonsidered
only a measurement error matrix without accounting for the missing data in the communication
process. By formulatingqPG] into the objective functiorl, andG areable to be separated from
M by solving (4a). Thus, we consider this reformulation as one of our main contributions.

5.2.2 Augmented Lagrangian Multipliers based Method

The ALM method solves a constrained optimization problem

min f (x), s.t. h(x)= C (5.5)

by formulating the Lagrangian function as

L(xg j )mf(x) £ ,5(x) 4271|r(>9||i (5.6)
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wherel is the Lagrangian multiplieg is a positive coefficient for the augmented penalty term
[Ih(X)|f compared to a regular Lagrangian problem &efjcalculates th inner product and |||
gives the Frobenius norm of a matrix (the square root of the sum of the absolute squares of matrix
entries).

Therefore, lex = (L, G) andH =M 1 L i G = 0, the ALM function for $.4) can be

formulated as

L(xg. 4 Jmt(x) £ .000) ]} (5.7)

An iterative singular threshold value based appro@@hi$ used to solves(7) by updating
L, G anda iteratively such that: it calculatésandG by minimizing 6.7) assuming. andu are
fixed. TheHcaa N d mi s ma tHcchn becaltutattas o

Haw=M L, G,

5.8
DH, =0 H 8)

cal, k
whereLk and Gk are the calculation results in iteratiktn T h e  miHg vmilabe askd tap
calculaten k+1.

Define a softhreshold operatorgas

éx-e if x >e
TI[XN=1x4e if x <¢ (5.9)
b0, otherwise

wherex ¢ alisch positive real number.
Then, the updating function & can be calculated using
W, =M L m'

s 1 (5.10a)
G=T[W] :argrr(13|n‘%ee||G||1 —2+||G W :

whereW1 is calculated fromq.7) assumind. anda are fixed.
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After G is calculated from4.10.a), the updating function bfcan be calculated as

wW,=M G m'l

.. . ) 1 i (5.10Db)
L=U Q[S] vO arg:mLm‘Il elL|. E". +W2||i-‘|
whereUSV' is the singular value decomposition (SVDVdé$.
EALM-EDR can updat&y+1 at iterationk+1 using 5.10a) as
Wl,k :M L k H‘lll_‘l k
_¢€ : m 21
Gy = farg min/ IPWG]|, +?HG Wi (5.11)

Y

=Ry&T op 8V @R, e @
In [52], only the first term in§.11) is used. This means that if a measurement datum is
within q, we consider It may contain measur e me

In this paper, the second term (i.€},[W1,4]) in (5.11) is added to estimathe measurement

outside q (i .e., the missing data). This prob
corrupted and missing data in one unified problem formulation.

To calculatd_k+1, we have

W, =M G 910
x =N Bk A (5.12)
(U.S.. V,) =SVDEW,, @
where SVDJ[] isan operator for singular value decomposition.
Definenstvk as the number of singular valuesft hat ar e lAditergtienk, t han

Lk+1 is updated usingb(10b) as

Lo margnindt | S w8

- Um3 Mrv ko K Q[S%Tv,k 3%Tvkvl‘] VQ%TV;« -kr

(5.13)
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where 3stvxnsTv denotes the firgisty singuar values ofS, Unxnstv andVnxnstv denotes the first
nstv columns of the matrix.

Then, EALM-EDR updates the k+1 and the coefficientx+1 as
d,.,=0, -m N (5.14)
My =min{ bQum . (5.15)

whereb > 1 is a constant arghaxis the upper limit ot.

The iteration stop criteria for EALNEDR is defined as

<d (5.16)

wherellis a small positive constant.

The EALM-EDR algorithm is summarized as Algorittsm.

Algorithm 5.1: EALM -EDR

Initialization: Select values fok o, Lo, €0, €max Kmax b, U, and letk = 1.

Input: Measurement data skt.
Output: optimal estimatiorA = Ly, Pq[E] = Po[Gy].
while k < kmax

1
2 ComputeGy+1 using (11).
3 Conduct the singular validecomposition usin@l2).
4, Computel k+1 using (13).
5 Update multiplier and penalty coefficient using (14) and (15).
6 if satisfy the stop criteria (16)
Break the loop.

end if
7. k=k+1
8. end while
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5.3 CASE STUDIES AND ANALYSIS

In thissection, the benchmarking process and a few case studies for quantifying the impact
of unreliable communication on the CVCC performance are presented.

5.3.1 Case Studies 1: System Benchmarking

A series of benchmarking tests are performed to quantifpenfermance of the testbed
and proposed mitigation strategies. The first benchmarking test validates the IER&dE2@st
feeder model run on the OPART platform. The nodal voltage calculated using OHAL are
compared with those provided in the IEEBm&tard test repor7§].

As shown irFigure 5.6, OPALRT simulation results match the benchmark data very well
and the maximum deviation is less than 0.01p.u. The relatively larger errors (see the upper corner
of Figure 5.6) were caused by the conversiof a voltage regulator model to a controllable

transformer model in our CYME model because ePHASORSIM cannot handle voltage regulators.
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g 1.044 OPAL-RT Results
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Benchmark Voltage (p.u.)
Figure 5.6. Comparison of voltage calculation.

The second benchmarking test is conducted to demonstrate the performance of using the
EALM-EDR strategy to recover different rates of missing and corrupted data for addressing the

impact of the VVC under imperfect communication. If the communication ugigons will only
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happen to the power measurements, (e.g., distribution loads and PV systems), the matrix rank of
Sis 2. Model settings are summarized in Tahteand 5.2

In this case, because the rated power of the PV inverter installed in eactsBGG&VA
and measurements sent through the Modbus links are in actual value instead of per unit value, the
testing data of S is randomly selected fre60D, 600] to represent the false data injection for PV
active and reactive power. D is obtained byd@anly sampling A in order to model the missing
data. The color map iRigure 5.7 reflects the empirical recovery rate of the 2000 runs (scaled
between 0 and 1). Light yellow denotes perfect recovery in all experiments, whereas dark blue
denotes failure fioall experiments. When the test data is suffering from random missing data and
the missing rate is less than 40% (meaning the sampling rate is larger than 60%}EDR_ban
precisely recover the original test data for almost every case. The estimatiagsiagts to increase
rapidly when the missing data rate is larger than 55% and EEDY can barely guarantee any
accuracy when the missing data rate exceeds 70%. Gross error data is randomly selected between
[-100, 100] to create E. Simulation resultd-igure 5.7 shows that EALMEDR is robust in all
cases when experiencing corrupted data.

The last benchmarking test demonstrates the Hll-thea& simulation with and without
the proposed VSMased CVVC to demonstrate the effectiveness of the contrtéggravith a
perfect communication link. The omainute distribution of the nodal voltage without control and
with the CVVC from 12:00 to 22:00 is summarizedHigure 5.8. Both cases have a perfect
communication link without any interruption and a controltage margin (0.014 p.u.). The total
number of voltage violations (TNVV) and the max voltage violation magnitude (MVVM) are used

as the evaluation metrics. In the no control case, nodal voltage violates the allowed range [0.975,

77



1.05], with the TNVV asigh as 21043 and the MVVM as 0.0326 p.u. In the control case, node

voltages are limited within the required range and both TNVV and MVVM are zero.

Tableb.1. Setups of the EALMEDR Algorithm

Symbol Description Quantity
n Columnnumber of the encoder matrix. 20

m Numberof distribution components. 104

r Number of measurements. 2

Ao Initial value for the Lagrange multiplier |M |k

Lo Initial value forL. gmn

€0, Emax  Initial value for (7) and its upper limit.  0.01, 16
Kmax Maximum number of interation. 1000

b Constant scale to update 1.1

& Positive weighting parameter for (7). 0.1

U Max tolerance for ITSV. 10°

Table5.2. Setups of LTE Simulations for Uplink and Downlink

Description Quantity
Frequency bands. 900MHz
Channel bandwidth. 3MHz
Duplex mode. FDD

Tx transmit power. 23dBm

Link gain. 13.5dBi

Size of payload. 256

OFDM symbols for each subframe 7

Min signalreception strength -117.4dBm
Heightof BS 40m

Height of UE 1.5m

Max allowed edge path loss 143.31dB
S |
1; 60F - 08
S 50

s 40F 0.6
5 30 0.4
2207 ‘
210t 0.2
=

Figure 5.7. Correct data recovery ratio for different cases.
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Figure 5.8. Nodal voltage profiles: (a) roontrol baseline case and (b) controlled case with perfect communication.
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5.3.2Case Studies 2

The objective of this case study is to demonstrate the impact of setting up a voltage margin
on vdtage regulation. Three lfour test cases are conducted assuming perfect communication.
As shown in Tabl®.3, when the voltage margin increases, there are more control actions taken to
bring the voltages inside the tighter limit. As showrFigure 5.9, if no voltage margin is used,
nodal voltage will drop below the desired voltage lower limit. While setting up a large voltage
margins (e.g., 0.02 p.u.) can remove all voltage violations, it leads to frequent control actions,
causing higher weaandtear ad higher control cosfTherefore, in practice, a suitable voltage
margin (in this case, 0.014 p.u.) needs to be selected so that voltage violations can be removed

with minimum increase in the number of control actions.

Table5.3. Summary of Simulation Results for Different Margins

Metrics Quantity
Voltage Margin (p.u.) 0 0.014 0.02
Voltage Deadband (p.u.) [0.975, 1.05] [0.982, 1.043] [0.985, 1.04]
DR down (kWh) 4.1 5.2 29.8
DR up (kWh) 0
Tap Changeé#) 1.0
Cap Switches (#) 0
PV curtailed (kwh)
PV Q injected (Mvarh) 24.4
PV Q Absorbed (Mvarh) 7.8
Cost ($) 5.10
TNVV 2
MVVM (p.u.) 0.0005

3

e
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g

°

>

Figure 5.9. Phase voltage at Node 50 when using different voltage control margins.
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5.3.3Case Studies 3

A test case is conducted to demonstrate the impact of missing data on the CVVC and the
effectiveness of the data recovery strateggdeéi this case, the CVVC controller receives 95
consumption measurements (from 80 sifgtase loads and 5 thrphase unbalanced loads) and
9 generation measurements (from 3 tkphase balanced solar farm). The dispatch controls with
the control safety argin are sent to each device. The encoder matrixset up randomly. A UE
will send the schedule request (SR) to the BS before transmitting data. If the UE fails to obtain
uplink communication permission from the BS and the SR transmitting reaches the maximum
allowed times, the LTE package will be dregp Therefore, the allowed SR resend number is
reduced to generate the observationDsahd the missing data rate is set up as 10%. Simulation
results for CVVC without and with data recovery algorithm are summarizEayume 5.10 and
Table5.4. The recoery performance of the EALNEDR is compared with two existing corrupted
data detection methods: the subspace evolution and transfer (SET) based 8@tland fthe
singular value threshold (SVT) based methg#).[Identical or similar settings (see Tabld and

5.2) are used to implement the algorithm and achieve impartial performance comparison.
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Figure 5.10. Nodal voltage profiles when there are missing data sets: (a) ncedatery, (b) recovery using SET,
(c) recovery using SVT, and (d) recovery using EABDR.
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Table5.4. Performance Comparison for Missing Data Recovery

Method TNVV MVVM (p.u.) AET (second)
Unrecovered 204 0.0099 \
SET 135 0.0142 1.5835
SVT 2 0.0012 0.9699
EALM-EDR 0 0 0.0831

Under the nerecovery case, the CVVC control will receive the measurement matrix S
without encoding the data using (1). If the controller does not receive the measurement data from
a device (e.qg., distribution load or solar inverter) at timthe CVVC will use the most recent
successful measurement from that device as the input to the control algorithm. As shigurein
5.10 (a), the feeder nodal voltage violates the given range and has more voltage flickers with the
TNVV and MVVM as 204 and 0.0099 p,uespectively. For the recovered case, the recovery
algorithm can complete matrix entries and estimate matrfrom matrix D, thus, the CVVC
controller is able to obtain all measurements and control the nodal voltage, as sloguran
5.10 (b)(d). Moreover, because the SET method cannot converge to the correct solution all the
time, SVT and EALMEDR obtain better control results. As for the average execution time (AET),
EALM-EDR is much faster compared with SVT and SET.

5.3.4Case Studies 4

Another smulation case is conducted to show the impact of gross measurement errors on
CVVC. This case study has the same settings as Case 3 and the corrupted data rate is 10%. False
data is inserted into A to represent cyattacks. For load measurement, thedfalata is assumed
to follow a uniform distribution between zero and the maximum of all load profiles. For PV real
power measurements, the false data is randomly chosen between zero and the PV rated power
output. For PV reactive power measurement, the fdéta is randomly chosen between the
negative and positive reactive power limits. Simulation results for CVVC without and with data

recovery methods are depictedFigure 5.11 and Tablé.5. The performance on data recovery
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are compared for EALMEDR, ALM [52], and SVT 0] methods with identical or similar settings

(see Tablé.1and5.2).
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Figure 5.11. Nodal voltage profiles when there are corrupted data sets: (a) no data reg)wengvery using ALM,
(c) recovery using SVT, and (d) recovery using EABDR.

Table5.5. Performance Comparison for Corrupted Data Recovery

Method TNVV MVVM (p.u.) AET (second)
Unrecovered 59 0.0090 \
ALM 13 0.0063 0.2219
SVT 4 0.0021 0.9167
EALM-EDR 2 0.0001 0.2659

For the nerecovery case, the CVVC controller receives ¢herupted measurement data
A+E and it cannot recognize the malicious data. Thus, the controller will calculate new control
actions based on the corrupted data, which lead to voltage fluctuation and violation, as shown in
Figure 5.11(a). Compared to the unrecovered case, all recovery methods can mitigate the
corrupted data and the CVVC controller is able to control the nodal voltage, as shéiguaran
5.11 (b}(d). For data recovered cases, EAIBNDR achieves better performancebioth TNVV
and MVVM compared with the ALM and SVT method. For the AET, both ALM and EAEDR
require less operation time than SVT method. The EAELDR method is slightly slower because

the sampling operation may consume extra time.
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