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Abdract

The work in this thesis is motivated by the need to design an energy marketplace for use in a
Dynamic Distribution System. The Dynamic Distribution System is a proposed -tschmmmic
approach to increased penetration of distributed energy resosiricethe electrical energy system.
Distributed energy resources pose new challenges and opportunities to traditional electric energy
business models.This esearch reveals proposed business model alternatives that provide insight
into possible roles of distribution system marketplace. Further insights are provided by existing

wholesale energy markets and studigsdgnamic pricing in retail energy markets.

First, the proposed marketplace rules for a Dynamic Tariff Distribution Market are déficledng

the network configuration, communicatioprocesses actor participation, and market processes.
The network includes nodes, tariffs, and linkages. The Dynamic Tariff Distribution Market protocols
and processes seek to provide all actors their netwarkd timespecific energy price, comprising

the unit st of energy, energy loss adjustment, and the impact of systeiernalities.

Second, a method for simulating the Dynamic Tariff Distribution Market is provided. This section
describes specific considerations for simulating and implementing the maaketp The simulation
includes market rules and processes, methods for implementing node behavior models, and
methods for implementing tariff structures. The simulation is then used to examine suggested actor
behavior models and proposed tariff structuresCase studies are provided to demonstrate

marketplace interactions and examine behavior models and tariff structures.

Finally, this thesis provides suggested areas for future research and development of the Dynamic
Tariff Distribution Market. This indes physical implementation, more flexible modeling, improved

behavior models, and advanced market rules.
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1 Introduction

1.1 Motivation and the Dynamic Distribution System

LY G@¢NFYyaF2NX¥AYy3I (GKS DNAR FTNRBY GKS 5AaiNROdziA?2
Wisconsin Energy Institute, dynamic distribution systeniDDS)concept is proposedl]. The
authorspropose the DDS as an alternatieetraditional, centralized electrical distribution systems,

6KAOK 6SNB day2i RSaA3IySR F2NJ G4KS FtSEAo0ftS 2R
fI NHS ydzYoSNBE 2F RA&AGNROdzISR St SOGNAROIFE SySNBH@ |
There are two key components to thegmosed DDS concept. One, the DDS expamdshe

Consortium for Electric Reliability Technology SohgtiqCERTS) microgrid protocoésiabling

autonomous control of distributed energy resources without catited information processing.

Two, the DDS lks both traditional and distributed electricity generation, storage, microgrids, and

loads with a marketplace. In addition to these components, the DDS must be supported by new

business models and regulatory policies.

The whitepaper goes on to claim that, many use cases, the DDS could enable distributed energy
resources to improve system reliability with decreased emissions, decreased power losses, and
reduced energy prices. In particular, the DDS would be better equipped than centralized systems to
support the intermittency and load swings inherent in distributed, renewable energy generation.

¢tKS 55{ 02y OSLIi LINRPOARSa o0SySFTada o0& AyO2NLIRNI G,

DNAR¢ Y2RSftf |yR GKS FdzZf f & deddl @deRg 0)dzi SR at SNBR2Y | §
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All four elements of DDS adoption are necessary for practical implementation: advppoen
system controls, a dynamic marketplaceyised utility business models, and updated regulatory

policies.

The first, power system controls, is a field ofiae research. Microgrids have applications beyond

the DDS conceptind many research results can be applied to the DDS proposal. Sinuiliitly,
business models and regulatory policies, closely related, are subject to analysis and consideration by
research and industry organizations. However, these analyses are not necessarily focused on DDS
adoption; instead, business models and regutatpolicies often described general considerations

or specific, norDDS options.

Thishighlights the importance of specifyingpeoposed DDS marketplace. To provide for analysis of

the business and regulatory requirements of a DDS, the marketplace ndestaractions must be
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defined. Further, the marketplace rules must be designed with consideration of power system
control and monitoring capability, while ideally suppogirenhanced capabilities of thpower

system control.

With this goal in mind, thithesis will consider a marketplace desigriedimplementation in &DS.
This marketplace must support the DDS concept, while enabling the other three elements of DDS

adoption.

1.2 Statement of Problem andResearch Questions

The Dynamic Distribution y&tem concept does at specify a marketplace design. However the
whitepaper specifies three key concepfd]. One, the marketplace should enabknergy
transactions at a local, distribution level. w@, the marketplace shoulgrovide an equitable
marketplace, enablingnvestment in distributed energy resources by apgrty. Three, the
marketplace should facilitate intrinsic optimizationOtherwise, the marketplace design is left

unspecified. This provides the primary problentetaent for this thesis:

How should an energy marketplace be designed to support a Dynamic Distribution System?

Notice, this problem statement will not have a definitive answer. There are many marketplace

designs that could support a DDS. This leads toitwnediate followup research questions:

What are the marketplace goals and design principles?

In what ways can a marketplace design be evaluated?
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Already, the DDS concept has provided some guidance on these questions. Specifically, the
marketplaceshould enable energy transactions, provide an equitable marketplace for investment,
and facilitate intrinsic optimization. Additionally, the marketplace should support the other three
components of DDS deployment: power syste&wntrols, revised utility bsiness models, and

updated regulatory policies.

A distinction must be ned between power system controand the distribution energy
marketplace. In supporting the DDS, the marketplace enables energy transactions. Power and
energy are intrinsicallyelated; however, the energy transactions will be on a longer timescale than
the subsecond power dynamics. This does not mean that the marketplace will not indirectly
support power system control; indeed, that is one of its goals. However, power systenoldsntr

not the primary role of the marketplace. Additionally, this does not preclude the energy

marketplace from including or supporting ancillary markets to directly support power control.

With marketplace evaluation criteria, goals, and design principtablisheda market design can

be proposed. This market design must be described, proviadiotherseries of research questions:

For a proposed market designhat are the marketplace ru$
For a proposed market desigrovia are externalities descrideand captured?

For a proposed market desigrovia do actors participate in the market?

In this context, the marketplace rules are the processes, restrictions, and protocols that define the
marketplace. Externalities must be described and captured, toigeosn equitable marketplace

and incentives for market entrgnd distributed energy resource deploymenfdditionally, e
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method in whichmarket participants interact must be clearly defined, so stakeholder analysis can be

completed for use in businessodel and regulatory assessment.

A proposed market design should then be evaluated based on its ability to meet the evaluation
criteria, goals, and design principles. Again, any market design will have its own strengths and
weaknesses. It cannot be exped that a proposed design is definitively successful in all cases.
Instead, a proposed market design should be considered as a series obffadwith analysis of
advantages and limitations. This is the approach that will be taken in proposing alutewg the

market design in this thesis.

1.3 Technical Approach

From the research questions listed above, the technical approach is determifidils thesis
ultimately proposes a set of market rules for use in a DDS. The market rules are collectivedg referr

to as the Dynamic Tariff Distribution Marketplace (DTDM).

Section 2 provides a literature review for background information and insights on the design
decisions used when developing the DTDIWhe literature review will focus othe five following

areas First, distributed energy resources (DER) will be examined. This includes the definition,
capabilities, and the positive and negative externalities of deployment. This will clarify the goals and
challenges of the DDS and its marketplace. Secondimbact of DER on utility business models will

be considered. This includes general approaches industry groups are considering as the penetration
of DER increases. This will provide an understanding of where the DDS fits into existing proposals,
and the sibsequent evaluation criteriaf its marketplace. Thirdgxisting wholesalelectric energy

markets will be examined. This will provide lessons for use in the development of the DDS



marketplace. Finally studies on the dynamic pricing of retail eleceiwergy will be examined. This

will shape expectations on how actors will participate in the DDS marketplace

In Section 3, thgoroposedDynamic Tariff Distribution Marketplace will be described in detail. In
summary, the DTDMdetermines minute-scale cleeng energy; incorporates autonomous,
independent actors; and establishdifferentiated prices based on energy, losses, and externalities.
The fundamental market process is a siAglee double auction, although the market price will be
adjusted as it pppagates through the network. The DTDM, as proposed, applies to a single phase of
the electrical system.The DTDM accomplishes this procdssrepresenting the physical network,
sources, and loads as nodes connected by linkages. To capture extesntditfés are imposed on
linkages between nodes. The marketplace process consists of three concurrent steps: Market

Operation, Realime Actions, and Settlement.

The DTDMyoals include supporting interconnection with a larger energy system; providirag int
system control capabilities, for use by a system operator; quantification and cost recovery of
externalities; and support for islanding operation. Market design guiding principles include indirect
control, scalability, flexibility, and efficient commuation. This section will provide the general

approach of the DTDM, but not the technical implementation.

After describing the DTDM proposHijs thesis will outline the process of simulating the DTDM. It is
important to note that the DTDM proposal & isa result ofthe recursive process of modeling,
simulation, and market rule development. This thesis should not be interpreted as a sequential
process of market rule developmefllowed bysimulation. Instead, a majority of the research

effort wasspert iteratively refining market rules and implementitigem in a simulation model.



In Section 4the data sets used in the simulation are described. This incldatsobtained from

Pecan Streetnc. Dataport, consisting of minutéoy-minute electricalenergy consumption and PV
generation. In addition to using this data set as a basis of simulation, some observations can be
made on the application of a DTDM in rearld residential setting. For the simulation, wholesale
spot pricing is used from theew York Independent System Operator (NY ISO). This provides

historical timevarying energy prices.

In Section 5the simulation of the marketplace process is described. The simulation is done entirely
in Matlab. The marketplace model includes commundaprocessesthe methodsfor setting the
DTDM network and parameteand market rules. After initialization, the simulation performs
market operation, reatime actions, and settlement for each timestep in the prescribed duration.
The Matlab simulatioralso includes validation and analysis functions. In describing the Matlab
simulation, many observations are made that apply to a-véalld implementation of the DTDM. In

particular, this provides insights into parameter limitations and communicatiqoirements.

In Section 6, behavior models and proposed tariff designs are presented. Section 5 was limited to
the Matlab simulation and generamplementation consideratios, providng the method of
modeling a given DTDM network. However, the actors within the DTDM require behavior models to
represent their actions when participating this market. Three behavior models are presented,
each with variations and observations: Load Nod®# Nodes, and Storage Nodes. Additionally, the
DTDM rules provide a system operator or market participant freedom in implementing tariffs, to
capture externalities. In Section 6, the tariff process is defined generally, to provide flexibility in
implementation. In this section, five specific tariff designs are proposed and examined: capacity,

target quantity, ramping (SMA), ramping (EMA), andriteé.



8

The technical approach described in Sections 5 and 6 does not provide detailed power flow analysis
and does not purport to ensure dynamic system stability. Instead, this technical approach provides
a fundamental basis faanalysis of market interactions between actors within the system, imatud

simplified estimates of the resulting energy flow.

In Setion 7, case studies are presented and discussed. The purpose of the casesistadiekto
examinethe marketplaceprocessand demonstrate interactions between actors. The case studies
are not intended to be a proof of results for actual deploymehthe DTDM in a DDSHowever,
observations will be made that should be considered in any practical implementation of the DTDM.
Case studies include the impact of load price elasticity, capacity tariff impact, ramping tariff impact,

and impact of tariflocations.

Finally, Section 8 provides a summary and areas for future research. As stated, the DTDM proposal
was developedor implementationwithin a Dynamic Distribution SystenT.o that end, the DTDM
provides many opportunities for further consideratioand development, to better enable
deployment in a DDS. Each of the following areas will be discussed: improved modeling flexibility,
physical implementation, improved simulation behavior models, advanced market rules, system

operator optimization, and tility business model analysis.



2 Literature Review

2.1 Overview

The demand for Distributed Energy Resour(@ER)as increased in recent yearslThis can be
attributed to many causesenduse customers desiring to reduce their environmental impact; the
falling cost of solar photovoltaic (PV) increasewpnomic usecases; government subsidization of

DER costs; and public policy initiatives to reduce the fuel mix of electrical generation.

First, DER will be definedSpecific DER devices and technologies vlloutlined, following by
general positive and negative impacts of DER deployment. These externalities will provide a key
component for configuring incentives in a proposed DDS marketplslext, the impact of DER on

utility business models will be disssed. This includes proposed approssto adapt or replace
traditional business models, to accommodate increased DER penetration. From these proposals, the

Dynamic Distribution System (DDS) will be classified and better defined.

Next, existing electrienergy wholesale markets will be considered. This will provide lessons for use
in developing a marketplace to support the DDS. The DDS marketplace, by necessity, includes
customer responses to price signalBinally attempts at dynamic electricity reflapricing will be

examined, along with general price elasticity considerations.

2.2 Distributed Energy Resources

First, i Aad ySOSaalNE (2 RSFINBE (WS 2 ENIBISHGVE GlIGHI WK D azi |
differences in varying contextsThe Rocky Mountain Institute defines DERiaR S Y 4agtRupply

side resources that can be deployed throughout an electric distribution system to meet the energy
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and reliability needs of th® dzA G 2 Y S NA & S NIJ £R RMI &urthérKlarifies that BERSan ¢
be implemented on either the utilityor customerside of the meter. Their definition includes
generation, managed loads, energy storage, and any technology that provides energy, load
management, or ancillg services Ancillary services include, but are not limited to, energy
reserves, voltage control, reactive power compensation, and black sta@bddies. By this
definition, DER includeRS Y YR YI yI 3SYSy i RS@AOSa GKIFG | Radzail

externd signals.

Further, distributed generation (DG) defined solelyas generation sourcethat are connected on

the customerside of the meter. DG sources include photovoltaic (PV) solar, traditional internal
combustion generators, and combined heat and poWCHP) generatorskrom this definition, all

DG is considered DER, but DER includes many more technologi€3Ghanhislistinction is useful,

as it allows DER to encompass many complementary technologies. This paper will use the RMI

definition of DIR.

This broad definition of DER is useful for framing the DDS marketplace. A marketplace must be
general and flexible enough to support all manners of DER. For example, if a proposed marketplace
only supports supphkgide DER then it may preclude actardhie system from investing in demand

side DER.
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With such an expansive definition of DER, it is not difficulbrtagine potential benefits DER could
provide to the grid. Similarly, it is not difficult to image in the potential costs DER could impose
upon the grid. These impacts range across time scales, from years to seconds, and across the grid
value chain, from @neration to distribution. In Figure 2below, the Rocky Mountain Institute
provides impacts D@an have across these domains. Note, this is limited to DG, so the impacts of

DER can be considers more expansive.
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Figure2: Positive and Negative Impacts of DG on the Electricity Value Cl24in

The time scale for these impact ranges from seconds to years. A DDS marketplace may better
equipped to take benefit from the advantages (and mitigate disadvantages) on the minute to hour
timescale. At the second and sabcond timescale, the market wilbt have time to act; this is

better suited to the power control component of the DDS. Alternatively, the actual market action is

much too fast to have a direct impact at the year timescale; this is better suited to the business

model and regulatory compeents of the DDS. That being said, a \deBigned DDS marketplace
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should support power control actions at the faster timescale and business and regulatory actions at

the slower timescale.

In the same report from RMI, thepanel focused on five potentialources of value: displacing
conventional generation, to include new use cases for onsite Combined Heat and Power (CHP) units;
reducing line losses, in particular during periods of high demand; reducing transmission investment,
such as those supporting igested, higkcost areas; reducing financial risk associated with larger
scale investments, by providing smaller incremental capacities; and deferring or reducing grid

investment, again particularly for congested, highst areas.

These sources of valuequide some incentives that a DDS marketplace should enable. One, the
marketplace should support cebenefit analysis for local generation. Two, the marketplace should
capture the impact of line losses on the cost of energy. Three, the marketplaced stedigict
congestion and, generally, externalities, faced by the larger energy grid and the local distribution

network. And four, the marketplace should support local, focused investment decisions.

In addition to these sources of valuBPER also poses sendisadvantages whedeployed in high

penetration.

For example, a high penetration of distributed PV can lead to high ramp rate requirements. This
AYLI OG Aa o0Sad AftfdaAaGNI GSR o0& GKS [/ IEAT2NYAL
shownin Figire 3 below This shows the anticipated diurnal cycle of net energy demand, defined as
forecasted energy load minus nalispatchable generation (i.e. wind and solf8). As more PV

generation is added to the system, the iagh of sunset is more pronounced. Ultimately, by 2000, i
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is shown that CA ISO must bring approximately 13 GW of generation online in three hours.

Accomplishing this task requires flexibility and coordination of many scgée power plants.

Net load - March 31
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Figure3: CA ISO "Duck Curv{3]
Note, this illustration relates to the impact of natispatchable storage, which includes RDER
utility-scale renewable generation. However, the illustration is still vatuaBrom the perspective
of CA ISCthe step ramp ratés a disadvantage of PV generation that is not necessarily captured by

the direct temporal price of energy. The ramp rate isaternality.

(V)

0§KS Rdz01 OdzNIBSQa NI YLJofNdigh ER peretyaion &éF (G K S

—

Al
SEGSNYyLEtAGASED | A3K LISYSGNYX GA2Yy 2F RA&GNROdzi SF

perhaps not to the same extent as the duck curve; this is an externality.
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A related externality of PV penetration is the additibbalancing reserves required for regulation
and load following. The RMI report cites the results of a 2011 Nevada Energy study that quantified
the cost of this externality at $80.005/kWh for ramping and $0.068.008/kWh for additional

regulation unitg2].

Figure 2 provides some examples of additional externalities. For example, suppoddingctional
flow may requireupgrades to infrastructure. In the meantinéjs limits the deployment of energy
exports. As a resylif one customer installs PV generation, it consequently limits other from

installing PV generation. This capacity limit is an externality.

The impacts of DER on the grid, both positive and negative, rely on its location, magnitude, and
timing. Additimally, the value of DER can be improved with flexibility, predictability, and
controllability. As the Rocky Mountain Institute highligiglz O LJ OAGeé Ay @SadySyia
enable deferment of transmission upgradescentralized generation plants, the DER must meet the
necessary demand reduction capacity. As a result, the value of DER is both highly variable and non
linear. The variation and nofinearity of DER impact makes it difficult to apply traditional €ost

benefit analysis methods.

A DDS marketplace should &ee mitigate or eliminate cost of DER deploymehtowever, when a
disadvantage cannot be eliminated, the DDS marketplace would ideally pass along the
RAAI ROl yil 3SQa 0O2aid  dordsd k8 sysken Mg Dat causesNalnégative L y
externality should bear the costs of thaxternality. By extension, this concept should also apply for

all positive benefits of DERThis is a distributed alternative to a centralized eloshefit analysis

method.
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Goncisely: a DDS marketplace should seekp&ss along the costs and benefits imposed by

externalities to the parties responsible for causing the externalities.

2.3 DER Impact on Utility Business Models

One large set of DER externalities is the impactutility business models. Consideration of this
impact must be addressed by the business model aspect of the DDS proposal. However, it will be

discussed here, as the DDS marketplace must support a feasible DDS business model.

In 2012, the Rocky Mountainstitute (RMI) organized a roundtable discussion to examine how the
relationship between utilities and their customers will change with increased in DER penetration.
Y2y 3 GKSANI O2y Of dza A Zigtiég ulility rate Ktdctune® dd@igingss inddels/ G K I G
which have evolved over time to meet a complex set of policy and economic goals, are poorly

adapi SR (2 GKAa Y2Ppo SYyOANRBYYSyil¢é

2.3.1 Traditional Business Models and Volumetric Rates

RMQ & S E LISweiit onLth spéifically acknowledgethat current volumetric rate structures,

when coupled with Net Energy Metering (NEM) rates, are not sustainable agé &ifit Qterh 2 y 3
business modd2]. To understand this conclusiomplumetric ratesand net energy meteringnust

be defined. This provides an overview of many business models in place today and provides an

opportunity to discuss the impact of DER on those business models.

Utilities purchase energy on the Wholesale Market, which is ofeRit 6 & (G KS NBIA2Yy Qa
System Operator (ISO) or Regional Transmission Organization (RTO). In turn, the utility sells energy

in their Retail Market, which consists of ende customers. The revenue generated in retail energy
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includes operating costs and overhead.

It is important to note that the unit cost of energy purchased on the wholesale market varies
throughout the day, as different generation sourceeport energy into the larger electrical grid.

This will be described further in Sections 2.4 and 4.2.

CNRY G(GKS SySNH@& LJ2NDKFasSa yR aOz2ada 2F aSNBAOS:
energy can be broken into variable costs and dixmsts. Variables costs are a function of the

volume of energy consumed. Variable costs include generator fuel and variable generation
operations and maintenance (O&M) costs. Fixed costs comprise the capital investment required to
transport the electigal energy, as well as overhead required to service-usalcustomers. Fixed

costs are generally a function of the peak demand of energy, accounting for both the timing and

magnitude[2].

Retail billing by utilities traditieally includes three categories: energy charge, demand charge, and
customer charge. Energy charge is attached to the volume of energy provided. Demand charge is
attached to the peak demand in the billing period. Customer charge is a fixed amount gaerin

cost to service the customer, regardless of the volume or peak demand. Traditionally, utilities
achieve a majority of their revenue requirements through the energy charge, as a bundled

volumetric rate[2].

A bundled volmetric rate allocates variable and fixed costs into a unit price for energy. As a
reference point, the average price of electricity to ultimate customers in 2014 was $0.1252/kWh for

residential customers and $0.1045/kWh for all use sediy.s
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The volumetric rate is established in advance of customer consumption, often a year in advance.
The volumetric rate may be constant over the year, or it may change with the seasons. Additionally,
a volumetric rate may shift over the course of the dayistis a Timef-Use (TOU) rate structure.

For example, the following TOU rate structure is offered by Madison Gas & Helctric

10 a.m.| |1 p.m.| |E5 p.m.| |9 p.m.|

Sun

Man

Tues
Wed
Thur
Fri
sat

Midnight 4am. 8am. Noon 4pm. 8pm. Midnight

Off-Peak M On-Peak 1 [ On-Peak 2 [l On-Peak 3

Charges during Winter Season (Oct. 1-May 31) per kWh Charges during Summer Season (June 1-Sept. 30) per kWh

Time  Distribution Base Energy Time  Distribution Base Energy
Period Service All kWh Period Service All kWh
Off-peak | $0.03425 | $0.04127 N/A | $0.07552| | Off-peak | $0.03425 | $0.04127 N/A | $0.07552
On-peak 1| $0.03425 | $0.04127 [$0.16021| $0.23573 | |On-peak 1| $0.03425 | $0.04127 |$0.18763 | $0.26315
On-peak 2| $0.03425 | $0.04127 [$0.16021|$0.23573 | |On-peak 2| $0.03425 | $0.04127 |$0.20988 | $0.28540
On-peak 3| $0.03425 | $0.04127 |$0.16021$0.23573 | |On-peak 3| $0.03425 | $0.04127 |$0.18763 | $0.26315

On-Peak Total/kWh On-Peak Total/kWh

Figure4: Madison Gas & Electric TOU Rate Struct{fe
The TOU rate structure attempts incentivize customers to shift energy consumption away from
period of peak demand. This avoids the higher wholesale energy prices observed during peak

demand, as well as serves to mitigate the risk of @agting T&D capacity limits.

The Madison Gas & Electric rate structure is voluntary for residential customer. This is a common

for most TOU residential rate structureBecause TOU rates are generally voluntary, they cannot be
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considered the baseline uty business model. Regardless, TOU are still volumetric, because they

are preestablished and asses a fixed cost per unit of energy.

Customer demand for DER has disrupteid ttaditional, volumetricretail rate structure. With DER,

specifically DG, dtiies are faced with customers that wish to export unused energy to the grid. The

most common approach to this challenge is Net Energy Metering (NEM). Under NEM, customers

are credited for energy exports atvolumetric rate. In some cases, this ratdéss than the retail

NI 6§S FT2NJ SYSNH& LIJz2NOKI aSaT K2gSOSNE aFdzZ f NBGF A

simplicity, which has led to its adoption in 43 stafi2s

There are three relevant consequences of NEgpmms. One, nder volumetric rate structures

with NEM, customers receive price signals that do not reflect the system costs and benefits of
electric energy. This is conclusion is consistent with the discussion on externalities provided in the
previoussection:there are time and locationspecific externalities associated with all DER. Two,

under these rate structures, customers are incentivized to maximize their value (i.e. total energy
generated with PV), not value for the system. Three, distribute Ol ya KAGFA G FNRY

adopters to noradopters, leading to inconsistent rate structures.

As an alternative to NEM volumetric rate structures, a DDS market should overcome these

consequences.

Note, dthough NEM has been highlighted, it is not theyoapproach to accommodating DER. Other
approaches include feeith tariffs and tiered rate structures. This thesis does not provide a detailed
evaluation of these approaches; instead the general conflict between DER adoption and traditional

rate structures is used to motivate the development of the DDS market design.
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The adoption of DG by customers has also impacted standard load profile assumptions. When
energy exports are accepted, the most extreme cases are Zero Net Energy (ZNE) customers. In these
cases, a customer exports a quantity of energy equal to their grid imports. Most commonly, the

Odzai2 YSNDRA SELIR NI & NB & dzf téxceRdeBhdir efelgpdearid t + ISy S NI

ZNE facilities, also referred to as Net Zero Energy Buildings (NZEB),iacecasing target in the
GINBSY O2yadNHzOGA2Yyé AYRdAzZAGNEZ 3IFNYSNAyYy3I |GaGSyd
Council and the International Living Future Institute. However, when coupled with full retail NEM,

ZNE customers disrupt the aadtion of fixed costs within volumetric rate structures. As shown in

Figure50 St 265 | OdzaG2YSNI KFa (KS LRGOSYGAlf zér®@ a1 SNE

cost to serve.

$2,500

i +—— Distributed Generation ————— |
32,000 ; Cost Savings? i
- .

. .

$1.000

Generation Cost
$500
Transmission Cost

$0
Traditional Customer Cost to Serve Customer Cost to Serve Customer
Cost to Serve Bill Bill eul
ANNUAL BILL $2445 ——————> $757 ——————> $0
Traditional, Full Service Customer Distributed Generation Customer Zero Net Energy Customer

Figure5: The Potential Impact of NElnd ZNE Customers on Capturing Fixed C[#ts

This discrepancy between customer payments and cost to serve is a direct result of coupling fixed
Oz2ada G2 o0dzA 1 @2tdzySGNARO NIGSao waSly 0 OE & S D2 NN

allocation, in which customers are not appropriate charge or paid for the services they require or
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provide; equity, in which different customers are faced with different effective pricing; and

2LISNI GA2yas Ay ¢ KAOK merKsSire Balddéyadely 2alud@INI G A 2yl £ NBIj c
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In this vision, DG adoption forces utilities to increase volumetric rates to relomtifixed costs.

Customers without DG observe these higher rates, recognize improved DG rates of return, and,
naturally, DG is adopted by more customers. Again, this leads the utility unable to recoup all fixed
costs; the utility is forced to increashd volumetric rate yet again. The cycle continues, ultimately
punishing customers unable to adopt DG, forcing the utility into a precarious financial situation, and

RAANHzZLIGAY3 GKS INARQA TFdzidzNB aidloAftAde o

¢tKS a0SYyINA2 a4dA3Sali$R o6& ftwWAS NI deBat Y& eREIYEBEK 021
penetration under traditional retail business models. From a business model perspective, an
improved distribution system model would address these three misalignments: cosatalloc

equity, and operatns.

This provides a set of goals for a DDS marketplegsts must be properly allocated, customers

aK2dzf R FFOS SljdAadlIoftS STFSOGADS LINAOAY3IST YR (K

Based on these observationadjustments to utity business models are required to support
increased DER penetration. The challenges and misalignments with current business models inform

the approach to business model changes.

wal LINRLRAaSa ( KHould ehslréi Svo ®RiSgs: AtEhy utiliies receive adetg

compensation to cover their prudent costs, and that those costs are distributed among customers
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YR o0&z (KREI WiarDER ¥ $hiddiuced, existing rates for energy, demand, and
customer charges may not meet these requirements. This would necessitate rate structure changes,

to better align costs and revenues.

RMI then poposes evaluating rate structures on thability to pay for operational services, capture

and promote value to the system, and be implemented with flexibiigyy Additionally, any
proposed change must be technologically and politically feasible. To this engy@ygsedrate
structure should be as simple as possible, to improve customer understanding and gain approval

from the public service commission.

tKSaS (62 ONARIGSNRZ2Y FNB dzaS¥dA Ay laaSaaiay3da | 5
should rdlect the value of services imported and exported by the customer; a rate structure should

pay for services, promote value, and be flexible.

However, there are significant challenges faced by a utility when proposing a change to existing rate
structures. There are many stakeholders in the retail electric energy sector, to include the public,
utility shareholders, regulators. It is difficult to propose a change that provides benefits to all
stakeholders. A proposed change by the San Diego Gas and iEl€impany (SDG&E) illustrates

these challenges.

LY HammI {5D39 LINRBLRAaASR AYLI SYSyGAy3da I [RbSis2N]
This charge would specifically bill for use of the network, as a method to capthervwose
unrecognized costs associated with NEM households. As proposed, customers would face a charge

tied to their absolute demand. In this construct, a customer exporting 1 kW (i.e. when PV
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generation exceeds household demand) is charged the samecastamer importhg 1 kW (i.e.

typical demand).

TODAY PROPOSAL

Residential Net Metered Solar Customer Residential Network Use Charge Solar Custonmes
3
2.5
. IMPORTS
< FROM GRID
15 T
Demarnd Ve ™,
(k) 1o 1.2 KW avg. for
y i Metwork Use
05 /‘ A Charge
I
0:00 3] 00

0.0
000 200 000
0.5
1.0
EXPORTS

-1.5 TO GRID

Figure6: SDG&E's Proposed Network Use Chd&je

This rate structure was specifically designed to ensure NEM customers pay their fair share of the
costs associated with operating a distribution system, of which they are utilizing. It is worth noting
this rate structure supplements, but does not replace, the traditional volumetric energy charge;

customers would still be paid for exporting energy, allaeia lower effective rate.

According to the RMI criteria, the SDG&E proposal could be consider an effective rate structure. It
pays for operational services, by capturing the fixed costs associated with distributing both energy
imports and exports. It gdaures and promotes value to the system, by recognizing high export
guantities may drive up the costs of operating the distribution system. It can be implemented with
flexibility, as the calculation formula is straightforward and can be scaled as neéttegever, this
proposal was met with strong opposition from groups including the solar industry, customer

advocates, environmentalists, and NEM custonjts
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They argued the SDG&E proposal failed to capture benefits of DB2digNF ISR YSSGAy 3 [/ |
renewable energy goals, and would result in price signals that do not reduce peak system demand.
The highly variable costs and benefits of DER ensure that these claims are certainly true in many
cases. However, the costs StKsattempted to capture in their proposal are also certainly valid in
many cases. It is extremely difficult to describe these costs and benefits within a simple rate

structure to be applied to all use cases. The strong opposition also illustrates sqmieeneents

when engaging with stakeholders.

Ideally, a rate structure proposal would benefit all stakeholders. Howdveannot be assumed
this is always possiblep, at a minimumpewly captured costs should be specific and defensibie.

application this mayalso runs counter to a goal of simple, understandable rate structures.

This is a lesson for the design of a DDS marketplace: the marketplace should have simple,

understandable rules with specific, defensible cost allocations.

Despite this diffialty, customer demand for DER continues and utilities are faced with integrating
these resources into the grid. To address this challenge, the RMI panel considered alternative utility
business models for a future with a higher penetration of DER andcasaised customer focus on
SYySNHe SFFAOASyOeo ¢CKS 1S& ljdzSadAazy |ai{SR sl a
the future and how should we create mechanisms to appropriately compensate utility companies

for performing those functiongq2].

As expected, there are many possible approaches to this question with even more permutations of
utility business models. However, proposals can generally be separated into two approaches, which

are not necessarily mutualgxclusiveincentive Regulatioand Network Utility.
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2.3.2 The Incentive Regulation Approach

The first categoryis the Incentive Regulatiompproach, in which the utility has a direct role in
financing, deploying, and/or operating DER. This is encouraged by regulatgproved revenue
structures such as performance based earnings, shared savings, incentivefreggn, and DER
deployment targets. This approach could parallel attempts to promote energy efficiency by
decouplingutility revenues from total energy sales. Theentive Regulatiormpproach further
establishes the electric utility as the primary driver in distribution operations; RMI refers to their

NEES Fa | &ayREG2N] I FROKSNIDAOS LINRJARSNE ®
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intact, strongly limiting the possibility of customer inequalities. wdwer, this approach requires

regulatory changes and modified rate structures to support utility revenue requirements. With the
stakeholder incentives previously described, this is not an insignificant challenge. Finally, this
approach may necessitate$h dzi Af A& 06SO2YAy3 Y2NBE Ay @het SR Ay

meter, for example when selecting rooftop PV deployment locations.

Within the Incentive Regulatioconstruct, there are multiple valid approaches. Again, an expert

panel convened by the Rocky Mountain Institute provides insight into some of these appr¢@ches

LY GKSANI NBLRNI abSg . dzad A3ySSaa wea2lR SONER LI223NT Al KISK NESAS:
business models. The first two, Integrated Distributed Resource Manager and Distributed Resource

Finance Aggregator, can be categorized withinltieentive Regulatioapproach.



25
As an Integrated Distributed Rescar Manager, the utility take responsibility for planning the
deployment of DER. This is accomplished with fully transparentbenstfit analysis and a goal of
maximizing DER impact at the lowest cost. Incentive regulation would provide the utilityuseven
for acting within this role. During their cebenefit analysis, the utility would welcome input from
third parties and make its decisions in a peeviewed fashion. This approach would be relatively
simple to implement, as it closely matches exigtinles of the utility. However, the proposed goal
of transparent and clear costenefit analysis may be difficult to attain; centralized decision making

will inevitably lead to disagreement between stakeholders.

Alternatively, as a Distributed Resourcmdnce Aggregator, the utility takes an active role in
managing the financing of DER. The utility enacts new tariffs, customized for customer
participating in DER investment. Customers would engage with-tdirdNIi @ & LINBS F S NNB R
provider installers G2 AYLX SYSyid (GKS 59w Ay@SaidyYSyido ¢ KA
utilities: facilitating business between customers and these third parties. Consequently, the third

party service providers are compensated by the utility for installing and magabe DER. This

option is also attractive because it can be easily integrated into existing utility structures. However,

RMI claims such a flethirough financing model could be difficult to in@phent.

2.3.3 The Network Utility Approach

Alternatively, the secad categoryproposed by the Rocky Mountain Institute idNa&twork Utility

approach, in which the utility provides customers with prices signals designed to incentivize
favorable network behavidi2]. Instead of direct utilitynvolvement, these price signals will induce
AYyoSaltyYSyd o& 20KSNJ aSNDAOS LINPJARSNAO® Ly GKAA&

O&M of the grid, with the added responsibilities of creating markets, managing additional
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transactions, and ilerconnecting buyers and sellers. This would best parallel the current role of
ISOs and RTOs at the wholesale level, but instead at the distribution andsenidvel. Markets
within the utility network would encourage optimal DER deployment; a-dedgned market would

include both incentivizing andslincentivizing price signals.

TheNetwork Utilityapproach could provide the utility with new sources of revenue unconnected to
volumetric energy sales, such as network operation and network facilitatiblowever, this

approach is not without challenges. The exact nature of utility responsibility and revenues must be
Saidloft AaKSR® C2NJ GKS dziAtAGeQa yS¢g NeBES I|a |
performance must be established and enforceddditionally, differentiated price signals may

disrupt the traditional utility responsibility of customer equality. The regulatory implementation of

a Network Utility F LILIN2  OK &aK2dzZ R | RRNB&aa (KS LIyaRaiAa6eAd A ( &
Finally, ths approach would require the creation of new platforms and protocols to take advantage

of these differentiated price signals, perhaps making this a more significant shift than adopting the

Incentive Regulatioapproach.

In aproposedbusiness model descéd by RMR Y G bS¢g . dzaiySaa az2RSfa T2NJ
the utility actsas an Independent Distribution Network Operaf6if. Thiscan be classifietvithin

the Network Ultility approach. As an Independent DistributiontiNerk Operator, the physical

distribution network remains a regulated utility with performanbased regulation. However, the

role of the distribution utility now includes reducing system costs through pricing mechanisms. Not
surprisingly, this paralleihe role 1SOs play in the wholesale market. In this aspect of the business
Y2RSt 3 GKS dziaAtAGe g2dfd R 0S NBGFINRSR gAGK NB3IdA

anticipates this model would result in some form of locational marginal pricingugirout the
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distribution network. Of the business models suggested byiRmis whitepaperthis is suggested

to support the highest levels of innovation in DER integration. By decentralizing the adoption of
DER, the utility will enable creative usesea to maximize local value. However, this requires far
reaching structural changes, for regulators, utility, and -esd customers. One challenge is
designing a market structure to captures all positive and negative aspects of DER and energy
consumption. Another is revising the legal framework between actors within the distribution
system, such as assigning responsibility and liability for the consequences of dynamic electrical

characteristics.

From these two categorieshé Dynamic Distribitin System concept fits within thidetwork Utility
approach. Under this approach, the DDS will allow many independent actors to pursue and capture
local value. Prices within the DDS would describe the system value of energy and dynamic
characteristicsexposing actors to new costs and opportunities. DER adoption would be incentivized
by these prices, but ultimately dictated by the independent actors within the systerhis
observation is useful when framing the DDS proposal within existing framewopbgals. Note the

DDS concept, and this thesis, does not specify the business entity that functions as the Distribution
System Operator (DSO). This could be the utility, to parallel the role described by RMI as the
Independent Distribution Network Operato Alternatively, this could be a new business entity
altogether. This determination falls to the business model and regulatory aspects of the DDS

concept and will not be addressed further in this thesis.

2.4 Electrical Energy WholetaMarkets

It is valual® to consider the market processes in existing energy markets, when developing a DDS

marketplace. To this end, the design and operation of the wholesale electric energy market is
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considered, with many relevant conclusions. The primary resource forldhis$ I NOK A& { S35,
Gt 26 SNJ { &ad S[v. Rdn2ths2textfive pagticularly relevant observations are made.
These observations focus on: marginal c@std market clearingmarket structures, designing and

testing market rules, forward and spot markets, and locational pricing.

2.4.1 Marginal Costs and Market Clearing

As defined byThe MIT Dictionary of Modern Economiics &t KS Y NBAYylFf O2ad Aa
LINE RdzOAy 3 'y SE[BNIn odnytdniext, tha@ uni2 ozibutpdriist energy, generally
SELINB&a&aSR a 12K i GKS RA&GNROdziAZY f S@St o { @

the marginal cost is that of power planparticipating in the market.

Stoft states that,in a competitive market, energy producers will supply energy up to the quantity at

which their marginal cost equals the market price. This igriaeketclearing priceat which supply

equals demand7]. Asupplycurveistdu S OK Sy SNHE& LINRRdIzOSNIDA YI NHA
jdzt yGAGeE YR (GKS aeadsSyQa |33aNB3IAFGSR adziix & OdzN
wholesale market, it is generally assumed that the demand is fixed for a given point in time. Thus

GKS YIN]JSG Of SFNAYy3I LINAOS G GKS F33INB3IAFGSR adz

energy demand.

This concept, of marginal costs and market clearing points, can be applied to the DDS marketplace.
In the DDS marketplace, market participantan be considered consumers, not suppliers.
Additionally, rather than the demand quantity being fixed, the supply price can be considered fixed

at the wholesale energy price. Thus, the DDS marketplace clearing point would be the quantity at
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which the agregated demand curve matches the wholesale energy price. This will influence the

overall design of th®DS market proposal.

' RRAGAZ2Yy I ffex {G2FG lfaz2z RSTAySa | GLINROS G 1SN
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power. This same concept can be applied to consumers iDD® marketplace.

2.4.2 Market Structures

Next, Stoft described the market structures used by the wholesédetric energy markets.In
ISYSNIf3> YIFEN]JSGa FNNry3IS (GNIXRS& 0Si6SSy odz SNA
0S06SSy 2yS 06d22SNI IyR 2yS aSttSNE 2N G6KS SEOKI Yy
There are variations within thesivo categories and overall market may include components of

each [7]. Bilateral markets are extremely flexible, but the flexibility is expensive and time
consuming. Wholesale energy markets are commonly mediated, eitheryas ¢ SEOKI y3S¢ 2 NJ

type, although longerm energy markets generally use bilateral forward markets.

An exchange, or auction market, provides security for market participants by acting as the counter

party on all trades. If a market includes independeperation by buyers and sellers, their actions

O«
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markets, making them useful for reiine markets[7]. However, bids into the exahge are limited
(2 SySNEH& ljddtyGAriGArAda FyR LINAROS® ¢KA& Y& tS8FR

capture nonamarginal costs, such as stanp or naload conditions. This is a downside to simple

exchange markets.
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A pool is a modificationf an exchange that includes side payments. In this market configuration,
bids into the market include more information than the marginal cost curve. This information may
include generator limits and statp costs. When the centralized coordinator deténes the
YEN] SG Ot SFENAYy3 LRAYyGT Ad YlFI@ A&aadzsS aiARS LI &ySsy
lose money[7]. These pools typically use very complex bids, with an attempt to prevent bidders

from gaming their bids.

Based on these observations, a DDS market may best be designed as an exchange, providing speed
YR &AAYLX AOAGE® | 26 SHSNE (GKS &aAYLIEAOAGE 2F 0OA

encompass their risk and true costs; this will need to be consitlby the market design.

The extent of possible DDS market structures is illustrated with the EcoGrid EU [®hjebt this

pilot program, household DER was controlled with #téak markets, much like the DDS concept.

Forit KSANJ RSLX 28YSyids GKS &A0GNHzOGdzZNB 61 a -FhywaDoRRE S
The settlement price was determined and published based on the anticipated response of dynamic,
householdlevel devices; in other words, households did not commateiconsumption preferences

to the system operator. This method was selected to reduce the transaction costs predicted to be
associated with small actors (i.e. the households) participating in the market. While this is not
strictly a double auction, itsi certainly a valid market approach. In contrast to the EcoGrid EU

approach, this thesis will specifically address a double auction approach, in which all actors

participate in the market as both buyers and sellers.
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2.4.3 Designing and Testing Market Rules

Folbwing the description on market configurations, Stoftscribes methods for designing and
G6SadAy3a YN]SO Nz Sao ¢CKS Idzi K2NR& 20aSNBIFGA2Y

key observations that also apply to a DDS marketplace.

One, a markeshould be designed to prevent gaming. Efficient trading occurs when all bidders
submit their true costs and values into the market; this leads to efficient outcomes. A market
mechanism that induces truttelling is anncentivecompatiblemechanism. Ténauthor states that
singleprice auctions are nearly incentive compatilpid. In a singlgrice auction, the same price
applies to all buyers and sellers, regardless of their marginal costs or values. This is an alternative
pay-asbid auctions, in which buyers and sellers receive prices based on their marginal values and

costs.

From this observation, a DDS market may work best with a sprgle auction configuration.
Additionally, the market should be evaluated on hewell it incentivizes market participants to

express their true costs and values.

2.4.4 Forward and Spot Markets

The next relevant lessons from the wholesale energy markets are the distinction between forward

and spot markets.

Forward markets trade in energy futures. This includes nonstandardiéomgforward contracts.
Additionally, the system operator will generally hold forward markets one day ptioe day ahead
(DA) marketc and often one hour prior to redime operaion. These formal process are also

forward marketq7].
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The author limits his definition of spot markets to the réade (RT) market, although it is
acknowledged that the term spot market is often used to also describe thea hourahead
market. The relationship between energy purchased and delivered in the DA and RT markets is

called the twesettlement system.

In the twosettlement system, deviations from forward contracts are assessed at the RT market
price. Thelargeg take-away from thigprocesss thatit maintains the same performance incentives

for actors within the RT market, regardlesstioé forward market quantities and pricdg]. As a
result, actors behave as if all transacticar® made solely in the RT market. This results from the
observation that forward markets become sunk fixed costs once established and market behavior is

determined by marginal costs and values.

This is an extremely useful conclusion for modeling the biehaf a DDS marketplace. Even if the
DDS marketplace include provisions for forward markets, RT market behavior can be modeled as if
the forward markets never took place. As a result, all modeling in this thesis will only provide RT

markets, but this des not preclude the existence of a forward market.

As an example of the relationship between DA and RT markets, the NY ISO market timeline is

provided below.
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Figure7: NY ISO Market Timelin@d.0]

2.4.5 Locational Pricing

Finally, wholesale markets provide insight on locaspecific pricing. Up to this point, it has been
assumed that the clearing price applies to all locations in the market. However, this is not the case.
Pricing must reflect physitéosses and may need to be adjusted due to capacity limits on system

components.

Physical energy losses must be considered by the wholesale energy market. This can be
accomplished through decentralized competitive loss pricing, which uses transmissiketsnar

through nodal loss pricing, which uses reference bus prigihgNeither approach will be discussed
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here, but this illustrates the need of a DDS marketplace to consider system losses when determining

prices.

Additionally, network capacity limits can prevent optimal market dispatch from being technically
feasible. This drivesongestion pricingin which different locations in the network face different
prices. These prices result in the optimal, economically effi@nergy dispatch. Again, the details

of this process will not be described, but this provides a precedent and foundation for location
specific prices, based on network limitations. A DDS marketplace could be expected to provide

similarly differentiatel price signals.

2.5 Dynamic Pricing and Price Elasticity of Demand

I 55{ YIFIN]SGLIIOS: o6& ySOSaaAritesr Ydzad Ay O02NL]2 NI I
on the expected customer response to participation in a DDS marketplace, the conceptafidyn
pricing is examined. From this follows some general observations on the price elasticity of electricity

demand and the role of hedging within a DDS marketplace.

Exposing customers to the volatility of the wholesale electricity market has been-guirtgarea of
economic study for decades. This concept is described as dynamic pricing or, in some cases, real
time pricing (RTP). As described by Joskow and Wolftdfnmarginal generation costs fluctuate
throughout the day baseload power plants, with low marginal costs, are supplemented by power
plants with higher marginal costs during periods of peak energy demand. When customers face
retail rates that do not reflect this variation, they will consume too much when malgiosts are

higher than retail rates and will consume too little when marginal costs are lower than retail rates
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Preventing this misallocation of consumption (i.e. seeking the economically efficient level of

consumption) is the primary driver of dynanpidcing proposals.

Timeof-use (TOU) rates attempt to adjust for this discrepancy, buhakoreflect the true marginal
costs of reatime generation. These rates are set in advance, based on the anticipated generation
costs for specific time periods; practice, they only very roughly reflect the true marginal costs.
Joskow and Wolfram list four traditional arguments against dynamic pricing: metering infrastructure
would be too costly; complex rates would increase billing and metering costs; mostrarsto
would not understand or adapt to dynamic prices; and dynamic pricing would result in inequity of
effective energy costs for customers with different consumption patt¢ii$. They then claim that

the firsttwo clams aré f | NASf & ANNBt SOIyd IABSY Odz2NNByid YSGS
pilot programs have shown that customers will adapt to dynamic pricing; although studies have
been voluntary and limited, so they cannot necessarily be extrapolated to &incess. Finally, the
authors recognize the potential for inequity as the largest impediment for \s@de adoption of
dynamic pricing. Numerous studies have attempted to model this impact, but results are not
conclusive. As a result, it should be expédcthat dynamic pricing implementation would be

cautious, with voluntary adoption by customers.

From these concerns, two more DDS marketpldesign goals are identified.

One, the DDS marketplace, in support of the DDS as a whole, should seek to mtiménfiiidion of
adoption by customers.This is not a trivial requirement, yet it is unclear how one marketplace
proposal fundamentally provides more or less friction than another proposal. Instead, this is
primarily a concern for the DDS business motled;DDS marketplace should support the efforts of

iKS o0dzaiySaa Y2RStQa Odzai2YSNI SELISNASYOS 321 fao
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Two, the DDS marketplace should provide opportunities for all stakeholders to benefit. As described
by Joskow and Wolfram, when transitioning to dynamicipdggcthere will likely be customers that
higher effective energy prices. A DDS marketplace proposal need to address this directly. Instead,
the marketplace should facilitate opportunities to seek and take advantage of new value
propositions. The DDS nkatplace should not be prescriptive: customers should have ultimate

flexibility.

One important aspect of dynamic pricing is the anticipated response of customers to differing
prices. This is described as thwece elasticity of demand Price elasticityof demand is defined as
the percent change in quantity demanded, due to a one percent change in the [Blicelt is

formally defined as:

Q
e}
C

Q
=
C

Generally, a given price elasticity of demand is negative. Howevgrgdmmonly expressed by its
unsigned magnitude, although the actual negative value is presented in some publicatiotigs

thesis, the unsigned magnitude will be used.

¢CKS LINAOS StlFradaoOAte 2F RSY!Il y Remard cied &8 Saimbind 6 KSy A
curve is a series of points representing desired consumption quantitiescribed by the horizontal

axis¢ at various price pointg described bythe vertical axis. The price elasticity can range from

perfectly inelastic to perfectly elast A perfectly inelastic demang £ 0) does change quantities in

response to price changes; this is represented by a vertical demand curve. Conversely, a perfectly
elasticdemandsI’ k0 Oly 06S NBLINBaSyGSR Fa | égeallimit2y il f

of price sensitivity. For elastic demand between these extremeg© <k 0 > (G KS ljdzr yGAGe
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will vary with the price; this is a descending demand curVeese cases ai#ustrated in Figure 8

below.

As a result of these elasticityrits, a demand curves expected to be nofascending. Note, there
are goodsin whichthe price elasticity of demand may be positive, resulting in an ascending demand

curve; these are very special cases, and it is assumed electrical energy is nevethese gbods.

Example Demand Curves

Perfectly Inelastic Demand (e = 0)
Elastic Demand (0 < ¢ < o0)

\ Perfectly Elastic Demand (e = oo)

Price

Quantity

Figure8: Impact of Elasticity on Demand Curves

Finally, asupply curveNB LINS &Sy da | LINPRdzOSND&a ¢gAftfAy3aySaa

supply curve is also plotted on the quantfiyice axes. As a demand curve is expected to be non

ascending, a supply curve is expected to be-descending.

Returning to the priceelasticity of electrical energy demandy a metaanalysis of 15 dynamic

pricing pilot programs Faruqui and Serqici attempt to quantify tlpeice response of residential

l.:.l
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electric energy consumptiofl2]. The range of experims included many variables, including data
collection and analysis methods, timing of the dynamic pricing event, and geographic location. As a
result of these variables, the authors conclude that the measured elasticities of demand vary widely.
In addiion to the variables listed,he following factorsanfluencethe observedprice elasticity of
demand: availability of enabling technologies, ownership of central air conditicaimthe pricing
rate structure itself.Ultimately, they finddsubstitution elasticities from the experiments range from

0.07 to 0.40 while the own price elasticities range fisdn02 tobn ®m n €

In dThe ShorRun Effects of Tim@arying Prices in Competitive Electricity Markets | 2 f £ I YR |y
Mansur analyze the expected impact @aktime pricing on wholesale markets. In their analysis

they use the following values for the price elasticity of demdh@5, 0.10, 0.20 In providing these

values, the authors acknowledge that estimated price elasticities vary greatly, butésis&ange

isISYSNI f e OAgWSR a L)l daAaof S¢é

This analysis focused on the impact of RTP on the wholesale energy markets, not the households
themselves, but these values provide an indication of the expected range of valloegever, it is
important to note that these values reflect the aggregated price elasticity of electric energy
consumption; each individual customer, contributing to the aggregation, should be expected to have

a wider range of variation.

Insights onthe ¢l G A OA & 2F SI OK A Y RA @ ATRalborfRurOEME&iengy oS NJ | NB
Real Time Electricity Pricéi4]. In this article, Borenstein develops a detailed model for customer

energy demand, including elasticity. erauthor acknowledges that elasticities depend greatly on

A 2 4 A x
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longer run, however, redime demand response will become easier to automate and larger

elasticities might be expected, so | include resuiing-0.3andn ®p | & &St f dé

Additionally, Borenstein notes that elasticity should be expected to vary over inseof the day.

In the model used, the authoraries elasticity linearly across demand levels: 50% of the original
demand elasticitys usedthe lowest demand; 192% of the original demand elasticity for the highest
demand level. ¢ KS I dzii K 2Hede Boiindaiiés av¥re anasen so that the demamelighted
average elasticity is equal to the original demand elasticity in order to allow some comparability to
0 KS LINB @A 2 dzaNotd, foivthef largést @astiitp éncluded in the moddl,5, this would

NBadzZ 4§ Ay LISNA2Ra -fayingekstickis modedza.962 YSNDa GAYS

Ultimately, these articles provide a large range of price elasticities values, with many influencing
variables. This provides two conclusions: one, a DDS marketplacebenflskible; two, modeling

the behavior of actors within a DDS marketplace has room for tremendous variability.

Finally, a review of dynamic pricing literature reveals the importance of hedging in RTP
implementation. Hedging is a financial action desijto minimize the risk of changes in price. In

a traditional retail electgity market, customers are (perhaps unknowingly) hedging against future
wholesale energy prices. If a rise in fuel prices causes a spike in whole energy prices, retail
customerswill generally face the same retail rate. When a customer is exposed ttimreaprices,

they face higher risk.

a4 RAaOdzaaSR oOimeVanindRefaiEiecikity Priseg: Thieory andatice ¢ | wet
market introduces new risks to both utility retailer and ease customer$l5]. The author goes on

to describe methods to provide hedging and risk mitigation. These observation can certainly be
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applied to the DDS Biribution System Operator (DSO) and customers in the DDS marketplace. In

particular, Borenstein proposes:

a de retailer couldjoffer to pass through the wholesale spot electricity price and would augment
that offering with various price protection progms, such as a BYO baseljbeild-your-own

hedging strategy]The retailer would then hedge its wholesale price risk in a way to match the retalil
price hedging that its customers have chosen to purchase. In essence, the retailer would serve as a

broker d risk hedging servic€sé

Determining the specific hedging strategy for utility retailer is beyond this thesis. However, these
comments provide an addition insight into the design of a DDS market. The market must support
hedging strategies and risk migiion by actors within the system. Ideally, the market would be

flexible enough to support different strategies in different DDS implementations.

From this section of the literature review, the following conclusions apply to the design of a DDS

marketplae.

One, dynamic pricing experiments have demonstrated that customers are willing to modify their
energy consumption based on changing prices. However, the degree to which consumption changes
¢ the price elasticity of demand varies greatly across customse time, and use cases. To support

this observation, a DDS marketplace must provide-esel flexibility, in which a customer is able to

modify their realtime consumption, based on their timearying preferences
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Two, enabling technologies improve theige responsiveness of customers, so the marketplace and
supporting infrastructure should allow f@utomated processes, based on observed and provided

customer preferences.

Three, a proposed DDS marketplace must enable risk hedging by actors withintéme. dgeally, it

is flexible enough to allow actors to determine their optimal hedging strategy.

Finally, it is necessary to acknowledge that the concepts described in this literature review can be
addressed under the umbrella concept tfinsactive energ As defined by the GridWise
Architecture Council, a D@ELIZ Y A2 NBR 2NHI yAT FiA2y> (GNryalk OGABS
and control mechanisms that allows the dynamic balance of supply and demand across the entire
electrical infrastructure using v@2S & 1 S@& 2 LIS[ML (Furthef,Iséme pdindialesy S (i S NE
of transactive energy systems are: highly coordinated -agtiimization; maintaining system

reliability with enabling integration of DER; ndiscriminatory pd#icipation; observable and

auditable results; scalability and adaptability; and holding actors to an accountable standard of

performance. These concepts will influence the development of the DDS market design.

This concludes the literature review. Assdebed, there are externalities associated with DER
penetration. These externalities necessitate changes to traditional retail utility business models.
Proposed business models and studies on customer response to dynamic pricing, provide
observations tht are relevant to the development of a DDS market. These observations will be
incorporated into the DDS market proposed in this thesis: the Dynamic Tariff Distribution

Marketplace (DTDM).
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3 Dynamic TarifDistribution Marketplace

3.1 Overview

The Dynamic Digbution System (DDS) provides a solution to many of the concerns withsgale

DER deployment, while still providing the many benefits. Additionally, implementation of a DDS can
provide new business models and yield new efficiencies in the electeiggsector. As previously
described, the DDS requires an internal energy marketplace, which provides discriminated price
signals to actors within the system. This Distribution Marketplace can also play a role in managing

the externalities associated VWAtDER deployment.

The termDistribution Maketplace will be used to describe: the overall marketplace structure and
rules; the communicatioprocessesand algorithms implementing this structure; and the actual act
of customers and coordinatorgarticipating in the market.At its core,a Distribution Marketplace
facilitates communicationthat determines an energy clearing price. This price is then
communicated to actors, upon which thdyase their energy consumption.Following energy
consumpton, payments are calculateth accordance with marketplace rulesA Distribution
Marketplace should, at a minimum, reflect the locational and temporal cost of energy,

compensating for physical system energy losses.

The proposed Dynamic Tariff Distribution Marketplace (DTDM) relies on dynamic tariffs to capture
externalities,incentivize favorable system behavi@nddisincentivizeunfavorable system behavior
Imposed tariffs follow a prestablished structure andooivention, but update parameters based on
reaktime or anticipated system considerations. For example, a Prediction Tariff would be structured

to incentivize accurate prediction of future loading. The actual incentive impact is driven by a
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pricing parameéer, which is updated dynamically: if accurate prediction is currently valuable, the
pricing parameter is high; if accurate prediction is not currently valuable, the pricing parameter is

low.

Thus, the cost of energy at any point in the system would reflect three components: the upstream

unit cost of energy, energy loss adjustment, and the impact of all intermediary dynamic tariffs.

Dynamic Distribution System
Bulk Generation

Transmission
Load

Local Generation
Distribution
Price Signal

Marketplace

Controller

|-@E-c-§§5

Electricity

Communication

Figure9: Dynamic Distribution Systa with Marketplace[1]

3.2 DesignObectives

Development of the proposed Dynamic Tariff Distribution Marketplace (DTég)an iterative
process. Thelesign objectivesncluded end goalsguiding principlesand market consideration.
The DTDM does not attempt to directly solve all statedlg. Instead, the DTDM is a platform upon

which further development and innovatiaan occur.
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3.2.1 End Goals

The end goals are based on supporting the implementation of a Dynamic Distribution System (DDS).
To this end, the DTDM should support interconnection with a larger energy system, provide intra

system control capabilitieguantify externalities, and supjpbislanded operations.

First the DTDM should provide the external network with confidence in interfacing with the
Dynamic Distbution System. The external network could be the wholesale electric energy market,
a traditional electric utility, or a largeDDS in which the DTDM is a component. In this context,
confidence extends to both physical power quality and financial forecasting reliability. The DTDM
does not purport to manage power quality stability directly. Instead, it provides minutgcale
control and influence on energy balancing. Additionally, it provides the Distribution Systems
Operator (DSO) with additional tools to encourage acceptable power qualify. support
intermarket financialforecasting reliability, the DTDM must not disrufite aggregate load
forecasting performed by the wholesale energy market. In this context, the DTDM is a success if it

provides greater reliability and predictability to financial instruments in the electrical energy sector.

Second the DTDM should providthe system operator withoad control. This enables a new
distribution-level capability in distribution operation, specifically when sizing infrastructure for peak
loading conditions. Additionallyhis supports the firststated goal, aglemonstrableload control

can enable new relationships with the larger electrical energy network. For examglegssfully
deployed DTDM couldarticipate in the wholesale marketsaa managed load, virtual power plant,
or synthetic ramping reserve. These new useesasan support better energy rates for customers

within the DTDM.
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Third, the DTDM shouldjuantify and mitigate externalities As previously described, there are
numerous externalities, both good and bad, associated with wide DER deployment. A
successfully implemented DTDM should capture these externalities and ensure they are borne by

the appropriate system actors.

Fourth, the DTDM shoulaupport islanded operations Not all practical DDS networks would be
capable of islanded operation. Howeverwall-designed DTDM would provide flexibility for the
systems that support such operation. With a lagpale network of autonomous actors, this

involves preventingystem power imbalance.

3.2.2 Guiding Principles

With these goals in mind, development of the[@M was guided by fouguiding principlesindirect
control, scalability, flexibility, and minimal communication. Th@smciples are certainly not
requirements for a Distribution Marketpte. However, each waselected because it either
supports reaworld implementation or integrates with the larger goals of the Dynamic Distribution

System.

The first principle is indirect control. This is an acknowledgement that, in nearly all cases,
autonomous actors will be responsible for the emse consumption o€lectrical energy. In the
context of the DTDM, the indirect control is provided by setting prices, not dictating energy
consumption quantities. By necessity, this provides additional risk to the system operator.
However, the DTDM rules are designed toable mitigation of this risk through weplanned

implementationand hedging
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In contrast, a proposed Distribution Marketplace that relies on direct control is naturally limited by
voluntary participation and available technologies. It is unreasonawlassume customers will
provide full control of their energy consumption to any third party. However, a customer may elect
to install a Home Energy Manger that will locally control energy consumption based on a price
signal. The DTDM proposal conjectattthis provides a greater range of potential consumption

responses.

The second principle is scalabilityA welldesigned Distribution Marketplace should not be
constrained to networks of a certain size or type. In the context of the DTDM, scalaldlitiegthe
fundamental rules and configuration to apply from househstdle device management to campus

scale microgrids to neighborhoestale electrical distribution networks.

The third principle is flexibility. This principle recognizes thptoposedDistribution Marketplace
cannot anticipate, and thus solve, all potential problem&he designshould allow system
participants to innovatesolutions to meet anticipated and unanticipated problem&s a result, the
DTDM will focus on processes apdbotocols. Proposed interactions with the system will be

illustrative, not prescriptive.

The fourth principle is minimal camunication. A Distribution Marketplace, by definition, will
include multiple independent actors. The information pass between actor$o @ third party,
should be limited to that necessary to operate the market. This derives from related considerations
for efficiency, reliability, and security.Efficiency is provided by streamlining communication
processes Reliability is provided by removing the need for an alwayshird-party connection for
market implementation. Security is provided by minimizing the information any customer

communicates about their energy consumption.
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3.3 Network Sructure

TheDynamic @&riff Distribution Markeplace(DTDM)network consists of nodedinkagesand tariffs.
Nodes are locations are which energy flow can be potentially measured, linkages connect nodes,

and tariffs are imposed on linkages.

The DTDM also specifies owners &ach node, linkage, and tariff component. An owner can be
considered a firm or actor that supplies, consumes, and/or transports energy within the DDS. It is

expected that an owner is aware of all components within their control.

TheDTDMassumes a radigdhysical network. As a result, nodes exist in a hierardfy. a given
node, the node higher in the hierarchy is its supernode. For a given node, any nodes lower in the
hierarchy are its subnodesA node may have multiple subnodes, butreode may have only one

supernode. This is the single supernode convention.

One node in the DTDMas no supernode; this is the top of the hierarchy. This is theL&upl

Node. Similarly, many nodes will have no subnode. These are Bhtweeh Nodes.
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Supernode N
Positive Payment

| Negative Payment

Positive Energy Flow Negative Energy Flow

¢ | Node

Cashflow

Positive Revenue

Subnode | Negative Revenue

FigurelO: Energy and ChasFlow Conventions

The DTDMises an energy demand convention. Positive energy flow is always from the supernode

to the subnode. Energy flow from a subnode to supernode is also acceptables expressed as

negative value.Cash flow convention moves up the hierarchy. Positive cash flow is a payment from

I adzoy2RS (2 A0a adz2LSNYy2RST (GKAa Aa |faz LRAAGA
cash flow also occurs from a node to a tarnf@sitive revenue for a tariff is cash flow from the

subnode.

Nodes are connected by linkages. A given linkage between a supernode and a subnode is owned by
the supernode. Consequently, an actor within the DTDM establishes their scope at their most
upstream node. Ownership then flows to all downstream linkages @odes unless interrupted by

a new owner.

Atariff can existon the linkageébetween any subnode and its supernodilultiple tariffs may exist

on any linkage.
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Like linkages,he supernode owns the tariff. In this conte#te owner collects all tariff revenues
and is responsible for setting the parameter valuddowever, the subnode bears the tayifts

owner is responsible for making tariffs payments and adjusting its demand based on the tariff

DSO
Transformer
J
( 1
Household A Household B
Service Point Service Point
(Supply Side) (Supply Side)
Household A ] [ Household B
Service Point Service Point
(Load Side) (Load Side)
Household A Household A
HEM HEM

Figurell: Node, Linkage, and Tariff Ownersh
lllustration

parameters. Thus, when a subnode submits its demand curve to its supernode, it is expected that

GKS adzoy2RS Kl a | Ri2uze baSed onadydastty 0 NHzS¢ RS Y|

Tariffs will commonly occur at the interface between two owners. However, a tariff may also occur
on a linkage where the subnode and supernode have the same owner. In this case, the same owner
sets the tariff parameters and adjudise subnode demandccordingly. However, there is no cash

FTi2¢ FTNRY (KS 26ySNDRa LISNELISOGAGSsE +a (KS LI evy$s,
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the tariff. This would be particularly common for Capacity Tsanthere the owner does not want

to exceedhe limitations of a physical component within the network.

3.3.1 Physical SysterRepresentation

The first step irconfiguring the DTDN& to describe the physical systdayout In this context, a
node is a physical location on the network at which energy flow can besuned. Physical nodes
are connected by physical linkages which impose losses. These losses will be parameteazhd

instance with a Linkage Loss Constant.

In a radial Dynamic Distribution Systeroonfiguration, the togevel node is thepoint furthest
upstream. In the context of th®DS this is the point at which the Distribution System Operator
interfaces with another entity, such as a regional utility firm or the wholesale energy market. This
would commonly be a substation. Additally, this could be the point at which a radial subsection
of the electricity system transitions to the larger, networked electricity systeithis larger,
networked system may itself be a Dynamic Distribution System, with its own rules. In this case, the
DTDMis limitedto the functional clster with a radialconfiguration. The physical system is further
defined by proceeding downstreafrom the toplevel node, until reaching a bottohevel node.
Every linkage must be the sole path between a node anduipernode. For example, if the top

level node is the higholtage bus on a substation transformer, its subnode would naturally be the
low-voltage bus on the transformer. The linkage between these two nodes consists of the
transformer losseslf two feeders leave the transformer, then the lewoltage bus node would have

two subnodes. This iBustrated in Figurd.3
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While a linkage cannot split without first passing through a node, a linkage can represent multiple
system components. For example, ifeeder services a single transformer with a single Isiale
circuit, all those components could be represented with a single linkddes approach is valid as
long as the linkage can still be accurately represented with a Linkage Loss Constant. |Taii®eva

is the responsibility of the supernode owner.

Because each linkage represetite sole path between a node and its supernode, a DTDM network
representation applies to only one phasePractical thregphase distribution systems would be
represented by three overlaping DTDM networks. Thrg#hase sources and loads are thus
included on all three networks. These sources and loads should not be considered mutually

independent; this is examined in the market design.

The physical system representationntioues until reaching a bottofevel node. Bottordevel
nodes can represent any size of energy consumption or generation. c@higange from an
individual device to a neighborhood. This only requirement is that the energyafitive node can

be measwed and the demand can be predicted.

Finally, physical distributiosystens may be structured asoop configurationsbut operated with
open circuitsthat provide a practical radial configuration. In such networks, switching between

different radial configrations would necessitate adjusting tBEF'DM network structure

3.3.2 Non-Physical System Components

Once the physical system is represented in the DTDM networkphgsical system components are

added. This includes functional nodes and tariffs.
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A functiona) or virtual, node exists because it serves a purpose in the DTDM market or aids in
communication. For example, the Distribution System Operator may operate the miadetp
function at the same physical location as storage dispatch. While this physical bus can be
represented as one node, these functions may be separated into two nodes. In this case, the linkage

between the two virtual nodes does not contribute to plgadienergy loss.

Linkage Loss

Figurel2: Linkage Loss and Tariff Ownership and Hierarchy

Virtual nodes are also useful for discriminating between ownership. In Flgytbe service points

for two households are illustrated. Although each service point is a single physical location, it is
broken into a supphgide and demandide node. This provides a clear ownership boundary
between the supplyand demaneside systems.Notice that both nodes will measure the same
energy flow, but this can be interpreted as each owner receiving the energy flow measurements. If
the supernode owner does not measure this flow, or is indifferent to the measurement, this virtual
node is notnhecessary. In this case, the service point would be limited to the-S@®inode, owned

by the household.

Tariffs areadditional nonphysical system components added to the networkisTf also shown in

Figure 14, where tariffs are imposed at the sece poins, between thesupply and loadside
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owners. As stated previously, tariffs are owned by the supernode. Additionally, tariffs always occur
below linkage losses in the network representatiorhis isbecause the subnode owner must bear

the tariff, but does not have a direct relationship with the linkage .loss

Tariffs can be established wherever the system operator finds prudent. Typically, tariffs will appear
in two locations. One, tariffs will be located at linkages with systemstraining cagcity limits.
Two, tariffs will be located at the interface between two ownefde location and impact of tariffs

will be further examined in detail.

3.4 Marketplace Parameters and Process

With a DTDM network structure defined, the marketplace parameterd processes must be
established. Marketplace parameters include the market duration, settlement interval, and tariff
structures.  The parameters are selected by the Distribution System Operator in advance of
operating the DTDM. However, while marketaparameters can change with each DTDM
implementation, but the marketplace process is fixed. The marketplace process is designed to be
robust and general, for successful implementation over a range of network structures and

marketplace parameters.

3.4.1 Marketplace Parameters

The first marketplace parameter ifg market duration. Thisis the interval in which the energy
clearing market operates-or example, the NYISO réiahe wholesale energy market generally runs
every five minutes. There are advantages and disadvantages in settirythaton either short or
f2y3ao ¢tKS 5¢5a NBEASE 2y Ly | &&dzY L8 AcBuyatelyi K |

described by the average energy flow over the market period. This is not a valid assumption for long

St
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operation also relies on individual componemsponding to price signals. If the markktrationto
too short, components may not have time to respond to price signals; consider an air conditioner

expected to cycle from off to on every ten seconds.

The marketduration also impact the method by whicHEM and smart devices can anticipate the
OdzaGi2YSNR& RSYlFIYR LINBFSNByOSao | 26 SOSNE GKAA

design, so imaynot be considered in selecting the markétrration.

The second marketplace parameter is ettlement interval The DTDM results in locational prices
that are valid for the market duration. Settlement is the process of measuring energy flow and
assessing payment at the locational price. The DTDM does not require that settlement occur only at
the end of the market period. This parameter is the settlement interval, which may be less than the
market duration. When assessing energy payments at a set price, this interval has no impact: (1
kKWh + 1 kWh + 1 kWh)*($0/kWh) = (3 kWh)*($0.10/kWh). The lgrnrequirement is that the
settlement interval evenly divides the market duration and aligns with the end of each market
period. Tariffs and prices span market periods, so this is to prevent a settlement interval from

G2OSNI LAY I Go2 YINYSG LISNAR2RAO®

However, this parameter can strongly impact the impact tariff settlements. Consider a tariff that is
designed to incentivize newolatility, within a DTDM with a-Binute market duration. A-Binute
settlement interval would incentivize maintaining a comdtaverage energy flow betweenrbinute
settlement intervals. However, a-rhinute settlement interval would incentivize maintaining a
constant energy flow between -thinute settlement intervals. Thiglifferent would produce

different optimal strategies floenergy management algorithms.

A
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Marketplace parameters also includariff structures Tariff structures are be established by the
tariff owner and communicated to the tariff subnode owner. The structure indicates how energy is
measured, how settlementsi determined, and which tariff parameters are dynamic. These
definitions must be done in advance to operating the DTDM. There are considerable requirements

for tariff structures; this is described further in following sections.

Additional marketplace pameters include the actual timing of the market process, communication
data formats, and precision tolerances. In general, these parameters will not be addressed in the
general DTDM outline or specific case study simulations. Instead, they would bestedaking a

practical implementation of the DTDM.

3.4.2 Marketplace Process

In execution, he DTDMprocess consists of three sequential steps: the market processtimsal
actions, and settlement. Thegmarket process operatefor each marketduration, settlement
operates at the settlement interval, and the reiche actions as always egoing As aesult, steps
often run concurrently.Each step is outlined generally below. Specifics for etaghandsub-step

are highlighted in the Implementation section.

Real-Time Actions——p»—— Real-Time Actions——p—— Real-Time Actions——p»

12:00 - 12:05 12:05-12:10 12:10-12:15
12:05-12:10 12:10-12:15 12:15-12:20
Market Operation Market Operation Market Operation
11:55- 12:00 12:00 - 12:05 12:05-12:10
Settlement Settlement Settlement

Figurel3: Marketplace Process fds-Minute Market Duration and Settlement Interval
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1. Market Operationsets locationspecific energy prices that incorporates emsk expressed
preferences, current tariff parameters, and matches the supply and demand quantifiaket
Operation runs to meet the market duratiorn this step, the following actions take place
a. Bottom-levelnodesestablishdemand curves based on consumption prefases
b. Tariff owners establish and communicate tariff parameters for the market period.
c. The marketplace nodeequestsdemand curvs; the requestpropagates to all nodes
d. Nodes consider the impact of tariff parameters and submit demand cuagggregated
demand curves propagate to the marketplace node.
e. The nmarketplacenodesetsa clearing price.
f. Locationspecific contract energyprices propagateto all nodes This is the Node

Marginal Price (NMP)

2. RealTime Actionsre thedistributed energyconsumptionresponse to locationspecific prics,
shifting preferencesand applicable tariff parameters Note, in this context, consumption
described both energy utilization (positive energy flow) and generation (negative energy flow).
In this step, system respoasncludes the following actions:

a. Where applicable,ariff parameters updated in aoocdance with market results

b. Bottom-level nodes modify their energy consumption bdson shifting rea-time
preferences, theNode Marginal Priceand tariff parameters.Batom-level nodes may
include dynamic energgnanagement algorithms that manage consumption during the
market period. Alternatively, bottoAevel nodes may simply use thé@iMPto drive a

binary consumption decision for the market duration, or even ignbeegrice. Possible
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and its ability to dynamically measure and control its load:
i. ExpressedConsumptionPreference Unchaged / No Dynamic Load Control:
Consumption reflets market submissian
ii. ExpressedConsumption Preference Unchanged / Dynamic Load Control
Consumption reflects market submission
iii. ExpressedConsumptionPreference Changed / No Dynamic Load Control
Consumption reflects updated preference; no adjustment thuprice or tariffs
iv. Expressed Consumption Preference Changed / Dynamic Load Control
Consumptiordecisionbalances updated preferences, market price, and tariffs
c. Dispatch nodes monitor aggregated rd¢imhe consumption of subnodes; directly control

a digatchable subnode based on market price and tariffs

Settlementis the process of allocating payment and revenue for the preceding settlement
interval, based measured energy flow, thede marginal priceand imposed tariffs. Settlement
does not necessdyi include the transfer of funds, which may occur periodically, based on
aggregated settlement results. The settlement process includes the following actions:
a. Total energy transfer for thesettlement intervalis recorded at each measurement
point.
b. Supernales collect revenue from subnodes based the subnode energy flow and
NMP.
c. Tariffs collect revenue from subnodes based thre subnode energy flow, the

establishedariff structure, and the tariff parameters over the settlement interval.
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d. Subnodes make payments to supernodes and tagiffsal to the revenue calculated in

3.b and 3.c above

Supply Node
nodel

losskK

Marketplace Node
node2

MARKET OPERATION (C)
Demand curves are requested

MARKET OPERATION (E)
The marketplace sets a clearing price

l lossK

| lossK T

MARKET OPERATION (D)
MARKET OPERATION (B) Demand curves are submitted

Tariff parameters are updated

Aggregation Node
node3

SETTLEMENT
Total enegy flow is measured;

based on NMPs and tariffs

IossK—J
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Figurel4: Marketplace Process

In addition to the steps outlined above, specific DTDMnay include a Forward Market, which

would run in advance of the standard Mark@peration The Forward Mrket wouldbalance long

term predictions for energy supply and demand, creating a baseline price for that time péaisl.

processparalles ISO DayAhead and Realime markets.One berfit to this additional process is to

incentivize forecasting and provide price hedging for customel@wever, customer preferences in
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a DDS may be diffitt to predict far in advance. Inaccurate prediction of future consumption

preferences decrease thalue of a Forward Market.

Additionally, as described in Section 2.4.4, forward markets do not impact optimal economic
behavior during spot marketd-or these two reasonsthe difficulty in anticipating future customer

level consumption preferences arntie lack of impact on spot market optimizatiana Forward
Market is not considered in the general description of a DTOMis does not preclude a specific

DTDM implementation for also including a related Forward Market.

3.5 Demand Curves

In the first step ofMarket Operation bottom-level nodes establish demand curves based on
consumption preferences. The concept is fundamental to the DTABemand curve provides two

Fdzy QliA2yao hySs A ELINBaasSa GKS y2RS8dtial 02y adzy

offer to the supernode.

Serving both functions, a demand curve is a series of points, each represemiramtity (Q) and
LINKR OS 6t 0o 91 OK LRAYG A& GKS y2RS YIl1Ay3a GKS ai
purchase Q units by SNH @ ¢ ® 2 KSy LX200SRX GKS ljdzZ yGAaGe Az

the price is captured on the price axis.

As a contractual offer, a demand curve can present any combination of points, insomuch as they
YSSi GKS YI NJ SGQa efsyhodrier, micioecghomitBheatyi theli¥mand
curve is a specific expression: the marginal utility observed in consuming one incrementdramit.
example, consider a househotmnsuming no energy. If the household is not at a comfortable

temperature, one unit of energy could be put to use by the air conditioner; there would be high
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utility for this unit of energy. However, if the household is already at a comfortable temperatu
one unit of energy would be put to another, less valuable purpose, such as operating a dehumidifier;
there would be a low utility for this unit of energy. Bgsociating price values to utility, a properly
calibrated demand curve ensures the custormoety purchases energy that is used for purposes of

equal or higher value.

14 RSEAONAOSR Ay { 80iA 2 iy oidenmidmay vabydriniegey & deiand LINA O S

curve can always be assumed to be famtending.

Following thisconvention a rational actor would choose to present their contractual demand curve
as an expression dgheir marginal utility. In the DTDM, it is expected that this rational actor is a
l 2YS 9ySNHe& alylr3ISNE GNIryaftl iAy3da THSit cBdbed 2 YSND

assumed that demand curve submission reflect marginal utility at that node.

Node exports energy Node imgorts energy

Prire
o

Revenue from Supernod¢ Payment o Su@rnode
Node exports energy Node impjrts energy

1 F

Payment to Supernode | Revenue from Supernode

OuAantitv

Figurel5: Demand Curve Quadrants
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One consequence of the marginal utility convention is that the resulting demand curve is non
ascending. A rational customer will not value an incremental increase esfjgrmmore than any
previous increment. Of course, a demand curve only represents marginal utility at any point in time;
previous and current energy consumption will certainly impact the marginal utility of future

consumption.

Similarly, a supply curve riilSa Sy ia | y2RSQa 3ISYSNI A2y LINBTSNEB
offer. In this casegach point on the curve represents the marginal cost of producing one additional

dzy A G ® C2NJ SEIFYLX ST + RASaSt 3ISySNI GaadNdméd & dzLJLJE
efficiency at every possible output quantity. In contrast to fa@cending demand curves, supply

curves is characterized as ndescending.

However, the DTDM uses a demand convention, which describes all load consumption preferences
as a demand.To meet this requirement, supply curves are simply flipped along the vertical price
axis. For the diesel generator example, all operating points now reflect a price and negative
guantity. Additionally, the flipped supply curve is now rastending. Abjeneration in the DTDM

will be expressed as a demand curve, using negative quantities.

Atariff imposes costs upon its subnode. These costs can be described by a supply curve, which the
subnode uses to adjust their demand curve submission. Similaggigath system losses necessitate

a differing interpretation of a demand curve at each opposing ends ofasubsupemode linkage.

After demand curves are generated, they are communicated throughout the DTDM network and
face aggregation, adjustment, andhhslation. The following section describes each step, while the

technical analysis of implementation is included in Section 4.
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3.5.1 Node Curve Generation

Theoretically, a bottorevel node can produce a demand curve of any shape, as long as it-is non

ascendig. In pradte, different categories of bottorevel nodes produce demand curves with

common characteristics.

A Load Node is a bottofievel node that consists of solely of electrical loads. This may or may not
include a HEM that adjusts loads based oeg@signals.For Load Nodes with a HERhe demand
curve can be expected to hatleree compments: inelastic demand, elastic demand, and maximum

demand.

The inelastic demangdortion of the curve represents consumption that will not respond to price
signalsprovided by the Node Marginal Price (NMP)his is the lefthand limit ofthe demand curve.
In Figure 16this quantity is 0.8 kWh For anyNMP, no matter how large, this node will consurae

least0.03 kWh of energy.

02

Inelastic

Elastic

Maximum

0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11
Quantity (kWh)
Figurel6: Typical Load Node Demand Curve

1 1 1

1 1 1
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The elastic demand portion of the curve represents consumption that will respond to price signals.
In Figurel®, this ranges from 0.03 kWh to 0.09 kWh. This is 0.06 kWh of potential load that can
respond to price signals. If tidMPis above $0.18/kWh, the load will elect to consume none of the
elastic demand. If the price is below $0.00/kWh, the load will ¢ecbonsumethe entire available
StraiArd RSYIFIYRO® ¢tKS akKFILS 2F G(GKS StladAaAd RSYLly

translation oftheendlzda S Odza 12 YSNRa LINBFSNBy OSao

The maximum demand is the highest potential energy consumption. This igtitéand limit of

the demand curve. In Figuis, this quantity is 0.09 kWh. Notice, for any price, no matter how
small, this node will consume at most 0.09 kWh of enenypte, the price at which the maximum
demand occurs need not be $0.00/kWh. Imggal, this quantity represents every controllable
device operating at full capacity. As a result, it can reasonably be expected that negative prices will

correspond to the maximum demand; at those points the node is being paid to consume energy.

Note, a Load Node with HEM may also be described within the DHSNMnN aggregatiomode

representing the HEMiith its subnodes representy the various household loads.

Photovoltaic generation is another common bottdavel node. A PV Nodway represent a PV
array of any size. The demand curve can be expected to have two elements: maximum generation

and curtailment.
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Figurel?: lllustrative PV Node Demand Curve
The maximum generation portion of the mar represents thexpectedenergygeneratedfrom the
non-curtailed PVarray. This is the lethand limit of the demand curveln Figurel7, this is 0.05
kWh. Notice, this is a negative quantity, in keeping with the demand converfEiona fiveminute
market duration, thisraluecorresponds to a constaftVoutput of 600 W. Note, this quantity value
can incorporate pedicted fluctuations in the PV output power. For example, the example maximum

generation quantity may also represent three minutes &AM and two minutes at 0 kW.

Recall that a supply curve represents the marginal cost of generation. Neglecting any O&M costs,
which are not tied to volumetric generation, a PV array does not have any marginal generation
costs. Appropriately, the PV Noderdand curve provides maximum generation for &tiPabove

$0/kWh.

However, ifthe NMP falls below $0/kWh, the PV Node will face negative revenue for generation.

Assuming adequate contrtéchnology thereisno costs for curtailment, so the PV arnail elect to
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curtail generation. This point occurs at Q = 0, P = $0/kWWhis is the righhand limit of the

demand curve.

Energy storage is another common bottdavel node. A Storage Node may represent any form of
dispatchable energy storage, but can coomty be considered stationary batteriesSThe demand
curve can be expected to have four elements: maximum discharge quantity, discharge threshold

price, charge threshold price, and maximum charge quantity.

025 T T T T T T T

02 i
Maximum Discharge Threshold

015 .

01 7

Price ($/kWh)

Maximum
0.05 .

Charge Threshold

O 1 1 1 1 1 1 1 1
-0.05 -0.04 -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04 0.05

Quantity (kWh)
Figurel8: lllustrative Storage Node Demand Curve
The maximum discharge quantity represents the maximum energy the storage device can discharge
during the market duration. This represents the defind limit of the curve. In Figurgs, this
discharge quantity i€0.04 kWh, which is negative per the demawhvention. This could represent
the 2.4 kW power discharge over a emenute market duration. Notice, it is not possible to

discharge any additional energy, regardless of the NMP.
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Similarly, the maximum charge quantitgpresents the maximum energy trstorage device can
charge during the market duration. This represents the rigdrtd limit of the curve. In Figuds,
this charge quantity is 0.04 kWh. In this example, the storage device has the same power rating for

charging and discharging.

Note, bah the maximum charge and discharge quantities should be limited by the current storage
state of charge. For example, if the storage device only contains 0.01 kWh of available energy, the
maximum discharge quantity should be limited .01 kWh. The sam principle holds if the

storage unit is near its capacity limit.

The discharge threshold is the price above which the storage node will discharge. InlBidghie
is $0.20/kWh. For any NMP above $0.20/kWh, the storage unit will discharge at fuditgapdis is

iKS bat i 6KAOK LINKOS FNBAGNI IS YI1S8a Ad ao2NIF

Similarly, the charge threshold is the price below which the storage node will charge. InXFdgure
this is $0.04/kWh. For any NMP below $0.04/kWh, theagie until will charge at full capacityhis

describesi KS & 0(2N)} 3S y2RSQa FOdaGSYLIW G2 LIzZNOKIF &S Sy SNI

Any NMP between the two threshold values will result in no energy fldm.Figurel8, this is

depicted by a veical line segment, connecting the two threshold price values.

The threshold values, and the difference between them, would be based on the deseegly price
arbitrage and cycling frequency targetsThis could be determined in advance of the Market

Operation and manually set, or could be determined via a nledel predictive pricing algorithm. In
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general, a storage unit should be expected to select price thresholds that will maximize the revenue

earned through price arbitrage.

Additionally,the Stord S b2 RS O2dzZ R St SOG G2 &N YL AGa& OdzNJ
nearly horizontal) sections. This would provide an advantage of more accurately targeting specific
energy quantities through the NMP. In particular, this is useful for Storagdes\used in dispatch.

This topic wilbe further explored in Section 6

Examination of general bottodgevel node demand curves provides some general observations.
One, the lefthand limit of a demand curve can be represented by a positive vertical Tme, the
right-hand limit of a demand curve can be represented by a negative vertical line. ahtemand
curve that reflects actual consumption preferences may include both horizontal and vertical

segments.

Finally, aditional bottomlevel demand ctves are certainly possible. For exampée diesel
generatorwould have a curve consisting of entirely negative quantities, with prices representing the
fuel cost and unit efficiency at every possible output quantity. As another example;aarpreged
contract for purchasing energy at a set price cobddrepresented as a horizontal line at that price.

Any possible demand curve is potentially valid, as long as it issmending.

3.5.2 CurveAggregation

During Market Operation, each node submits its demannve to its supernode. When a
supernode receives multiple subnode demand curves, it must generate a consolidated curve that
represents the contractual consumption preferences of its subnod®mand curveaggregationis

the combination of two or more deand curves.Curve aggregation does not account for the impact
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of tariffs or physical system losses; those are addressed in curve adjustment and curve translation,

respectively.

Price ($/kWh)

Demand Curve 1 Demand Curve 2 5 Aggregation of Curves 1 & 2

o

Price ($/kWh)
o

Price ($/kWh)
o

) -4 -2 0 2 4 -4 -2 0 2 4 ) -4 -2 0 2 4
Quantity (kWh) Quantity (kWh) Quantity (kWh)

Figurel9: Example Demand Curve Aggregation

Curveaggregation will occur at any node with more than one subnode. If the node performs no
functions other than curve aggregation and communication, it is considered an Aggregation Node.
Most buses in a distribution system will be represented by an Aggmgatode. Alternatively, a

node may perform functions in addition to curve aggregation and communication; examples include
Marketplace and Dispatcher Nodes. Any node with multiple subnodes will perform curve

aggregation during Market Operation.

Curve aggrgation is accomplishdaly horizontalsummation of the component demandives. This

treats price as the independent variable and quantity as the dependent varialite.process is
illustrated inFigurel9. In this example, the combined consumption mefnces of Demand Curve 1

and 2 are accurately described by the aggregated curve. For example, the aggregated curve

indicates demand of 1 kWh for any price above $1/kWh; this corresponds to demand of 1 kWh for



69

Curve 1 and 0 kWh for Curve 2 at that prie¢®orizontal summation ensures similar observations can

be made at any price point.

Curve aggregation can be accomplished for-asocending demand curves of any size and shape.
Additionally, rather than horizontal summation, demand curve aggregation catobhsidered the
Aa2NIAYy3 2F 020K RSYFYR OdzNBSQa LkAyida Ayidi2 RSac

provides some practical difficulties, as described in Section 4.

3.5.3 Tariff Curve Generation

The purpose of tariffs are to capture externalitigacentivize favorable system behavior, and
disincentivize unfavorable system behavidk.tariff is defined by itstructure which is established
prior to DTDM operation, an@arameters with are set dynamically during Market Operation. A
tariff instanceis a tariff structure with specified parameters. The tariff instance is used to generate

atariff settlement functiorandtariff curve

First, the tariff structure is defined. Thikescribes how energy flow measurements will capture
externalities, fawrable system behaviors, or unfavorable system behaviors. The structure itself may

be dynamic, relying on previous energy flow measurements. For example, a tariff could be designed
02 AYyOSyiGuA@AT S adlofS3 dzy OKIl yd@altl yomhpae yhE MEhsduredF f 2 ¢ @
energy flow in a markeperiod to the measured energy flow of the previous markwtriod. Any

change between these two quantities would incur penalty payments.

Second, the tariff parameters are defined. These are set dynamitailyg Market Operatiorand
serve to adjust incentives based on current locational and temporal consideratiorise example,

the tariff parameter would be the magnitude of penalty payment for changing energy flow
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measurements. This parameter couttiange throughout the day: when stable energy flow is
particularly valuable, this magnitude would be large; when stable energy flow is less valuable, this

magnitude would be small.

A tariff instance is a definedariff structure with specified parameters. A tariff instance is
established by setting parameter values at the onset of Market Operation. From the tariff instance,
a tariff settlement function is generated. For the example provided, the settlement function is as

follows:

WQO O G QAKE O O WO O & Qo Qi 0 S

At the onset of Market Operation, the settlement function is established by updating the tariff
parameters. Next, the tariff subnode must interpret this function and ifyotheir consumption
preferences accordinglyThisis accomplished with a tariff curveThe tariff curve is the maiggal
costimposed upon the subnode by the tariff settlement functidFhis is simply the derivative of the

settlement function. For thexample provided, the tariff curve is described by:

01 @D 0 Q& Gao @i chi Qo Qi 0
01 @& mh 0 0
01 @& 0QE GO @O chi Qo Qi 0

Each point on the tariff curve can be considered a price incentive at that quantity. Foera gi
guantity, if the price is negative, the tariff is incentivizing additional consumption. If the price is

positive, the tariff is incentivizing reduced consumption. The magnitude of the price is the
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magnitude of the incentiveWith this convention, tk tariff curve can be considered a supply curve:
the tariff imposes costs upon consumptiomhere are two consequences of treating the tariff curve

as a supply curve: fixed cost impact and tariff structure restrictions.

The first consequence is the impact on tariff fixed cosAs a supply curve, the tariff curve only
represents the marginal costs imposed by theffarettiement function. This removes the impanit
any fixed costs or, alternatively, tariff penalties that are not based on the measured quantity of

energy. As an illustration, consider two tariff settlemémctions

0 DWAadE 0 QE QA O VD OEBE QO Qi 0 S
Tariff Settlement Function 1 Tariff Settlement Function 2
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Figure20: Example Tariff Settlement Functions and Tariff Curves
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The first tariff only penalizes customers for deviating from the previous energy measurement.
Alternatively, the secaodh tariff will reward customers (with a negative penalty, i.eympent to the
customer) is they maintaining constant energy consumption. Both tariffs share the same purpose,
but the customer perspective of each will be different. However, both tarifiesatnt functions
provide the same tariff curve. This is illustrated in Fig@gnith0 Q¢ O & 0 © 0 OAHH TORQ

and 0 ™ QQ This is a useful result, as it allows DTDM system operators to
design tariff strutures that provide the desired system incentive and meet customer cash flow
expectations. Additionally, tariff fixed costs can be ignore during simulation and forecasting; the
simulation results can then be used to determine tariff fixed costs that mesesh cflow

requirements.

The second consequence is the implicit restriction of tariff structures. As a supply therveyiff
curve must be nowmescending. In Figure20, the tariff structures incentivize consumption at 0.5
kWh; this encourages converging a specified quantity. However, it would not be acceptable to
encourage diverging from a specified quantior example, a tariff could not reward customers for
avoiding zero energy flow with both positive and negative quantities. This would itvert
settlement functions in Fige 20 and the resulting tariff curves would beedcending, violating

supply curve convention.

It is possible to contrive situations in which this limits the tariff owner or DTDM system operator. In
these cases, the tarifvener must make a determination of the most valuable incentive and set the
tariff parameters accordingly. However, as seen in demand curve adjustment, the benefit of

treating tariff curves as supply curves outweighs this potential disadvantage.
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From theseobservations, a tariff owner may elect invert the described process. Instead of
beginning with the structure, the tariff owner would consider the desired tariff curve. This would be
based on the desired price incentives and anticipated subnode demanescurFrom this tariff
curve, a settlement function can be established by integration. This would be used to define the
tariff structure and parameters. This is a useful approach to tariff development; in fact, it will be the

primary method for simulatio and case studies.

The example tariffs provided in Fig28Ol'y ©6S O2y adA RSNBR s Thi§ geheliB S G |j dz
structure can be useful for many incentives: reducing ramp rate, reducing volatility, encouraging
accurate prediction. What diffeia these applications is the method in which the target quantity is
established. For a ramp rate, the running average of previous energy quantity could be used. For
volatility, the previous energy quantity could be used. For prediction, the quantigated by the

NMP on the demand curve submission could be used; this would serve to encourage the subnode to
adhere to their demand curve submission during Riéale Actions, despite inaccurate prediction or

changing consumption preferences.

¢tKS abS&B2MNIKFNBESE NIGS adNHzZOGdzNBE LINRLI2&ASR o6&
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Additionally, the target quantity settlement function need not be linear. For example, a settlement
function with quadratic segments would result in a tariff curve with linear segments. This is useful

for incentivizing small deviatiomaore than large deviationsThe same concept applies to any tariff

type.
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Other common tariff types should be expected. A capacity tariff disincentivizes exceeding a physical

O2YLRYSyiQa SySNHe fAYAUllIGA2y® extréntely ligh NdceF ¥ O dzN.

for any energy quantity above this limit. For energy export limits, this would be an extremely high

negative price below the energy quantity limit. Additionally 6 KS OF LI OAGeé GFNAFF O

to these limits, providing moreautious disincentives.

A subsidy tariff would serve to incentivize certain subnode loads. For example, a subsidy tariff could
be placed above a PV node in the network, providing the PV owner payments for all PV generation.
Such applications aréJ2 3aA 0t S GKSNB 59w A& AYyO2N1lERNI (SR
Standard. Similarly, a subsidy tariff could be tied to carbon dioxide emissions from a generation
source. This could essentially impose a local carbon tax to disincentivize -Gatdtsive grid

energy imports or fossil fuel generation within the DDS.

Tariffs could also be designed to encourage power factor correction or phase balaititigpse
cases, additional information is incorporated into the tariff structure, but the tariff process follows

the same rules.

Finally, in DTDM implementation,saibnode is responsibl® interpret a givertariff instance into a

tariff curve. The tariff avner establishes the structure and parameters, but the ultimately subnode
bears the tariff and must adjust their demand accordingly. This does not impact the fundamental
theory of tariff curves; however, it serves to add a degree of freedom for subnodersw As an
autonomous actor, the subnode owneanchoose to hedge as they see fit. Their interpretation of
the tariff settlement function will incorporateheir risk preferencesand anticipated prediction

accuracy. In general, this concept will not beddresgd in the DTDM overview or simulated case

A
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studies. Instead, all actors will implement tariff curves as described, without any hedging or further

adjustment.

Next, it is necessary to describe how tariff cusw@pacts demand curves within the DTDM.

3.5.4 CurveAdjustment

A node uses tariff curves to adjust their demand curve submisdion.y 2 RS Q &

supernode is a contractual offerThus, a node must incorporate impact of tariffs on the actual

OdzNB S

energy consumption preferences expresdsdits demand curve Demand curveadjustmentis this

process.

adzo Y A

A demand curve represents the marginal utility, or benefit, of energy consumption. The tariff curve

represents the margil cost of energy consumption. The adjusted demand curve should be the net
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Figure21: Example Demand Curve Adjustment
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utility, when considering the tariff. Thus, the adjusted demand curve is simply the-\piziat

subtraction of the tariff curve from the demand curve.

Unlike curve aggregation, ¢hadjusted demand curve spans the same domain of quantities as the

original demand curve. However, the adjusted demand curve spkmgerrange of prices.

Analytically, as a derivative of the settlement function, tariff curve are boundless. They tavet

left- and righthand vertical segments, like those in a demand curve. Thus, a tariff curve adjustment
does not modify the quantity domain of the initial demand curve. However, some tariffs, such as
capacity tariffs, may impose such strong penaltiest the resulting tariff curve functionally has left

and righthand limits. As a supply curve, the fafind limit extendo negative infinity and the right

hand limit extends to positive infinity. In thesases, subtracting the tariff curve from the demand
curve may provide an adjusted curve with a smaller quantity domain than the initial demand curve.

This practical observation gilizedin Section 4 Model Implementation and Simulation.

3.5.5 Aggregation andAdjustment lllustration

In summary, bottordevel nodes produce demand curves based on their preferences. Typical
demand curves represent inelastic loads, elastic loads, PV generation, and energy storage. Demand
curves are aggregated through horizontahamation. Tariffs impose costs based on their structure

and parameters; this is described by the tariff curve. Demand curves are adjusted to accommodate

these costs by pointvise subtraction of the tariff curve.

An illustration ofthese stepss shown inFigure22. The following description serves to outline each

step.
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Node B is an inelastic load with a vertical demand curve at QNotle B will demand Q = 1 at any
price. Node C is an elastic load with acceptable loads ranging from Q = 0 to Q th@.piice is

more than 1, Node C will demand Q = 0O; if the price is less than 1, Node C will demand@ese?.

two nodes are aggregated at Node BC. Notice the resulting curve now ranges from Q =1 to Q = 3.
For prices more than 1, Node BC will dem&nhet 1 (1 for Node B and O for Node C). For prices less

than 1, Node BC will demand Q = 3 (1 for Node B and 2 for Node C).

Node A is a PV load, which will export energy its full capacity-g) at any price above 0. If the
price is lesghan 0, the PMoad will curtai] to prevent avoid paying for the privilege to export
energy. Notice, while Node A is strictly supplying energy, its curve can be easily represented as a
demand curve with negative quantitie®lode ABC aggregates this curve with the ewlserved by

Node BC.For prices more than 1, Node ABC will demand-Q @ode A exports 2, Node B imports

1, Node B imports 0). Similar observations can be made for any price point gxBthedemand

curve.

Notice, the aggregation of demand curves isaaizontal sum, with the boundaries determined by

z A
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vdzl yaaAd

guantities below Q = 2 suffer a penalty of Rl this is a payment to the subnode. Node ABCZ

incorporates Tariff Z through demand curve adjustmeRDints above Q = 2 subtract 1 from the

: Y
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S S L
L ]
: ABCZ
"' ABC S I
e e
[ i ]
1 BC

Figure22: Combination of Demand Curves (Blue Demand, Green Tariff, Red Combination)
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ABC demand curve. Points below Q = 2 subtfafrom the ABC demand curve. This creates a price

jump of 2 at the target quantity Q =2t KA 4 NB Tt SOGa GKS AyOSyiduia@dsS I 46
on demand.
T NAFF | A& | &Dislislin@dprétédéas a sy4tdd campdid@ntFufiable to support

energy flow above 2, in either directiomQuantities above Q = 2 face an extremely large penalty,
represented bya rising vertical line. Quantities below €)-2 face an extremely tge negative
penalty. Based on the demand convention, this quadrant specifies payments to the supernode; this
is the same disincentiviaced byquantities above Q = 2Node ABCZY adjusts the curve of ABCZ
based on Tariff YNoticethe curve is not impacted between Q2and Q = 2. However, adjustment

F2NJ ¢FNRTT GOGNAYaeg GKS OdzNBS F2N) ljdzr yGAdGASa |

favorable, based on the consequence of the strong capacity curve.

3.5.6 Translation

In the example above, no consideration was shown for the physical energy losses imposed by node
linkages. Another process must be established to incorporate the impact of these |&3sesind

curvetranslationis theconsideration made for physical systdosses

A node expresses their demand curve in termfoélenergy onsumption Due to physical system

losses, thigjuantity is always less than the energy delivered from pleespectiveof the & dzLJA G NB | Y ¢
supernode. A demand curve translation musiddress this difference in quantities. Additionally

revenue is not suleict to physical lossesnday 2 RSQa RSYlFyR Odz2NBS O2 NNBf | (
measurement of energy. As a resulemand curve translation must address this difference in

prices.
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For example,consider the following. A household iswilling to purchase 10 kWh at a rate of
$.10/kWh. This is a specific point on their demand cuileehousehold is the soleustomer on a

long rural feeder;its supernodeis a distant distribution tran® 2 NJ' S NJb CNRY (KS
perspective, system lossaequiretransmitting 11 kWhof energyto provide 10 kWhof energy at

the household. From their demand curvethe household i®ffersto spend $1 on this quantity of
energy (10 kwh x $.10/kwh). FrolmKS a dzLlJSNYy 2RSQa LISNELIS®&A dS>
$0.909/kWhfor Q =11 kWh. This is the translation of a specific point on the demand curve: 10 kWh

at $0.10/kWhbecomes 11 kWh at $0.909/kWh.

The key tocurve translationis an understanding of themipact of physical losses on energy
transportation. This process also illustrates the need to represent every physical network junction
with a DTDM node; curve translation requires describing the energy flow on each linkage as the

consumption at the subnasl

3.6 Market Operation

Market Operation is initiated by a Marketplace Node. First, demand curves are requested. This
triggersprocesses for demand and tariff curve generation, aggregation, adjustment, and translation
The Marketplace Node receivéise con®lidated demand curvend uses ito set a local clearing

price. This is thepropagatel throughout the DTDM as Node Marginal Prices (NMPs).

3.6.1 Marketplace and Supply Nodes

Gommonly, the DTDM is connected to a larger energy network, such as a larger alectric

distribution network or the transmission system. This connection is represented by a Supply Node,

l.j
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which the rest of the DTDM network extends.

The Supply Naglis used to represent argnergy purchase agreements between the DTDM and the
larger energy network. The agreement is translated into a supply curve. For example, if connected
to the wholesale energy market with a fledte energy agreement, the suppburve is simply an
infinitely-long horizontal line at the flatate price. More complex financial agreements can be
described in this way, to include net metering agreements. Note, tariffs may be imposed on the
linkage between the Supply and Marketpladéodes, capturing physical capacity limits and

describing ancillary service agreements.

Alternatively, if a DTDM is islanded and does not connect to a larger energy network, then the
Marketplace Node is the DTDM tdgvel node. The Marketplace Node serteshalance energy
within the DTDM network, so generation and demand are equal at all points inatitiéhe market

is cleared for each market cycle

A DTDM mawlsoexist within a larger DTDM network. For example, a campus may elect to run a
DTDM with a terminute market duration; this collects demand curves and sets prices for all
facilities on the campus. In addition, a facility on the campus my elect to rowitsDTDM with a
shorter market duration. This will balance energy consumption within the prices set by the larger
campus DTDM. The campus DTDMalwhyssee the facility as a bottodevelnode. However, the
facility DTDM will observe the campus DTDNMhwwo perspectives. During the campus DTDM
Market Operation, the facility will observe the campus DTDM as a connected supernode. However,
during Reallime Actions, between discrete Market Operations, the facility DTDM will observe the

campus DTDM as @upply Node. This Supply Node will reflect the campus DTDM NMP, with any

ac



reaktime tariffs imposed upon the linkagd&:his allows the facility to operate an intraarket DTDM.

The same concept can extend to any devices that control consumption mordyotiiak the DTDM

market period, such as Home Energy Managers and storage dispatch devices.

3.6.2 Market Auction

Whether connected to a Supply Node aperating as an islanded DTDM, the rketplace Node
seeks to clear the market. This is done with a double auction riadke

at the price for which quantity denraded equals quantity supplied. Setting the market price at this
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0.25

0.2

0.15

0.1

Price {S/kWh)

0.05

0.02

Demand

0.04

Supply

0.06
Quantity (kwh)

Clearing Price

0.08

0.1

Clearing Quantity

0.12

value elicits a response from both exg suppliers and energy buyers. Suppliers witers below
this priceare willing tosell energy at the clearing price. Buyers with offers above this priee

willing purchase energy at the clearing price

In asinglepricedouble auction, the pricetavhich the market clears is the price for all buyer and all

Figure23: Example Clearing Price and Quantity

Aa

sellers in the market. There is no consideration made for the actual marginal costs and benefits

a
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described by the supply and demand curves: PV arrays that are willing to sell energy for $01001/k
will be paid at the same price as storage units only willing to sell energy for $0.09/kWh. Note, the

clearing price does not establish a price for the entire DTDM, just at the Marketplace Node.

Note, as stated in Section 2.6.2, this is not the onlysfme configuration of a market auction.
| 26 SOSNE AGQa @1 fdzS Aa Ay AdGa airyYLit aAorade IyR

markets.

An illustration of thesingleprice double auctionis shown in Figur23. In this case, a clearing price

of $0.09/kWh elicits suppliers to generate 0.06 kWh of energy and elicits buyers to consume 0.06
kWh of energy. Because the supply equals demand, the market is said to clear. Notice the impact if
the price was lower or higher. At $0.05/kWh, only 0.08hkis generated while approximately 0.07

kWh is desired; this imbalance is unacceptable. Similarly, at $0.15/kWh, approxim@g&h\kh is

generated while onl¥.035 kWh is desired; this imbalance is also unacceptable.

Generally, when the Marketplace Ne is connected to a Supply Node, clearing the market follows
this process. In this case, the supply curve derives from the Supply Node financial agreement,
adjusted for any linkage tariffs. The demand curve is the aggregated, adjusted, and transtated cu

received by the Marketplace Node; this represents the consolidated demand of the DTDM.

When in islanding modéhere is no Supply Node to provide a supply curve. In this case, there are
two options. One, if the DTDM system operator hassit@ generéion, they may elect to describe
the capabilities of this generation as a supply curve. Two, the Marketplace Node can simply set the

clearing price where the consolidated DTDM demand curve crosses the vertical axis.
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If the consolidated demand curve doestrcross the vertical axithen the market cannot clear.

Similarly,in Supply Node operatiorif the supply and demand curves do not intersect, then the

market cannot clear. This is market failure and must be avoided. In particular, this is avoided by
ensuring adequate generation (or supply is available) and that an appropriate portion of loads are

Tt SEADE SO G! RSIjdz- iS¢ YR aF LILINBLINREFGS¢ ljdz2 yaAd
simulating the DTDM is to determine these quantities. Addally, a DTDM system operator can

prevent market failure by having etemand loagshed or generation resources. This could be

provided by a separate, local ancillaagrvicestype market. Such a market could also be used for

power quality concerns thiaoccur too quickly to be correetl by the DTDM process.

The double auction market provides an additional restriction placed upon demand curves within the
DTDM. Previously, demand curves were only specified to beasoending. However, one goal of

the DTDM is to provide transparency and deterministic behavioet ron-ascending demand curves

may include both horizontal and vertical segments. When determining the clearing price and
guantity, these segments can result in a range of acceptable pricasamtities. Consider a supply

and demand curve with overlapping horizontal segments. In this case, the clearing price is clear, but
the resulting quantity is unknown. This could lead to system imbalance. Alternatively, consider an
islanded DTDM with aevtical segment on the demand curve at Q = 0. In this case, the clearing
guantity is known, but there are a range of prices that elicit this response. Different actors within

(KS 28aGS8Y YFe KF@S I RAFTFSNBYG AYGSNLINBGFGAZ2Y 3

To compensate for these concerns, the DTDM requires all demand curves to be morastdnic
strictly descending. Previously, the ledind righthand limits of a demand curve were interpreted

as vertical segments. These are now considered-swstightly sloped. However, as previously
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3.6.3 Node Marginal Pricing

Once the Marketplace Node determines a clearing price, it must be communicated to all bottom
level nodes within the DTDM networkRecall, demand curves undergo aggregation, adjustment,
and translation before arriving at the Marketplace Node. Similahly,dlearing price undergoes a
similar series of steps before arriving at each node. As a result, each node receives a price specific

to its location within the DTDM network; this is the Node Marginal Price (NMP).

To propagate NMPs throughout the networkach node compare its NM® its tariffs and the
demand curves received from each subnoda.a process similar to, but simple than, that at the
Marketplace Node, each node determine a clearing price and quantity. This provides the NMP it
communicates tats subnodes. It is important to note: in this process, this only new communication
between nodes is the subnode NMP. All information used to determine this price was provided

earlier n the Market Operation process.

3.7 ReatTime Actions and Settlement

A Node Marginal Price (NMP), when received by a node, take effect for the duration of the next
market period. During this market period, Re@ime Action processes occur. This begins with
updating tariffs as appropriate, adjusting actual consumption, aratdinating dispatchable loads.
After the market period end, the Settlement process takes place. During Settlement, internode

payments are determined using measured energy flow, NMPs, and tariff instances.
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The first step in Redlime Actions is to updat&riff parameters as necessaryn particular, tariffs

designed to encourage accurate load predictions seek to incentivize consuming the quantity

AYRAOIFIUSR o0& GKS bat 2y | y2RSQa RSYlIYyR OdNBS®

Operation, aprediction had not been made (i.e. there had yet to be a demand curve submission).
Thus the target quantity was unknown and, during Market Operation, the tariff parameters would
indicate a null tariff instance. However, after Market Operation, thereig a target quantity: the
guantity corresponding to the NMP on the demand curve submissibims is used to update the
tariff instance for use during consumption and settlement. Similar tariff updates could be
implemented between Market Operation and &dime Actions; the DTDM provides flexibility for

solutions agreed upon by actors within the network.

The NMP and active tariff instances are designed to encourage efficierusendenergy
consumption (and generation). However, for any length market tibmait can be expected that
Odza 1 2 YSNIDA LINE T S NEneO Far exarmdef hurdakidggdrdéd loddy, suniSds fa
microwave, may have been unanticipated by the Home Energy Manager. Additionally, a -bottom
level node may or may not have dynaniad control, to adjust for these changes. In general, a
bottom-f S@St vy ZRME Epasumptdh €an anticipated by these two component, providing

four possibilities.

One, a bottordlevel node may have unchanged consumption preferences and no dynamic load
control. In this case, the demand curve submitted during Market Operation still accurately reflects
(KS y2R5Q4 RSAANBR 0O2yadzy LI A 2yhequanttyKsgeaified dhkh6 b a t

Y2RSQ&d RSYIFIYR OdzNBS: S@Sy gAGK2dzi ReylFYAO f2IR

(
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Two, a bottomlevel node may have unchanged consumption preferences and dynamic load control.
Like the previous possibility, the demand curve submitted during Market Operation still accurately
NEFf SOGa GKS y2RSQahusRtBet AIMBSIR eecle? yoainthyceJthd gugintity
ALISOATASR 2y (KS y2RSQa RS

Three, a bottordevel node may have changed consumption preferences and no dynamic load
control. In this case, the demand curve submitted during Mageération no longer reflects the
Yy2RSQ& RSaANSRr eRangléd da¥ baftdaievgl dode may represent a household

0N} yOK OANDdzA ( @ Ly GKA&a OFraS:z (GKS 0Odzad2YSNRa
by the HEM. However, the HEMdhno ability to control loads on this branch circuit; it cannot turn
2FTF GKS (StSOAarA2Yy D Ly GKA& OF aSz dpkeferent€ RSQa
with no consideration made for the NMP or active tariff instancés.this case, @redictiontype

tariff would provide revenue to the tariff owner, but would not have provided any impact on the

actual energy consumption.

Four, a bottomlevel node may have changed consumption preferences and dynamic load control.

7

SYIyR OdNBSS IyR Rayl Y’
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In this case, the dem& OdzNIIS &dzo YAGGSR RdzNAYy3I al NJ SG hLISNI

desired consumption, but the node has some ability to shift consumption irtireal For example,

the customer may have modified the temperature setting on the air conditioner thetato With
dynamic load control, this updated preference would be compared to the NMP and active tariff
instances. The DTDM does not specify how this must be accomplished. However, existing DTDM
protocols could be used: the node may update its demand/elbased on the new customer
preferences. By NB LJX | OA y 3¢ A (Sapply NaddepidéehtiRGthedNMRB, khe hode can

incorporate the NMP and active tariff instances in determining a new, -mdsl NMPequivalent.
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This NMPRequivalent would onlyserve to control energy consumption during the market period,;

during settlement the node would participate in the DTDM using its superpodeided NMP.

This final case provides a method of bottdevel nodes to manage their actual energy consumption
when preferences change during the market period. However, actors within the DTDM network
may desire another level of control. Specifically, Dispatcher Nodes would measure subnode energy
consumption in reatime and control the demand of specified Dispatcleablodes based on these

measurements, the NMP, and active tariff instances.

For example, the DTDM system operator may face strong tariff penalties for importing energy at a

steep ramp rate. After clearing the market and propagating NMPs throughoutykhiem, the

DTDM system operator has no control over the actions of the bottarel nodes. To hedge against

the possibility of wildhshifting preferences, the DTDM system operator may elect to have energy
d02NY3S dzyaida O2yySOi Skrectionito tiieKafger Hrid5 I refihGefithe2 NJ Qa (¢

DTDM system operator measures the actual consumption of the DTDM network. These

measurements are used to determine if, and when, to dispatch energy from the storage unit.

A Dispatcher Node may control gentoa, storage, or a load center. The node being controlled is
considered a Dispatchable Node. This Dispatchable Node need to be a subnode of the Dispatcher;
0KS 2yf& NBIAdANBYSYld Aa GKS 5AaLI G§OKSNJ b2RS Ol y
with a known impact the total system energy consumption. With this approach, existing Smart Grid
processes can be classified into this construct. For example, some utilities manage peak loads with
SEGSNYyLt O2yiNBf 2@SNI Odzj dne yosl Nihe DTDM MJtopowdR anii A 2 Yy S
alternative to such programs. Thus, the primary example of Dispatcher/Dispatchable Nodes will be

energy storage located at a service entrance or change of ownership within the DTDM.
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Upon the completion of a settlenm¢ interval, the DTDM begins Settlement. Settleméntthe
process of allocating payment and revenue for the preceding settlement interval, based measured
energy flow, the node marginal price, and imposed tariffecall, the settlement interval may be
shorter than the market period. However, the end of a market period will always coincide with the
end of a settlement interval.Settlement does not necessarily include the transfer of funds, which
may occur periodically, based aggregated settlement redts. There are three steps to settlement

4622118SLAYyIE D

First, total energy transfer for the settihent interval is recorded at each measurement poimtis

information is passed to both the node and it supernode.

Second, the node mushakea payment taits supernode based on this quantity at the NMP. This is
revenue received by the supernode. Recall, as both energy quantities and NMPs may be negative,

the payment by the node may also be negative. This is cash flow from the supernode to the node.

Third, the node must may a payment to each tariff imposed on the linkage between the node and its
supernode. This payment [msed on themeasuredenergy flow, the established tariff structure,

and the tariff parameters over the settlement intervdtrom thetariff perspective, this is revenue.

Commonly, a node will have the same owner as its supernode. Less commonly, but still possible, a
node will have the same owner as the tariff imposed on the linkage between the node and its
supernode. In these casethe payment from the node will equal the revenue received by the
supernode (or tariff). Thus, it is not required for an owner within the DTDM to calculate cash flow

for every node within the network. In fact, settlement need only be accomplished for Haides,
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which are defined as nodes whose ownership differs from that of their supernode, any subnode, or

borne tariff.

3.8 Implementation

The previous three subsections described the undegl principles of the DTDM here are practical
considerations in implementing such a system. Additionally, this marketplace makes some
assumptions about a network upon which it would be imposed. Some of this considerations and

assumptions follow.

Curve and Price Communication Process Supernode
(from perspective of Mode)
The supemode or a higher node
processes curves and determines the market
clearing point; this is communicated o Node
as a point on its curveSubmit
-~
[curveSubimit)

I~ TrequestCurve(y T T T T T T T T T i\""""'"""""""""""[Eriec?;r?tﬁ """""""""""""""" [
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Figure24: Example CommunicatioRrocess
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3.8.1 Practical Considerations

Implementation of this marketplace, within a DDS, would require deployment of resources to the
distribution network. Thisy @ Ay Of dzZRS K2YS Sy SNH& Yl yl 3SNA
consumption preferences and control loadspdaadvanced metering infrastructure (AMI) to

measure and record power flow.

This market only applies to a single phase of electric distribution. In systems with alpsingée
connections to the network, such as residential communities, this is notoblgm: the DTDM
system operator will simply run three parallel markets. However, in a network with connected
three-phase loads, these markets will not be mutually exclusive. The topic of marketplace protocols
and unit commitment is a topic for furtherwly. As a starting point, it is conjectured that three
parallel markets would operate, but a common clearing price would be set for all markets. This
would necessitate a value judgement by the Marketplace Node, as it cannot be expected that the

three corsolidated demand curves match.

Communication between nodes would need to be established. This could be via radio frequencies,
dedicated communication lines, over the internet, or in many other ways. Summarizing the process
above, once the network configation is established, there is limited communication required
between nodes. This includesriff parameters, demand curves, node marginal prices, settlement
revenues and payments. Of course, additional communication may be required for practical

implementation.

Within a subsection of the network with a common owner, communication need not be between

different physical devices. Instead an entire portion of the system could be represented virtually.
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does not necessarily have any understanding of the network beyond its connected supernode and
subnodes. In fact, the market is designed to function optimally without requiring this level of

understanding.

3.8.2 Limitations andAssumptions

The DTDM, as outlined, attempts to provide additional benefits and new opportunities to the
electric energy sector. However, this proposal includes some assumptions and is not without
limitations. Some of these assumptions dimditations are listed. This is not an exhaustive list; it is

expected further refinement of the DTDM would occur before deployment.

One, 1 is assumed that enabling technologies, such as AMI and smart devices, are installed. This
capital investment is aunk cost and is not incorporated in the marginal cost/benefit calculations of
the Distribution Marketplace. Certainly, recouping these capital expenses is a key component in
practical implementation of Distribution Marketplace. However, instead ofcdamporating this
aspectinto the market design itselfthe results of a simulation should be used to provide the
boundaries on capitaénvestment. For example, the DTRIMes not incorporate thamortization of

PV investment and demand curves are expededeflect marginal costs, when provided by a
rational actor The resuk of simulation will then provide insights on the revenue provided by the

PV array. Itis this return that should be compared to the amortization requirements.

Two, he DistributionMarketplace only balances clearing energy within the system. It assumes that
all system components operate within nominal parameters during the market interval. For example,

PV inverters are assumed to manage voltage at the appropriate level. Additiaha assumed
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that component responses to pricing signals will not have any adverse effects on system stability.
Both of these assumptions would need to be addeess reatworld applications For example, if
cloud cover suddenly removes PV genenatfrom the system, the price could increase. This
increase could be observed by many energy storage units, which all begin operating the discharge
mode immediately upon receiving the price signal. If the storage units are not in the same DDS
subsystem s the lost P\ for example, if they are on a different feederthis sudden injection of
power could result in overvoltage. This specific example could be resolved in multiple ways:
perhaps staggered price signals or storage inverters technical requitsmVhile not addressed in

this proposed market, this aspect must be addressed inpaagticalimplementation.

Three, it is assumed thaustomers will voluntarily participate in the Distribution Marketplacelhis

does not address the very real chaligss inherent in customer engagement, adoption, training, and
retention. It is assumed that customers will chose to join the marketplace. Additionally, it is
possible to design the DTDM network such that#dh NI A OA LI G Ay 3 Odza (i 2 ¥YS NE&
established, legacy energy ratek this case, the DTDM supernode could estimate the load of this

customer, based on historical data, and submit it to the market at an inelastic curve.

Four, by impacting a regulated utility, there will be valid concephgost allocation and customer

equity. Both these concerns are valid, but not addressed in the marketplace design itself.

Five reasonablyaccurate prediction and rationaledgingare important for efficient marketplace
function. With dynamic tariffsrad energy costs, customers and system operators wifabed with
challenges in estimating consumption and predicting future energy prices, which themselves are
dynamic and tied to consumption estimates. The proposed marketplace, and subsequent

simulatian, does not address how this will occur, or how effective it should be expected to be. Itis
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assumed that software and specialized algorithms will take advantage of the DTDM to optimize for

their customers.

Six for practical implementationthis system rast providebenefits oropportunities forall existing
stakeholders in the electric energy sector. This includes utilities, regulator, customers, and DER
aggregation providers The marketplace is designed to enable benefits for all stakeholders, but
actual results will depend on each specific application. The marketplace design itself assumes this is

not a barrier to implementation.
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4 Data Sources

In the DTDM simulation, timearying datasets will be needed. This data is provided by two sources.
Baselne load and PV generation uses data from Pecan Street Inc. Dataport. Wholesale electricity

spot pricing uses data from New York Independent System Operator (NYISO).

4.1 Pecan Street

For the load and PV behavior models, r&akld demand and generation dataused as a baseline.

The source of this data is Pecan Street Inc. Datdp@ilt an energy research organization based in
Austin, TX. Note, theecan Street data is used solely as a baseline for behavior models. In no way is
this data fundamental to the DTDM concept of the general approach used in simulation or the

behavior models.

Pecan StreetInc. Dataport provides anonymized historical minuteby-minute electrical energy
demand for households, broken into specific appiienand general usage categories.
Measurements wergecordedby eGauge devices, providing the average power (in kW) over each

one minute period.There are 1295 households in the Pecan Street dataset.

Each household has eGgudata in up to 66 categorie©f these 66 categoriegyid comprises the
K2dza SK2f RQa LJ2 6 SNJ RNJIgéntonprieds Yhe powed geSefatedoy AJol@rPY I NR |

system, andusecomprises the whole home power use (use=gen+ grid).

The remaining 63 categories provideformation on household demand. Categories specify
appliances, such asfrigeratorl, or circuits, such dsathrooml The categorgarldenotes Electric

Vehicle charging. However, not all electrical demand is allocated to a specific category.séls a re
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for a given household, the sum of categorized demand entries may be less thasgb@etry. This
sum of entries will never exceed these entry, however. Additionally, households may include
loads that were not specifically prioritized in the e@ausystem, despite matching an existing

category.

Within the dataset, 710 households provide mirdigminute data for theuse category. The
following table examines the frequency of each of these load categories within those 710
households. In additioto the numbers provided in the Pecan Street dataset, each category has
been labeled with its anticipated elasticity type. As previously described, loads can be generally
grouped into four categories, based on how price signals could impact the demarile:drodlastic

(1) when price signals will not impact the demand profile; Thermal (T) when thermal storage enables
shortterm demand shifting; Schedulable (S) when demand can be anticipated or delayed
autonomously; and Behavior Adjustment (B) when custoroeuld be reasonably expected to
modify their demand profile to reduce their energy costs. These possibilities are denoted in the
Elast column below. Note, all four categories could also be subject to increased or decreased total

consumption based on & signals, in addition to load profile shifting.
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Category # % Elast| Category # % Elast
airl 604 85.1% T kitchenappl 381 53.7% |
air2 86 121% T kitchenapp2 272 38.3% |
air3 11 15% T lights_plugsl 177 24.9% |
airwindowunitl 5 0.7% T lights_plugs2 84 11.8% |
aquariuml 2 0.3% | lights_plugs3 35 49% |
bathroom1 158 22.3% | lights_plugs4 13 18% |
bathroom2 16 23% | lights_plugs5 4 0.6% |
bedrooml 127 17.9% | lights_plugs6 2 0.3% |
bedroom2 51 7.2% | livingroom1 174 24.5% |
bedroom3 10 1.4% | livingroom2 13 1.8% |
bedroom4 1 0.1% | microwavel 353 49.7% |
bedroom5 1 0.1% | officel 62 8.7% |
carl 92 13.0% S outsidelights_plugs1 37 5.2% |
clotheswasherl 356 50.1% B outsidelights_plugsz 6 0.8% |
clotheswasher_drygl 63 8.9% B ovenl 204 28.7% |
diningroom1 35 49% | oven2 6 0.8% |
diningroom2 2 0.3% | pooll 6 0.8% S
dishwasherl 496 69.9% S poollightl 3 0.4% |
disposall 281 39.6% | poolpumpl 32 45% S
dryel 348 49.0% B pumpl 8 1.1% S
drygl 101 14.2% | rangel 233 32.8% |
freezerl 23 32% T refrigeratorl 525 73.9% T
furnacel 557 785% T refrigerator2 39 55% T
furnace2 59 83% T securityl 20 2.8% |
garagel 53 7.5% | shedl 4 0.6% |
garage2 4 0.6% | sprinklerl 18 25% S
heaterl 7 1.0% T utilityroom1 11 1.5% |
housefanl 3 0.4% | venthood1 4 6.2% |
icemakerl 7 1.0% S waterheaterl 116 16.3% T
jacuzzil 41 58% B waterheater2 4 06% T
kitchenl 89 12.5% | winecoolerl 8 1.1% T
kitchen2 33 46% |

Tablel: Pecan Street Use Categorigy]

Next, as an illustrationpne specific householdill be examined. Minutédy-minute eGauge data

for 2014 is analyzed and includes categorast, dishwasherl, disposall, furnacel, grid, kitchen1,
livingroom1, rangel, refrigeratoylanduse Note, tS§ NE F NB y2 f2F R&a OF 1 S32 N>
This does not mean the apartment does not have bedroom loads, only that the eGauge did not

specifically monitor those loads. This uncategorized componewmgeait denoted in the table.
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Of the available categoriesjrl, furnacel andrefrigeratorlare considered thermal elastic loads.
Further, dishwasherlcould be considered a schedulable elastic load. The remaining loads, by

default, should be considered inelastic.

For each categonhe average power is the taken over the entire year; the maximum is the largest
one-minute power consumption recorded. For the aggregate categories, the average and maximum
are calculated using coincident power entries. As a result, the maximum coinpioleet provided

to Thermal Elastic loads is less than the sum of maximum power provided to each Thermal Elastic

load.

Additionally, for the elastic load categories, the average and maximum percentage of demand is
calculated. This is based on the mirseminute contribution of each elastic category to the

aggregate demand.

Category kWh/year | kWh % | avg(kW) | max(kW)
use 3868.70 | 100.0% | 0.442 7.747
airl 1503.45 | 38.9% 0.172 1.534
dishwasherl 15.22 0.4% 0.002 0.772
disposall 0.43 0.0% 0.000 0.453
furnacel 248.52 6.4% 0.028 4.622
kitchenl 119.80 3.1% 0.014 1.983
livingroom1 439.36 11.4% 0.050 0.396
rangel 258.92 6.7% 0.030 3.275
refrigeratorl 530.57 13.7% 0.061 1.331
non-categorized 752.44 19.4% 0.086 2.499 | avg(%kW) max@kw)
Inelastic 1570.95 | 40.8% 0.179 5971 59.0% 100%
ThermalElastic 2282.54 | 59.0% 0.261 5.866 40.7% 99.9%
Schedulable Elastif  15.22 0.4% 0.002 0.772 0.00% 93.0%

Table2: Pecan Street Category Dat&xample Household Annual Summdfyr]
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The loads in this example household indicate opportunities for thermal elastic load flexibility. One,

these loads provide a large total portion of energy consumed in 2014. If a household HEM adjusted

these loadstoreddS G KSANJ SySNHe& 02aG3x (GKS AYLI OG0 g2dZf R ¢
Two, the thermal elastic loads constitute a large portion of mirlueninute power demand, both

in raw quantities and as a percent of aggregate demand. In fact, therénatances in which

thermal load demand constitutes nearly the entire aggregate demand. As a result, shifting these
GKSNXYIE t2FIRa OlFly KIFI@ZS  aAAIYAFTAOFIY:H AYLI OG 2y

power demand.

However, in this example ligehold there are limited opportunities for schedulable elastic load
flexibility. This category is limited ttishwasherlwhich has both a low proportion of energy and
power. Despite this category constituting 93% of aggregate demand at some poinmentkie
average contribution to power demand is nearly zero. It cannot be expected that schedulable
elastic loads, in this household, will have an impact on total energy demand or instantaneous power

demand.

Due to the size of the Pecan Street datasetjudation will useairl as the stanen for all elastic

loads. This category is used because it is very common and contributes strongly to both total energy
and instantaneous power demand. Confining elasticity to this category will illustrate the imfpact o
load flexibility, but it should be recognized that additional elasticity may be incorporated, both in

simulation and application.

Consequently, the aggregation of inflexible loadl generally badescribed by subtractingirl from

use As stated prewusly,usedoes not include any household PV generation.
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For PV simulation, the Pecan Street categgemwill be used. No effort will be made to maintain a
O2yySOUA2Yy 0S50 asSindgendat& Atdzind &xpettéti@nat customers in the Pecan
Street dataset modified their behavior based on their household PV generation. Further, although
daily weather fluctuations impacPV generation and household energy consumption (e.g. air
conditioner demand), thedTDMsimulation does not delve to that Vel of detail. As such, these

data will be considered fully independent.

Two adjustments are made to thdata before implementing into the simulation. One, load data
occasionally includes negative load values. This disrupts the Load Node behavior asodel,
described in Section 6.2. All negative load data quantities will be rounded to zero in the simulation.
Two, PV data occasionally includes negative generation values. This disrupts the PV Node behavior
model, as described in Section 6.3. All negagimeeration quantities will be rounded to zero in the

simulation.

4.2 NYISO

For wholesale pricing, case study simulations use New York Independent System Operator (NYISO)
data. NYISO provides of detailed and accessible information on its Markets & Opevetiosise

[18]. NYISO provides access to both Day Ahead Market (DAM) and Real Time Dispatch (RTD) prices.
RTD prices reflect the dynamic marginal costs of energy, so those are used in the simulation.
Additionally, NYISO prowd Locational Based Marginal Prices (LBMP) for each of its eleven zones.
Simulation uses pricing data from the CAPITL zone. Finally, the pricing data obtained spans calendar

year 2014.
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Each RD LBMP data entry includes an End Time Stamp. This reffextsetiod for which the R

price applied. In most cases, eachDRIONA OS I LJLJX ASR F2NJ FAGS YAydziS
standard RID market period. However, in some events theDRfrice is updated within théve-
minute period. This could be interped as attempts to compensate for immediate, unexpected

supplydemand imbalance.

LBMP prices include energy, loss, and congestion components. As described previously, these

components are important to wholesale dispatch of generation. However, to customers within the

LBMP zone, the net LBMP is the effective price of energy; thi iprice used in simulationThe

presented simulationgassume theDTDMis a price taker and has no influence on the wholesale

market. Wide-scaleDDSdeployment andparticipation of DTDMsin the wholesale market would

alter this assumption. This levelafalysis is not provided in this thesis.

NYISO CAPITL Zone DA and RT LBMP, 01-31 May 2014
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Figure25: NYISO DA and RT LBMP Compar|[48h
RTD End Tim« RTD Zona| RTD Zonal RTD Zona|
Stamp zone Name zone PTID LBMP Losses Congestion
1/1/2014 1:55 | CAPITL 61757 17.95 1.11 0
1/1/2014 2:00 | CAPITL 61757 54.69 3.58 0
1/1/2014 2:05 | CAPITL 61757 62.41 1.97 -32.73
1/1/2014 2:10 | CAPITL 61757 51.85 2.34 -16.09
1/1/2014 2:15 | CAPITL 61757 60.3 2.29 -25.25

Table3: Example NYISO RT LBMP 0ag]
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Figure 25llustrates the volatility of the RTD prices. This is useful variation; the more dynamic the
wholesale energy prices, the more opportunities for the DTDM to dynamically adjust energy
consumption. Additionally, Figure 28lustrates the relative stabilit of DAM prices; this reflects the
hedging accomplished the forward markets. In a simplification, the RTD prices can be interpreted as
being needed to provide energy unanticipated by the -dagad forward market. The DAM prices

will not be used in the OM simulation.

The NYISO LBM#oes not include all costs associated with purchasing energy in the wholesale
market and transporting it to the endse customers. Sgnificantly, it does not include transmission

and distribution (T&D) costsr any distribuion system operations and maintenance (O&M) costs.

These may be fixed costs or variable, volumetric cobtswever, theDTDM& A Ydzf | G A2y Qa 32
demonstrate how thenetwork will respond to reasonably variable price signals. To this end, the

NYISO L8P is an appropriate stanith for an effective reatime dynamic energy price. If the DTDM

simulation was used to represent an actual DDS deployntéet LBMP valuesould need to be

adjustedto reflect these additional costs.
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5 Simulation:Matlab Implementation

5.1 Overview

There is value in modeling a Distribution Marketplace. Simulation enables comparing deployment
locations and market configurations. To this end, the Dynamic Tariff Distribution Marketplace has

simulated in Matlab.

The DTDM includes bbt energy flow andcash flow It includes ownership of assets, network

characteristicstnarket communication and decision protocogd customebehavior models

The DTDM simulation includes simplified behavior models for actors within the system.edibe d
and limitations of these models is examined in Section 6. Additionally, the DTDM simulation does
not implement all possible tariff configurations and system parameters. Instead, it proposes

example configurations that represent common system goals.

As a result, the current DTDM simulation is a demonstration of the market protocols and an
examination of the interaction between actors within the DTDM. It is not designed to prove the end
results of DTDM deployment. Instead, the simulation shoulddpesidered a basic proof of concept

and starting point for further research and development.
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DTDM simulation in Matlab consists of initialization, simulation, and analysis. This process is

outlined in chronological order below. Each of the stepsheilkxamined in detail

4.1 Create DDS Rject

4.2 Create NodeObjects

4.2.1 Construction and General Parameters
4.2.2 Demand Curve

4.2.3 Linkage Loss Constant

4.2.4 Power Factor

4.3 Create Tariff @jects

4.4 PrepareSmulation

4.4.1 Validate DDS

4.4.2 Define Relationships

4.4.3 PreAllocate Arrays

4.5 Simulation: Market Operation

4.5.1 Demand Curve Generation

4.5.2 Demand Curve Adjustment

4.5.3 Demand Curve Translation

4.5.4 Demand Curve Aggregation

455 Market Clearing Point

4.5.6 Node Marginal Price

4.6 Simulation: Reallime Actions

4.6.1 Set BottomLevelNode Consumption
4.6.2 Run DspatcherNodes

4.6.3 Deermine Systerr\Wide mergy flow
4.7 Simulation:Settlement

4.8 Analyze results
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The DTDM is simulated in Matlab. Custom handle classes have been defined for DDS, nodes, tariffs,
and owners object. Each object class hasde#ned parameters and methods. Somar@meters
are defined prior to simulation, others are updated during simulation. After initializing the system,
most calculations and processes are completed by the object methods. However, additional
functions, not included in the objects are methodsllwe used. These are more general functions

that apply in use cases outside of simulation.

The Matlab simulation has been designed to provide flexibility. However, some limitations have
been imposed to reduce development tim&or examplesettlementinterval and market duration
must be equal Additionally simulation is limited to onghase systems.ndication will be made

when limitations beyond the DTDM construct have been applied to the simulation.

5.2 CreateDDS Object

The DDS object contains the [DNT network representation, to include all node objects, tariff
objects, and linkages. Additionally, the node and tariff objects include their unique parameters and

recorded values. As a result, the first step in simulation is defining the DDS object.

DD2 = classDDS;

The DDS object includes multiple parameters, which apply to the system and simulation as a whole.

Like all Matlab objest these parameters can be defined and accessed in the following format:

DDS2.Qbin = 0.0001;

DDS2.timeseries

DDS object parameters include: indexed object listing for system nodes, tariffs, owners, markets,
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and dispatcher; current simulation timestep; reference datetime values; Pcap, pFRE, Qbin, and

Pmin; and total dispatch level$ complete listing is provided Appendix A.

Parameters that specify multiple objects, such as system nodes, can be access through indexing.

Accessing the node object with index one is accomplished by:

DDS2.nodes(1)

Additionally, because the DDS object and all node, owner, and tdujicts are handles, indexing
can be used to update parameters directly. Accessing the owner object for the node object with

index one is accomplished by:

DDS2.nodes(1).owner

This method enables great flexibility is accessing and updating object pemame Note,
relationships between objects are included as parameters for both objects. For example, the

following command will access the initial DDS object, DDS2:

DDS2.nodes(1).owner.DDS

Finally, objects in Matlab can refer to their own properties vati). This is useful in methods within
the class definition. For example, a method within the DDS object can access its node object with

index one:

obj.nodes(1)

When initializing a simulain, three parameters must be immediately define@DS.timeserigs
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DDs.QbinandDDS.PminThe remaining parameters will be updated at the DTDM system is defined

and simulated.

DDS.timeeriesis the array of Matlab timeseries values that defines #esten time during
simulation. This parameter should be defined ltiye size of source data. The Pecan Street dataset

provides minuteby-minute data for 2014. The corresponding definitiorD®&S.timeseries:

DDS2.timeseries = (datetime( ‘01 -Jan- 2014 00:00:00 " ):minutes(1):
datetime( '01 - Jan-2015 00:00:00" ));

In general, this parameter is set for en@nute intervals. However, this is not a limitation in DTDM
or the simulation code. This interval between timesteps could be any length, from secamaisr o
However, note any parameters referring to a duration value will need to be adjusted to compensate

for the timestep value. All simulations described will use one minute timesteps.

The twoadditionalinitialization parameters,DDS.Qbinand DDS.Pminapply to demand curvesnd

will be described irgection5.2.2

Within the DDS object, nodes and owners are indexed in the paramdé®S§.nodesand
DDS.owners However, it is helpful to search for a specific node or owner by the name specified by
node.name or owner.name This is accomplished with the DDS metfind, which returns the node

or owner object, with the specified string as its name.

DDS2. find(6NameStringd)

Thefind method also stores the last found object as the param®&©8S.recent This nakes further
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updates to the found object faster. Additionally, the paramedS.recents also updated when

adding a node, owner, or tariff object to the DDS.

DDS2.recent

Finally, the DDS object methoB®Sist and DDShierarchyeach provide a formatted display of the
current DTDM network. DDS.listdisplays the nodes, tariffs, owners, markets, and dispatchers
indexed in its object parametersDDS.hierarchylisplays all nodes and tariffs with indentations
reflecting the suband supernode relationshipsThis method can also be called for any specific

node, aode.hierarchf G2 RAA&LI & 2yfté GKS NBflIGA2YyAaKALA Go

5.3 CreateNode Objects

5.3.1 Construction and General Parameters

After creating the overall DDS objeaode objects must be added to the DTDM netwoikach is

added with the DDS object meth@dildNode For example, to add a node to the DDS oldpie52

DDS2. addNode( 6NameStringd, 60wner Stringé, 6SupernodeSt:

This DDS method creates a node object and adds it t®ib8.nodeparameter. The newly created

node must have a unique name, which also cannot match any existing Owner object names. If the
OwnerString specified does not indicate an existing owner irsyis¢em, an Owner object is created

with that name. If an Owner object exists with the name specified by OwnerString, the newly

created node is added to itavner.nodegparameter.
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Node ownership can be later be updated with the methaable.setOwner Thiswill update the

objects for the node, the previous owner, and the new owner.

The third input,SupernodeStrings optional. If it is not provided, the newly created node does not
have a specified supernode; it will act as a-teyel node. IfSupernodeting is provided, the
indicatedi 62 y2RS& IINB fAYy{1SR (23SOKSNY (KBodesBw y2RS

LI N} YSGSNI I yR (KS adzLJS mydeRepakaineter. S a GKS ySg y:

I y2RSQa adzZZlSNYy2RS OFy f | do8dsétSoper TdukIRil update theé A (1 K
objects for the node, the previous supernode, and the new supernode. It will also execute

node.super.setPmjmwhich will be described in Section 5.2.2.3.

The object parametenode.typespecifies the type of node. The current simulation implementation
limits this parameter to: Load, PV, Storage, Aggregation, Marketplace, Dispatcher, or Supply. Each
node type has different relevant parametessad methods For example, Load Nodes wéference
node.loadDataSourcewhile PV Nodes will referenagode.pvDataSource The acceptable node

types are either functional node types (e.g. Marketplace Nodes) cesgtablished behavior models

(e.g. Storage NodeskEach will be examined in detail g Section 5.4.3 and Section 6.

. & RSFrdzZ Gz | ySgfte ONBFGESR y2RS Aa asSa dz2 GeéL
supernode, thenthid & | dzi2 Yl GAOIf @& dzLRIFGSR (2 -lévélhife W! I 3INEK
G2 G&L)S w{ (regdesaupdating?thehodé ttype@arameter directly. Assigning a non

bottomf S@St y2RS (2 (&L Wal NIn&édaVarke@ed theBylpedzA NB &
W5A 4Ll 0§ OKSND NEnjdezieNBpachéd K S ¢ RS0 KRAR/ I £ (8 LIST  W{ dzLiL

aaA3dySR Aa UGUKS y2RSQa adomy2RS Aa asSia G2 GeLls wal
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5.3.2 Demand Curves

I y2RSQa Odz2NNBy i S Y Ingfi&curGepahidieer. AVhile dhis pavdnBter sy G K S
established during Market Operation, its construction and format is fundamental to tHeVDT

process, so it will be described here.

58YFyR OdzNWS&a SELINBaa y2RSaQ FyidAOALI GSR 0O2yads

demand curve to its supernode, with a different owner, the demand curve is a contractual bid.

A demand curve is a series dfipts, each representing a quantity (Q) and price (P). Each point is
GKS y2RS YIl1Ay3a G4KS &adlFdSYSydy daLF GKS dzyAld LINRA
SySNHe& ¢ o 2 KSy LX2G0SRX GKS ljdzZl yiAG&iskaptur€dl LIG dzNB

on the price axis.

In the Matlab simulation, demand curves are stored in tha@ssNodeproperty curve The first
column consists of quantities and the second column consists of prices. For a demand curve with n

points:

Implementation of the DTDM, whether in simulation or practical application, places some

restrictions on demand curves.

5.3.2.1 Qbin

Practical communication between actors and devices in the DTDM requires demand curves to be

expresse as discrete points. Each discrete point includes a quaitgnd a priceP, value.
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Q(KWh) P ($/kWh)

.04 110
.05 .090
.06 .085
.07 .080
.08 .060

Table4: Example Demand Curve Values

The series of points that comprise a demand curve are controlled by a defined interval of quantities.
This is defined as th@bininterval. Each quantity value should be an integer multiple of the defined
Qbin. Price values should only be provided fuese quantities. For the example demand curve

values in Tabld, Qbin = .01.

A demand curve cannot include multiple prices for any Qbin interval; this would violate the

requirement that demand curves must be monotonic.

Example Demand Curve
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Figure26. Example Demand Curve
The value of Qbin is limited by the ability of precision of measurement and control devices. As a
practical guideline, Pecan Street data provides average power with a precision of 0.001 kW at one

minute increments. This correspasitb a precision of 0.00001667 kwh. A DTDM system using the
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same devices could not expect more precision than this value, so the DTDNI SedQbin >=

0.00001667 kwh.

Notice, the size of demand curve arrays scales proportionally to 1/Qbin. If thie islget
unreasonably low, then there will be a processing burden with no discernable difference in results.
With this in mind, Qbin = 0.0001 kWh will commonly be used in simulafibis is &©DS parameter

that must be defined when initializing the DbBlect.

DDS2.Qbin = 0.0001;

Demand between quantitprice points is estimated by linear interpolation. For the example
demand curve values in Tabdethe node would be expected to consume .045 kWh at a price of
$0.10/kWh. This convention should be known by all actors in the system. To limit
misrepresentation by linear interpolation, Qbin should be set to the lowest value supported by

device precision.

To promote consistent communication between nodes, the Qbin paramistelefined for the
system as a whole. However, it is possible for two DTDM systems to interface, when each uses a
different Qbin. Converting a demand curve from one system to another would require sampling,
using the linear interpretation convention. iShis not addressed in the DTDM simulatiém this

case, Qbin is a system parameter that is used by all nadgsariffs For a DDS obje@DS2

DDS2.Qbin = 0.0001;

In the Matlab simulation, consideration must be given for floating point error, iniqdar when

FTAYRAYI | ELISOATAO VOoAYy AYUSNBIEd® ¢KS F2ft26AY:
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QDI g & 0 0'Q¢

Instead, the find function should look for values relatively near the target Qbin interval. A better

construction waild be:

QQEDOO T dpQ £ 0 Q0 O IEN T

5.3.2.2 Linear Interpolation

The values between Qbins are determined using linear interpolation. Because demand curves are
expected to be both monotonic and strictly descending, it is possibtieesd either price or demand

as the independent variable.

For a given quantityQ, which lies between adjacent quantiti€sl and Q2 specified by the demand

curve, the corresponding pric®, is determined by:

Simihrly, for a given price?, which lies between adjacent pricBdandP2,specified by the demand

curve, the corresponding quantit®, is determined by:

.. oc 0p . . . . ..
6 Op wP G Gph Op O Oc
0c Op

In both case, the estimated point lies between the points,[R1] and [Q2, P2].
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5.3.2.3 Pmin

Demand curves are typically n@scending, based on rational actor behavior models. However,

DTDM rules require demand curves, when submitted to a supernode, tadyetonic andstrictly

descending. This is necessaryettsuredeterministic results of the market clearing process. This

prevents a demand curve submission from including horizontal segments, despite the fact that
K2NAT 2y idlf asS3aySyda YlIe NBTFfSOG GKS FO0G2NRa ( NYz
turn on for at any price below $0.05/kWh but remain off from any price above $0.05/kWh. If the

K234 o6F0SN) KSIFGSNRa SySNHe& RSYIFIYRI gKAES 2y3I Aa

horizontal segment at P = $0.05 from Q =0to Q = 1.

However, the systendictates a negative slope between any two points on a demand curve. This
slope is defined by thBminparameter. Pmin is defined as the minimum price difference between
any two points on the demand curve. Thus, the minimum demand curve slop is dédired-

Pmin/Qbin.

For the example demand curve valuesin Tahle YA Y x P®dnnp Aad aluAaFTASR®
not meet the requirements for Pmin < $.005. If the Qbin was smaller, for example .001, than the
same curve (with sampling) wouldrequire f S& & a G NA OG t YAQIS THER tNareS E I Y L

is a relationship between the selection of Qbin and Pmin.

The goal of Pmin is to provide the system operator with the ability to select a clearing price that
uniquely indicates a clearing quamntit It is for this reason that horizontal segments are
dzy  OOSLIil 6t So | 26 SOSNE 06SOldzasS I+ OdzaAaG2YSNRa GN

segments, the Pmin value should be as small as possible.
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If horizontal segmentseflectl  Odza ( 2 YpgefedanceZ( MHzS A &4 G KI G Odzad2 YSND
determine the best way to mafy their true demand curve to meet the Pmin restriction. Examples
are provided in Section 6Simulation Behavior Models. Additionally, horizontal segments often
indicatean inability to consume intermediate quantities of energy. In the example above, the hot
water heater may not have the inherent capability to consume quantities greater than zero but less
than one. If a customer receives a NMP that indicates such a igant their modified demand
curve, it is their responsibility to adjust consumption as they see fit. This may include: ignoring the
deviation from their demand curve submission, implementing dispatchable balancing storage, or

cycling their load during #hmarket interval.

The Pminvalueis based on the p@sion required by the system software and devices. For example,
a Pmin of $1e80 would provide a strictly descending demand curve; however, the price difference

between two adjacent points may be t@mall to provide an actionable difference.

As a practical guideline, NY 1SO publishes LBMPs with a precision of $0.QMKi¢Ftranslates to
$0.00001/kWh or $1&/kWh. If the wholesale energy price is used in determining the DTDM
clearing price, then tis should be considered a ceiling for the Pmin. A Pmin larger thab/&1¢h

may result in incorrect correlation between the wholesale market price and the aggregated DTDM

demand.

With this in mind, in simulation, Pmin = $8ewill commonly beaused as thdop-level node Pmin.

This is set when initializing the DDS obiject.

DDS2.Pmin=1e -8;
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Pmin applies solely to the node at which it is established. Consider the aggregation of two demand
curves, each at the minimum slope specifiedBmin/Qbin. The agggated curve will be expressed
at the same Qbin interval. However, aggregation is the process of horizontal summation; the
aggregated curve will have one half the slope of the components curves. This would result in an
aggregate curve with a slope spésif by -Pmin/2Qbin, which violate the Pmin parameter. To
prevent this occurrence, a node with more than one subnode must specify a larger Pmin for its

subnodes.

¢CKS tYAY OFtdS TFT2N) adzoy2RSa A& F TFdzyOlrzy 27

possessed by the supernode. This is expressed by:

In simulation, theDTDM systenPmin applies to the togevel node. The Pmin parameter for all

other nodesis determined by applying the above equationeggiality. As a resulthe addition of a

new node resuinanupd § SR t YAY F2NJ I ff GKS y2RSa o0Sft2¢
when a node is created, it calls the methsétPminfor its assignedgsupernode. This initiates an

updatebelow the assigned supernode

setPmin(obj.super,obj.super.Pmin);
function setPmin(obj,newPmin)

obj.Pmin = newPmin;
if  not(isempty(obj.sub))
for n = 1:size(obj.sub,2)

setPmin(obj.sub(n),newPmin*size(obj.sub,2));

y €
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end

end

end

Consequently, establishment of the system Pfansimulationshould consider the overall size of

the network and resulting Pmin at bottoitavel nodes.

In practicalimplementation, the Pmin parameter for bottofevel nodes should not change when
adding unrelated nodes to the DTDM. This is accomplished by exceeding the inequality in the above
equation. For example, if a node has 15 subnodes and anticipates theoadditiadditional
subnodes, it may elect to set the Pmin for all subnodes at 30*Pmin. This would satisfy the above

equation for 15 additional subnodes, without impacting parameters for existing subnodes.

Finally tariff curves are not restricted by Pmihey are simply required to be natescending and
may contain horizontal segments. This exception recognizes that tariff curves serve only to modify a
demand curve. If a demand curve meets the Pmin requirement, any adjustments based-on non

descending taff curves will also meet the Pmin requirement.

5.3.2.4 Pcap

A demand curve is a series of points, each representing a quantity (Q) and price (P). Each point is
0KS y2RS YI1Ay3 GKS adladSYSyady aLFT GKS dzy A G LINR
eneNH & ¢ @ CNRY G(KA& Ay G S NaamdBLH) lithiho? a/deEmahdicurve @xteBds LIS O (i

upward vertically and the rigttand (RH) limit of a demand curve extends downward vertically.

However, vertical segments, like horizontal segmenwislate the DTDM demand curve rules.

Specifically, a demand curve with vertical segments is not monotonic.
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To represent LH and RH demand curve limits, while remaining monotonic, tkessal segments
are approximated withvery large positive and negative pricesspectively. It is helpful for this
price to bea system parameterPcap When Pcap is a system parameter, nodes need not consider

the LH and RH limits in their submission, only their minimuthraaximum consumption.

The Pcaparameter should be spe@f for the DDS object during initialization. If not specified, the

default value is 100.

DDS2.Pcap = 100;

For an expressed demand curtp points are added to the demand curve:

o 0 0 & Bed G

These additions are shown below, for the previously provided example demand curve values.

Q(kWh) P ($/kWh)

.03 100
.04 110
.05 .090
.06 .085
.07 .080
.08 .060
.09 -100

Table5: Example Demand Curve Values wiRlcap
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The value of Pcap should be considerably large, relative to possible DTDM prices. This is to prevent
bottom-level nodes from being expected to consume less than their minimum quantity or more
than their maximum quantity. In the example above, it Icobe reasonable fothe DTDM NMP to
reach $2kWh. From the linear interpolation equation above, this NMP can be expected to result in

the following node consumption:
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is not even 2% of a Qbin less than the minimum expressed quantity. Because the Qbin interval is
expected to measure energy consumption with precisidns is an acceptable error. Notice the
percent error, relative to Qbin, is proportional t& 0 0 01 "Qa'@ & AIn other words, the
optimal selectionof Pcap does not rely othe actual value ofdbin, only the acceptable percent

error.
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Example Demand Curve
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Figure27: Example Demand Curve with Pcap at Limits

Pcapmay also be usedn other roles within the network. For example, approaching Pcap may
indicate critical loading events, triggering automatic ledbdding functions. This may beefid

when preparing for unscheduled islanding events. These uses of Pcap will not be examined further.

5.3.3 Linkage Loss Parameter

When a newly created node is linked to a supernode, the physical losses between the two nodes

must be parameterized. This is tliekage loss parameter:

node.lossK
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In the current simulation, this is a constant value, set during initialization. As will be seen, this
parameter may be better served as a function of the subnode power factor. However, power factor

is not tracked intte current simulation, so the linkage loss parameter must be estimated.

Additionally, this parameter relates to the linkage between a given subnode and supernode. The
DTDM construct specifies this parameter should be estimated by the supernode, notkthedsu
However, because the subnode only includes one supernode linkage, but the supernode may

include multiple subnode linkages, this parameter is store with the subnode.

The linkage loss parameter should captures the impact of physical energy lossandbgting a

adzoy2RSWa SyYSNHe@ ljdzkydAate o0SySNHE NBOSAGSRUO Ayl:

Physical energy losses are a function of energy delivered. In general, this is described as

where k is an pproximated linkage loss constampde.lossK Notice, this definition is defined by

the quantity delivered to the subnode, as opposed to the quantity supplied by the supernode.

Practically, the linkage loss constant would be determined through empiesaihg and modeling
the specific network component over the expected operational range. However, this can also be

estimated with the following methodFor the following steps, actual units will be used.

Active power is expressdd terms of the magnitde or voltage, current, and the power factor

0 ®z'0N"Q
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Assuming nominal voltage, a power measurement provides the current

0 0
w nNQ
Active power losses are provided by
0 oY
0 0 Y
w NQ

Assuming constant power, anergy quantity (in kWhjor a oneminute intervalprovides active

power

5 N L e QT
0 Oe Qw Q z
pTTTT
This is thersubstituted into the active power loss equation
- 0¢ Qi Q Z@T
V] Y

PTMTED 21 "Q

Again assuming constant power during the market period interval, active power losses can be

expressed as energy losses

0t QOQ zem Of Qb0 z@ T

; Y
pTTT pmmTED 21 Q

Expressing energy in kWhtiwthe variable Q and rearranging terms yields
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These terms are then matched into our definition for the loss factor

Providing and estimated linkage loss constant

o @ TEY
PTMTED 21/Q

This assumes nominal voltage, constant power and losses over the market period interval, and a
constant power factor. Empirical testing will reveal if theseiagstions are reasonable. If not, this
parameter may need to be adjusted dynamically by the supernode. In particular, estimated power

TIOG2NI YIe ySSR (2 08 AyOfdRSR 6AGK | &doy2RS8Q4

5.3.4 Power Factor

The current simulation does natdlude any consideration for power factor. Pecan Street load and
PV data do not indicate power factor, only active power. Additionally, wholesale energy prices are
expressed in active power energy consumption. During simulation, it is assumed thadedl n

operate with reasonable power factors.

However, @ RS&aONAOSRXE (GKS fAy{1F3S f2ad LI NILYRGSNI Aa

this calculation, a reasonable power factor is assumed, such as 0.9. This value is
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When the DTDM igractically implemented, ithe power factorcannot be reasonably estimated
with a constant value, then the subnode could be required to provide estimated power factor values
over the range of quantities in their deand curve. This has not been implemenia the current

simulation but is considered here.

In addition to a price value, every point on the demand cumaild now include a power factor.
This value must also indicate leading or lagging. Alternatively, the tracked parameter could simply

0 S to'pvent any sign confusion.

As a consequence, the translation of a demand curve is accomplished with-eonstant losskK
parameter. However, the DTDM requires the translated demand curve to be monotonic and strictly
descending.lt is conjecturedhat, in most practical casea strictly decreasing demand curweith a
varying power factowill remainstrictly decreasing after being translatedth a non-constant losskK
value This relies on thebservationthat the demand curve quantities will not tsibject to step
changes in power factor; the power factor of the next incremental quantity value by necessity

depends on the previous power factor.

Note, with power factor being tracked within demand curves, it must also be corrected during

aggregation adtranslation. This process is not considered at this time.

5.4 Create Tariff Objects

In addition to creating node objects, tariff objects may be added to the DTDM network. Each tariff
object is added with the DDS object methaddTariff For example, to atla node to the DDS

objectDDS2
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DDS2. addTariff(6SubNameStringd, 6TypeStringd, 60w

This DDS method createganiff object and adds it to th®DSariffs parameter. The newly created
tariff does not havea name it is described by the subnodeahbears it. This subnode is specified

by SubNameString, which must be an existing node in the DTDM network.

If the OwnerString specified does not indicate an existing owner in the system, an Owner object is
created with that name. If an Owner object &si with the name specified by OwnerString, the

newly created node is added to itsvner.nodegparameter.

The variable TypeString must match one of the-geéned tariff structures. Currently, this is
fAYAGSR G2 WOI LJ OA ( euyorxt |YWiNG @y LY !aR RAZIOAND yYILI9 ad IONER BNJ 2

the DTDM or the underlying code; they simply must be configured under a new tariff type.

The specified tariff type will determine which other parameters must be specified during
initialization. Forexample, Capacity Tariffs requitariff.capPwrLimif while RampEMA Tariffs
require willtariff.rampEMAnNPeriod Tarifftypes andstructures will be described in detail in Section
6.

5.5 PrepareSimulation

After defining the DDS object and adding the Node @adff objects, the simulation is ready to

execute. Execution of the simulation is accomplished through a DDS object method:

DDS2.run( tRefStart ,simDuration);

The input variable tRefStart provides the starting time value. This is an index value for
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DDSimeseries The input variablesimDurationprovides thenumber of timesteps for which to

execute the simulationRecall, one minute timesteps are assumed; this is defin@Di8.timeseries

When DDS.runis called, it performs a series of preparation stdpfore beginning the timestep

simulation. These steps are validatiowner edge identificationand preallocation.

First the DDS object methoDDS.validates executed. This method checks for common errors or
inconsistencies that may have been made when configuring the DTDM network and initializing the
simulation. This method should be updated as the simulation code develops. Additionally,

DDS.validatenaybe used to enforce limitations that are not inherent in the DTDM market.

Currently, the validation process performs the following checks:

A Verify only one togevel node exists.

A Verify only one market exists and it is either the 4epel node or itsupernode is the top
level Supply node. This is not a limitation of the DTDM, but a limitation of the current
simulation code

A Verifydispatcher nodes have exactly one dispatchable node. This is not a limitation of the
DTDM, but a limitation of the curné simulation code.

A Verify dispatchable storage nodes have a dispatcher and the configuration is valid.

A Verify all DDS nodes and tariffs have owners assigned.

A Verify bottomlevel nodes (i.e. Load, PV, Storage) do not have subnodes assigned.

A VerifytRefStat + simDurationdoes not exceed the size DDS.timeseries

A Compare all node data source arrayDDS.timeseriesizes must match.
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A Check data source entries for valid valuedoadDataSourcemust be nomnegative,
pvDataSourcenust be norpositive. Thissinot a limitation of the DTDM, but a limitation of
the Load and PV Node behavior models.
A +tSNATe (KS 55{ KFra yS@OSNI 6SSy Nlzy o / dZNNB y (i f

has been implemented.

These checks are performed in sequential order.a Bheck fails, the code ends with an error

message.If no checks fail, the simulation continues.

Next,the methodowner.edgeSeis called for each owner in the system. This method defines each

26y SNDRDa aSR3IS¢ y2RSa | yR {woIcanfigarationd Arde8ge noleg (i K S
and tariffs either indicate energy generation, energy flow to another party, or energy consumption.
5SGSNXYAYyAY3 (KS&AS y2RSa gAaftt YI1S Al LRaaroftsS i:
flow when the simulat 2y A& O2YLJX SGST Al A3Iy2NB Fff SySNBHe@

subnetwork.

There are four classes of edge nodes, each documented in a different parameter.
owner.edgeNodesAs populated with topevel nodes; this indicates possible energy gatien.
owner.edgeNodesB populated with nodes with a different owner subnode; this indicates possible
energy transfer. owner.edgeNodes{ populated with bottordevel nodes; this indicates possible
energy consumptionowner.edgeNodesi3 populated wih nodes with at least one different owner
subnode; this indicates possible energy transfer. The different owner subnodes are listed in
owner.edgeNodesDSubswner.edgeNodesE populated with nodes that bear one or more tariffs
with a different owner; tlis indicates possible cash flow. The different owner tariffs are listed in

owner.edgeNodesETariffs
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Finally,the all meter parameters are prallocated. These parameters are used to store the results

of each simulation timestep. Only nodes and tariffexts withobj.mFlag= 1will record the results

of each timestep; however, the default value for this parameter is 1. The paraD&8rmeterTime

is filled with the values iDDS.timeseriemdicated by the simulation input variabl¢RefStartand
simDuation. Meter parameters for nodes and tariffs do not yet have values to record; these arrays
are preallocated with zeros to speed up the Matlab code. For nodes, the following parameters are
pre-allocated: meterPriceContr, meterQuantContrAvg, meterPrigalC meterQuantClearAvg,
meterQuantActual, meterSubRevenue, meterSuperPayment, meterTariffPayment, meterRevenue,
meterStoragePct For tariffs, the following parameters are palocated: meterQuantActual,

meterRevenue, meterPriceEff

Meter parameters calbe expanded to include are timestearying values of interest.

With validation, edge identification, and pedlocation complete, the simulation can begin. This
process simply performs the number of timesteps indicatedibyDuration Each timestepcludes

Market Operation, Realime Actions, and Settlement. A description of each follows.

5.6 Simulation: Market Operation

The DTDM rules do not specify when Market Operation occurs, relative to the market period for
which it applies. For example, Mark@peration for the 12:0@ 12:05 market period may occur at
11:55 or 11:45. Selecting the timing of Market Operation is the responsibility of the DTDM system

operator. However, in the DTDM simulation, Market Operation always occurs immediately before
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the market period for which it applies. For the 12:902:05 market period, the DTDM simulation

will execute Market Operation after the end of 11:59 but before any actions occur for 12:00.

Thus, the first step for any simulation time step is to determina BTDM Marketplace Node is
scheduled to run. This requirement is stored in the Marketplace Node parametkr.marketNext
If this value matches the current timestep, which is store®DS.t the Marketplace Node initiates

the Market Operation methodhode.runMarket From the DDS object:

for n = l:size(obj.markets,2)
if  (obj.t == obj.markets(n).marketNext)
obj.markets(n).runMarket;
end
end

The following subsections describe the process that occurs wir@viarketis called. This includes:
requesting demand curves; initiating bottenode demand curve generation; initiating tariff curve
generation; demand curve aggregation, adjustment, and translation; determining the market

clearing point; and propagating a Nodeahinal Price to all DTDM nodes.

If no market is scheduled to run for the current timestep, then the simulation immediately proceeds

to RealTime Actions. This is described in Section 5.6.

5.6.1 Demand Curve Generation

For Market Operation, the Marketplace Nodeeks to determine its nodspecific clearing price and
guantity. The clearing price will then be propagated, with adjustments, to all nodes in the system:
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preferences.

The Marketplace node executes methodde.generateCurvéor the market period specified by

input variablesnarketStartand marketDuration

obj.generateCurve(ob j-marketStart,obj.marketDuration);

The methodnode.generateCurvis generic for all node types. First, it clears the currently stored

curve parameter:

obj.curve =[];

Next,generateCurveonsiders the node pe.

Bottom-level nodes (i.e. Load, PV, and Storage Nodes) will generate a demand curve based on their
specified behavior model. In these casedj.generateCurvecalls methodsobj.setLoadCurve,

obj.setPVCurv@ndobj.sd@StorageCurve respectively.

Supply Nods, while not bottomlevel nodes,will also directly generate a demand curwéthin
obj.generateCurvey cdling obj.setSuppl€urve Howeverthese nodes ara spedal case in Market

Operation andwill be addressed later.

However, Aggregation, Marketplacand Dispatcher Nodes do not directly generate a demand
curves. These node types all have subnodes; each requires a demand curve that reflects the
preferences of their subnodesFor these node typegbj.generateCurvénitiates a demand curve

request toeach subnodeThis is the methodbj.requestCurve
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for n = 1:size(obj.sub,2)
obj.requestCurve(obj.sub(n),marketStart,marketDuration);

end

In practical implementation, this request would be communication between two nodes. If both
nodes share an ownethis would likely be accomplished with a virtual request. If both nodes do

not share an owner, this would be a communicated request.

In simulation, the methodbj.requestCurvesimply callsobj.generateCurvéor the specified node

object.

function requestCurve(obj,targetNodeObj,marketStart,marketDuration)
targetNodeObj.generateCurve(marketStart,marketDuration);

end

This represents the subnode receiving a demand curve request and running its internal demand
curve generation functionAs bdore, obj.generateCurvenay result in either a dict demand curve
generation (for bottomlevel nodes) or further requests for subnode demand curve submissions (for
non-bottom-level nodes). Thisprocess propagates until all bottetavel nodes receive a deand

curve request.

When a bottomlevel node receives a demand curve request, it generates a curve based on its
behavior model. The behavior models included in the DTDM simulation are addressed in Section 6.

For all behavior modelsbj.generateCurveesults in the setting the bottord S@Sf y2RSQ&d RS
curve parameterobj.curve Next, the bottordevel demand curves will propagate back to the

Marketpalce Node.



The Demand Curve Generatimaguestprocess is illustrateth Figure 2&elow

will illustrate the successive processes.
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. Figures 30 and3
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Figure28: runMarket (1/3)
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5.6.2 Demand Curve Adjustment

Next, thebottom-level node must submit demand curve to the supernodeThis is not simply the
demand curve the node generated.héeldemand curve submission is a contractual offer. The
bottom-level node must incorporate the impact of any tariffs in this submissidns is the process
of demand curve adjustment. Demand curve adjustment is implemeritedhe method
node.submitCurve The processlso applieswhen a non-bottom-level nodesubmits a demand

curves to its supernode

In the DTDM simulation, it is assumed that generation of a demand curve is always followed by
demand curve submission. Thus, the methodde.submitCurves ircluded in the method
node.generateCurve after the nodespecific demand curve generation function (e.g.

node.setLoadCuryaode.setPVCurvey, as later describedggregatecurves

The purpose ohode.submitCurvés to adjustnode.curvebased on borne taifs, with the resulting
curve described by the parametaonde.curveSubmitThis is the contractual curve that is submitted

to the supernode.

If no tariffs exists between the node and its supernode, the demand curve submission simply

NB Tt SOl aactiisKdemafidcRréeQ a

curvePlaceholder = obj.curve;

obj.curveSubmit = curvePlaceholder;

If tariffs exist between the node and its supernode, the node must first request an updated tariff



134
curve from the tariff object. This is accomplished by calling the methadff.generateCurveor

each tariff object. In most cases, this is accomplished as follows, from the node object:

tarifflist = obj.tariffs;

for n = l:size(tarifflist,2)

tarifflist(n).generateCurve(marketSt art,marketDuration);

The methodtariff.generateCurvealevelops a tariff curve based on its patefinted node type. For
example, Capacity Tariffs c#dlriff.setCapCurvend Flat Rate Tariffs cadbriff.setFlatCurve The

specifictariff types includd in the simulation are described in Section 6.

Once generated, ach imposed tariffturve can beinterpreted asa supply curve. Like the node
demand curve, these tariff curves are a series of points at Qbin intervals. Curve adjustment is

accomplished itwo steps.

CANRBRGOZ UGKS 2dziLizi OdaNBS Aa GiUNAYYSRZI¢ 2NJ fAYAGSIH
is based on the assumption that quantities not included on the demand (or tariff) curve are
prohibitively expensive (i.e. are priced at PcapJsing the convention that the first column of a

curve is the quantity and the second column is the price:

&6 Qo pip T AdroQy  pbFH6 QY pip
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As a practical consideration, tariff curves can be infinitely large. For example, a target quantity tariff
curve can be expected to extend horizontally to positive and negative infinitely. With this in mind, a
tariff curve may not be generated until after the demand curve is known. Then the demand curve is
only defined to be one Qbin longer than the demand curve, in either direction. The resulting

adjusted curve is the same.
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Figure29: Example Trimming in Demand Curve Adjustment

Two, the adjusted curve is simply the difference between the demand curve and tariff curve, at each

Qbininterval. ForallvaluesoNBS ddzf GAy 3 FNRBY GKS GUNARYYAYy3IE Ay &
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When a nodehas multiple tariffs between it and its supernodebj.submitCurve( yepeats this
process for each tariff, iteratively adjusting tipaceholdercurve. The fina result is storedn the

parameternode.curveSubmit

obj.curveSubmit = curvePlaceholder;

Note, duringsubmitCurvethe simulation deviates from the DTDM rules in a few ways.

One, the node is requesting a tariff curve from the tariff object. HowevehdrDTDM construct,

GKS GFNRFF 26ySN) aK2dzdZ R 2yfte& LINRPDARS dzLJRIF G§SR LI
the tariff instance into a tariff curveThis does not impact the simulation; all actors in the system

would interpret the tariff ingance in the same way. That being said, implementation or more

advanced simulation would make this distinction.

Two, the simulation requires the node to request an update from the tariff owner. In practice, this
update would be initiated by the taritfwner, in anticipation of Market Operation. This is a slight
distinction; however, in implementation, the responsibility to update the tariff parameters should

fall to the tariff owner, not the subnode.

Additionally, mwer factors are not tracked in the simulation. However, if they were, demand curve
adjustment would not impact demand curve power factors. The process of adjustment only adjusts
the price points on the demand curve, not energy quantities. Thus the pdaator for each

demand curve point would be unchanged.

The end result ohode.curveSubmand demand curve adjustment is an updateade.curveSubmit

LI N} YS G SN ¢tKAad A& GKS y2RSQa O2yidNY Olidzkf 2FFSH
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The process alemand curve adjustment illustrated below, along with the forthcoming processes of

translation and aggregation.

Supply Node market(nodel.curve,node2.curve SubmitTrans)
market method nodel node2.super.quantContrAvg
market parameter nodel.generateCurve node2.super.priceContr
curve generation method nodel.setSupplyCurve node2.super.quantClearAvg
curve generation parameter nodel.curve node2.super.priceClear
curve adjustment method
curve adjustment parameter
curve translation method node2.curveSubmitTranp
curve translation parameter lossK
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Figure30: runMarket (2/3)
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5.6.3 Demand Curve Translation

Once the supernode has received the demand curve submissionsiteconsider any linkage losses
between itself and the subnodeThis is demand curve translation. Demand curve translation will
YIYyALdz I §S GKS &dz y 2 RS Qcde.cRréeSBubryjifato & deMahd cudedtdaly’ A & & A 2

incorporates physical lossesode.curveSubmitTrans

b2iSs GKS &ddzoy2RS$SQ4a RSYIFIYR Odz2NBS &adzoYAiaaizy Aa
GNIYyatldA2y Aad GKS &adzZZJSNYy2RSQa NBalLRyaAboss AGET |
translation assumes constant power apdwer factor over the course of the market period. These

may or may not be a reasonable assumption. Additionally, loss translation requires making a
reasonable estimation of the linkage loss parameters. If a practical implementation provides

excessive ariability for these considerations, the loss translation method may be impractical.

However, it is for this reason that the loss translation is accomplished of the supernode owner. It is
expected that this system actor will have a better understandingtled parameters and
approximations made during loss translation. As examples: a facility manager will have a better
understanding of facility wiring than the buildings tenants; a distribution system operator will have a
better understanding of the distriltion linkages than individuals households. Not only do the
supernode owners have a better knowledge of parameters, but they can be expected to be in a
better position for hedging and risk mitigation. For example, if extreme weather results in an
unknownimpact on the physical loss parameters, the distribution system operator has the ability to

adjust the loss translation calculation to minimize risk over the range of possibilities.
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This last consideration, hedging, also applies to-oommstant power andoower factors over the
market period. The supernode owner, when accomplishing loss translation, can choose parameters
that reflect their desired level of risk. For example, if constant power is not as reasonable

assumption, the owner can apply a contimgg multiplier.

In this simulation, the translated demand curve is stored at as a paranmeide.curveSubmitTrans,
for the subnode object. This is for data management convenience only. In practice, the translated

demand curve would be stored by the supede and may be unknown by the subnode.

Demand curve translation is controlled by the linkage loss parameteielossKkwhichwas defined

in Section 5.2.3. As described in that section, the linkage loss parameter is a function of the
& dzo y 2 R S Q &tor.LIaSebld infplementation may include a specified power factor for every
guantity point on the demand curve. However, for the current simulation, the power factor is
considered constant. Thereforepde.lossKs considered constant for all points @ahe demand

curve.

[2aa GNIyatldAzy OF LJWidzZNBa GKS AYLI OG 2F LIKe&aAOolr
demand curve (in terms on energy received) into a curve to be used by the supernode (in terms of
energy delivered). A demand curve ipmssed as price points at a set interval of energy quantities;

physical losses will impact both components.

Physical energy losses are a function of energy delivered. In general, this is described as
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where k is an appromated linkage loss constantodelossK asdefined in Section 5.2.3 Notice,
this definition relies on the quantity delivered to the subnode, as opposed to the quantity supplied

by the supernode.

As a reminder, Q represents a quantity of electreargy, while P represents a unit price for the

electrical energy.

2 A0K GKS fAy1I3S t2aa O2yaidlyd SadlrofAaKSRI | &
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purchase Q units of energy at a total cost of P x Q. The subnode is expressing demand entirely in

terms of energy it receives.

First, it is assmed that the subnode demand is positive; energy will flow from the supernode to

Ny
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Based on the demand convention, the supernode supplies energy

Using the previous  definition, this becomes
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C
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guantity), ths becomes



Further, the customer expressed their price in terms of energy delivered.

commitment (Q x P) by the energy supplied yields a new price point:

1
c~z| =
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These two equations are then useditioNJ y & f S (G KS adzoy2RSQa
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Dividing their payment
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to energy supplied. Modification of the demand curve will occur for each discrete point on the

demand curve. The maodification of each point can then be broken into two components: shift in Q

andshiftin P.

This shift is easily determined for quantity:
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This equation is not valid when Q = 0, so an exception must be made for that case. Recognizing that

GKSNBE Aa y2 f2aa ¢KSygednotdhangeXThéréfdBe a dzoy 2 RSQa 2F FS1

31 mh 30 m O ™
Next, consideration must be made for negative demand curve quantities; when energy flows from
the subnode to the supernode. In these cases, the subnode is offering to export energy to the
supernode. Physicldsses are indifferent to the direction of flow and serve to reduce the exported
energy received at the supernode. However, demand convention describes export energy as
negative, so the losses are additive. The relationship betweenasubsupernode eergy quantity

does not change:

0 0 @Wh 0 m

GKSNBE v adAtft NBLNBaSyida GKS adzozy2RS RSYlIyYyR Odz
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magnitudethan Q. Again, the translation in quantity is expressed as

30 0 0 0 @ O @h 0 m

Notice30 will always be a fraction of the magnitude of Q. This prevents the loss tariff translation
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Applying this equation to the price translation results in
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Notice the price translation also does not change from the previous expresgidditionally, for
negative Q values, tha0d expression always yields a positive value. However, negative Q values
yield positive30 values. This makes sense: a supernode importing energy from its subnode must

GLI 8¢ F2N) GKS t2586a RIFSNBR Ay (KS adoy2R

In summary, the following expressions are used to translate a demand curve by a system loss

componentk:

Finally, it is also possible for a demand curve to have points below #esQi.e. negate price

values). In these instances, the above equations are still valid. The translation of points can be thus

be generalized as follows:

Negative Quantity Positive Quantity
ntyY ! gl @xisTud)P n t Téward Qaxis (down)
nvy ¢2aisght)t| pvyY ! gl axisTriyR)Y]

nty ! gl &xisTdiny] nty ¢2axisNB v
pnvy ¢2axis@gt) t| pvyY | gl axisTrigi) Y]

Table6: Loss Translation Generalization

Positive Price

Negative Price




144

For practical values df, when the initial curve is strictly decreasing, it is conjectured that the
transformed curve will be also strictly decreasing in any quadrant. This has been examined

empirically, but is not proven analytically.

When implementingthe loss tariff transformation, there are practical limitations, based on the

DTDMdemand curve conventions.

First, it is possible for the transformed curve to violate Pmin limits for adjacent quantities. In
particular, this would occur when a curve, ady at the Pmin limit, crosses theaRis at a negative

value. The point on the-&xis (Q = 0) would not shift, but the next point would move up and to the

right, potentially violating the Pmin constraint. This is a practical consideration that, while ra

Ydzai 0SS Y2yA(l2NBR F2N) gKSy (ONryatldAy3d || adoy2RS

violation adjustments can be implemented.

A more significant difficultly arises when restricting the translated demand curve to the system
defined Qbin iNtNIJ I £ & Ly LI NIAOdzZ I NE A G s0Avdl edhidl anfieoes t & dzy
multiple of Qbin. However, each point on the translated curve must be at a Qbin interval. If the

initial demand curve was generated by a known mathematical eqonatie translated curve could

be generated and sampled at the Qbin interval. HoweverOm®Mrequires no such expectation,

S0 a general approach is needed.

Using the expectation that the Qbin interval is small relative to the practical control of smart
devices, the algorithm can force thsd calculation to the nearest Qbin interval. This can be done
with round, floor, or ceiling functions. Of these options, the round function provides the closest fit

7

i2 GKS aiNHZé OdzNBS (i NI fgllavE 2 Nakice dhk 2eflidy functioi B S

w
[T



P ($/kWh)

LI

NI A Odzf I NX &

Ayl OOdzNI G§S FT2NJ Ot dzSa

and is used for algorithm implementation.
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Rounding quantity values provides another challenge. The temptation is to use the rosfided

when calculating-0. In particular, this would simplify loss tariff transformation in Joss physical

systems. When the approximated linkage loss constanis very smaled @ may round to

zero over the range of possible Q values. In this aasayould always be zero. Notice thes)

simplifies to

C

C

cH
=i

In these cases, the loss tariff will not provide any effect when translating the demand curve and the

loss tariff transformation can then be neglected.
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Figure34: Translaed Curve Segment (round Function) for Negative Pric

However, this method provides one significantadigantage. Roundimrgd NS & dzf a4 Ay & 2 dzY L%

moving from one Qbin interval to another.

For positive price values, the result remains strictly
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decreasing. For negative price values, the resulting curve may ascend where the jump occurs. An
illustration follows. This ascending segments are solely due to roursdingotice the unrounded
OdzNS A& RSAaOSYyRAy3IO® CtKAAd STFSOG rfaz2 200dz2NE 4

points at the same Qbin value.

To avoid this consequenad rounding G KS NRBdzy RSR pv A& dzASR FT2NJ |
unroundedn v @ f dzS8 A a dza SR fop e pointR ShisSenkNidsfive yanhsfoprted
curve remainsstrictly decreasing. It also results in a curve that more closely appeigsnthe
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for the same Qbin. These points must be replaced by a single point. As an apfimxithe mean
of the two price values is usedt is expected that, in practical applications, both Qbin and k will be

avylrff Sy2dz3K (2 LINBGSYyld pv NRdzyRAYy3 G2 NBadzZ G A

In conclusion, if the subnode demadrve is monotonic and decreasing, the transformed curve,
with rounding as described, will also be monotonic and decreasing. Price values will appear at, and

only at, Qbin intervals.

As a final illustration, a linear demand curve is translatedrigure 8. The initial demand curve
includes Q values fror®.8 to 0.8 and P values from 1.6 to 0. Qbin is 0.01. No Pmin is specified, but

the input curve has a P step size of 0.01 for every point. For illustration, k = 0.2 is used. Note, Qbin



and k are bothimpractically large for the purposes of illustration. This illustration demonstrates the
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In summary, the methodode.translateCurveerves to implement demand curve translatiomhis
includes translating the quantity values, translatthg price values, rounding the quantity values to
the nearest Qbin, then removing duplicates and linearly interpolating missing values. The method is

provided below.

function translateCurve(obj)
if obj.lossK ==
obj.curveSubmi  tTrans = obj.curveSubmit;
elseif isempty(obj.curveSubmit)

obj.curveSubmitTrans = [];

else
Q = obj.curveSubmit(:,1);
newQunrounded = (Q+obj.losskK*Q."2);
newQ = 0bj.Qbin*  round(newQunrounded/obj.Qbin);
P = obj.curveSubmit(:,2);
I = (Q~=0);
: % index of nonzero Q values (zero Q value does not adjust
P
newP = P;
newP(l) = P()+P(1).*(Q(l)./newQunrounded(l) -1);

if size(obj.curveSubmit,1) == 1

% if initial curve is a single point, no interpolation

needed
obj.curveSubmitTrans = [newQ,newP];
else
% else, curve is multiple points
% first, check for translated points at the same Qbin
(possible for Q < 0)
if Q()<O0
dupl = find(newQ(1:end - 1)==newQ(2:end));
for n=1l:size(dupl,1)
% for each identified duplicate Q entry in
newQ

index = dupl(n);

newP(index) = (n ewP(index)+newP(index+1))/2;
% average duplicate Qbin points
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newQ(index+1) =[]; % remove duplicate row
newP(index+1) =]; % remove duplicate row
dupl = dupl - 1 % reduce index reference
end
end
% second, interpolate for missing values
(possible for Q > 0)
if Q(end)>0

interpQ = (newQ(1):0bj.Qbin:newQ(end))’;
interpP = interpl(newQ,newP,interpQ);
newQ = interpQ;
newP = interpP;

end

obj.curveSubmitTrans = [newQ,newP];

end
end

end

Finally, in this simulation power factor values are not tracked with the demand curve. Houfever,
power factors are tracked with the demand curve, then translation would also impact the power
factor values. To accomplish power factor translation, linkage components would need to be
parameterized by both their active and reactive loss components. ofe metailed analysis is not

provided at this point.

Thedemand curve translation processillustrated in Section 5.6.2.

5.6.4 Demand Curve Aggregation

The final process involved in the demand curve request is aggregation. Aggregation occurs when a
supernodehas availablenode.sub(n).curveSubmitTrafts all its subnodesThe node then calls the

function aggregatecurvedo develop its own demand curve. Thus, for a #bmttom-level node,
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node.curverepresents the adjusted, translated, and aggregated prefezencf the subnetwork
G0St 20¢-baltdndevefdge.¢ KAa Aa GKS TFAYIf & géhemteCyivell KS

method.

Aggregation represent horizontal addition of demand curves. In effect, this uses price as the
independent variable and quantiys the dependent variable. However, quantities are expressed at
a fixed interval (Qbin), while prices are not. Additionally, the resulting curve must be expressed at

the same fixed quantity interval. These restrictions pose challenges in implementation

In the example below, curves A and B must be aggregated. The LH and RH vertical limits are not

included. The different methods are illustrated in Figure 37.

A B
Q(kWh) P ($/kWh) Q(kWh) P ($/kWh)
0 3 0 2
1 2.5 1 1.5
2 15 2 1
3 0.8 3 0.5
4 0

Table7: Example Curve Aggregation Methods Data

al
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—*—A
—*—B
"Simple" Stack Combination
—¥— Slope-based Combination
"Cleaned" Slope-based Combination

Price ($/kWh)

Quantity (kWh)

Figure37: Example Curve Aggregation Methods

One approach to aggregating the curves is to simply sort the price points of A and B in descending
oder, s AGK ljdzZr yiAGASE oFaSR 2y GKS voAy AYydSNDIfc
combination. However, inspection reveals some problems with this approach. First, the aggregate

curve implies a demand of Q = 8 when P = 0. However, the maximurmdesha and B are shown

to be 3 and 4, respectively. This is an error equal to one Qbin. This cumulative error would be
particularly concerning when aggregating many cunv@scond, the resulting curve includes a

horizontal segment at P = 1.5. Thisbecause both A and B include a point that price in their

demand curve. This is unacceptable; like the component curves, the desired aggregation must be
monotonic and strictly decreasing. Third, visual inspection reveals that this curve does not actually
represent the horizontal combination of A and B; it does not accurately predict the aggregate

demand at most price points. This approach is unacceptable.



153

Instead, the curves should be aggregated with a slogpged combination. This is derived by
combinirg the slopes of each demand curve in a piecewise fashion. It specifically takes advantage of
the monotonic and decreasing nature of each demand curve. If the linear interpolation between

points is to be trusted, this is the most accurate representatibthe aggregate demand.

Specifically, slopbased combination is accomplished by examining the slope of each curve from
the highest contributing price to the lowest contributing price. Each curve is considered to have a
negatively infinite slope for pres above their maximum price and below their minimum price. The

following equation is used to determine the combined slope of curves A and B:

T U ¢}
wWeE awQ Q0O Nt O —
p p
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First, the aggregated curve is anchored at the sum2of/di NA 0 dzi Ay 3 OdzNIBS&aQ AyAdl.

higher of the two initial prices:

0 1 1HAG R

Next,combinedSlopés adjusted based on which curve provided the anchor price. Updating a slope

from a given demand curve entnyis:

5| c

i8N Q ———=,
0 0 W Qe

The combined slope is used to establish a candidate price. If either curve includes a price higher
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Otherwise, the combined slope estables points at the Qbin interval. This process continues until

both curves have exhausted all their points.

The result of slopéased combination is illustrated in Figu3&. Notice, points exist at each Qbin
and at every price included in either demacrve. Additionally, this curve aggregation ends at the

correct maximum load (Q = 7 in this example).

However, the aggregated curve cannot include points outside the Qbin interval. The most
straightforward approach is to simply remove points that do metet this criterion. This is
AffdzAGNT SR | & -HhaseS conbiddti®hl vy SlRiée thisf @dciSs introduces
misrepresentations during linear interpolation. However, these errors are less than Qbin in all
instances and are corrected by the next @literval. This is considered an acceptable compromise.

¢KS aOf SIyAy3aé 2F GKS I 33 NB-Basdd Sombir@tizNIIS Ydza Gt 2 OO0«

One problem with this method occurs when aggregating demand curves without overlapping prices.
Examples are praded in Figure88-40. Inspection demonstrates thain the aggregated curve,
vertical lineshouldbe expected at prices below the Storage charging threshold ($0.04/kWh) and
above the PV marginal cost ($0.00/kWh). However, this vertical line waaild the demand curve
non-monotonic, which is unacceptablélo correct for thisaggregation uses the higher price value

at the duplicatedQbininterval. The result is shown below. This error is alweysal toQbin and
200dzNB f Saa 2 T stk coinkinaon, SokHss métkiod iy 4tilf pEeferable. The impact
of this error can be mitigated by used a small Qbin sidditionally, this error is not cumulative.
Once the error is introduced, the aggregate curve no longer has a vertical segmidait gtrice

range. Additional errors will not occur at that price range.
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In the simulation codethe aggregation process itsalflows onlytwo inputs. Aggregation of more
than two curves will be performedsequentially, with intermediaryaggregation curves.
Alternatively, if the node has only orseibnode node.curves simplynode.sub(1).curveSubmitTrans

or the translated demand curve of the one subnode.

for n=1:size(obj.sub,2)
if n==1

obj.curve = obj.sub(n).curveSubmitTrans;

else
obj.curve = aggregatecurves(...
obj.curve,obj.sub(n).curveSubm itTrans,...
obj.sub(n).Qbin,obj.sub(n).Pmin);
end

end

In this simulation power factor values are not tracked with the demand curve. However, if power
factors are tracked with the demand curve, thaggregationwould also impact the power factor
values. To accomplish power factggregation, a process equivalent to phasor summation would
occur for every guantity and power factor pointA more detailed analysis is not provided at this

point.

The damand curve ggregation process is illustrated in Section 5.6.2.

Now thataggregatecurvedias been described, every process has been outlined. As a result, the
Marketplace Node has completed itgenerateCurvemethod. The Marketplace Node now has

node.curveand can proceed with the market process.
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5.6.5 Market Clearing Point

With its node.curveparameter update through thegenerateCurvenethod, the Marketplace Node
can proceed witmode.runMarket The next step is to determine the Marketplace Node clearing
priceand quantity. The market is said to clear at the price at which the supply quantity equals the

demand quantity.

5.6.5.1 Clearing Pointislanding Mode

In islanding mode, the Marketplace Node will be the-tepel node. In this case, there is no supply
curve. Hbwever, negative values on the demand curve can be considered supply. Thus, supply
equals demand where the demand curve crosses the vertical axis: when Q = 0. Because the demand
curve includes prices at every multiple of Qbin, there must be price apthiig. This is the clearing

price. If the demand curve does not cross the vertical axis, there is no clearing point.

if isempty(obj.super)
index = find(obj.curve(:,1)==0);
if isempty(index)

error( 'Market cannot clear! );
else
obj.quantContrAvg = 0O;
obj. priceContr = obj.curve(index,2);
obj.quantClearAvg = obj.quantContrAvg;
obj.priceClear = obj.priceContr;
end

There are four parameters updated after determining the clearing point: clearing price, average
clearing quantity, contract price, and average contract quantity. The same definitions apply for all

nodes, not just Marketplace Nodedhe clearing pricegbj.priceClearis the local price at which the
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market (or node) clears; this is a point amde.airve  The average clearing quantity,
obj.quantClearAvgis the corresponding quantity frombj.curve divided by the market duration,

obj.marketDuration

However, the contract price is the price communicated to a node from its supernode: this is the
NodeMarginal Price. The contract priaghj.priceContior NMP, is located oabj.curveSubmit It is

the price the supernode expects to be paid for energy delivered. The average contract quantity,
obj.quantContrAvgis the corresponding quantity frombj.cuveSubmit divided by the market
duration, obj.marketDuration Immediately following Market Operation, tlabj.quantClearAvgyill

equalobj.quantContrAvghowever, they may differ during ReBiime Action for Dispatcher Nodes.

Note, the DTDM rules specifjpat only the NMP obj.priceContr is communicated after Market
Operation. The other parameters are only used as intermediate steps and recorded for analysis.
Specifically obj.quantContrAvgs not contractually binding, other than in cases with a Prémtict

style tariff.

Finally, any Aggregation Nodeuld potentially operate as a Marketplace Nadehis manner For
example,a subsystentould continue to operate using DER when connection to the larger electrical
grid is lost. This includes cases in igh anAggregation Node loses connection to its supernode

the DTDM network The Aggregation Node can use the existing irfpamn its subnodes and can
make the market determinatignt takes over as a Marketplace Nodiote, this transactive energy
structure does not ensure the system will operate in this fashion, but merely provides an

opportunity to do so.
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The above clearing process applied only for -kl Marketplace Nodes. However, the

Marketplace Node typically has a supernode: a Supply Nodeebing to a larger energy network.

5.6.5.2 Supply Nodes

A Supply Node cannot have a supernode; it must be daegl node. Like bottoAevel nodes that
are expected to consume energy (or generate negative energy), a Supply Node is expected to
provide energy (bconsume negative energy). Where a botttewel node is a sink, the Supply

Node is a source.

A Supply Node generates a supply curve, with similar conventions as a demand curve. Like a
demand curve, the supply curve should have a series of quarriitg points, with a price for every

Qbin interval. However, a supply curve is fmwscending. Additionally, to support common
financial arrangements, a supply curve is not required to be strictly ascending. For example,
consider a connection to the wholesamarket, with a flat rate energy price. The supply curve

would be represented by a horizontal line at this energy price.

Tariffs may also be imposed between a Marketplace Node and its supernode Supply Node.

In all simulation cases, the DTDM is considerédrice taker€ of the larger energy marketA price

taker is an entity that has it has no influence on the market price being set, generally due to low
market share. Thushé DTDM network will have no laénce on the price offered by the larger
system, e.g. the wholesale energy market. If the DTDM and DDS concept is widely implemented,

this assumption would need to be challenged.



160

Before a Marketplace Node can determine the clearing price and quantityst request a supply
curve from its supernodeHowever, a Marketplace Node truly cares about the clearing point at its
Supply supernode; there may be linkage losses and tariffs between the two. For example, if the
Supply Node represents the connectitinthe wholesale energy market, the DTDM system operator

seeks to clear the market at the price and quantity dictated by the wholesale energy market.

To this end, the Marketplace Noaeustadjust and translate its own demand curvidote, because
the Markeplace Node is connected to a supernode, demand curve adjustment was accomplished
after aggregation duringbj.generateCurveobj.curveSubmihas already been established. Next,

translation is accomplished by calliabj.translateCurvewhich generateshj.curveSubmitTrans

The Marketplace Node themequests a supply curve from its Supply supernode. This is
accomplished, as before, with the methobj.requestCurve Upon receiving this request, the Supply

Node callobj.generateCurvenhich call®bj.setSipplyCurve

When generating a supply curve abj.setSupplyCurvehe simulation assumes an infinite capacity

of node supply. It is expected that any capacity limits would be expressed as a capacity tariff
between the Marketplace and Supply Nodes. Addéily, supply curves are assumed to be-fate

price curve. This is not a limitation in the DTDM rules; it is an artificial limitation imposed by the

current simulation code.

Thus,a supply curve ian infinitely horizontal function, at the flatate supply price. The flatate

price is determined by referencing a dataset provided during initialization.

obj.supplyPrice = mean(obj.supplyDataSource(...
refStart:refStart+(marketDuration -1));



161

To limit the size of the supply curve, the Supply Nodk SO1 a GKS f Sy3aadkK 2F (KS
demand curve submission. As long as the supply curve exceeds the limits of the translated demand

curve, the market clearing point can be determined correctly.

curveMin = min(curveMin,obj.sub.curveSubmitTrans(1,1));
curveMax = max(curveMax,obj.sub.curveSubmitTrans(end,1));
curveMin = curveMin - 0bj.Qbin;

curveMax = curveMax + obj.Qbin;

obj.curve(:,1) = [curveMin:obj.Qbin:curveMax];

obj.curve(:,2) = obj.supplyPrice;

This establishethe supply curveobj.curve which will be used when determining the Marketplace

b2RSQa Of FhiNteyidincluded iythkdstration provided in Section 5.6.2.

5.6.5.3 Clearing Point: Supply and Demand

The description of Supply Nodes above indicates that supply curves will always be infinitely
horizontal. However, the DTDM rules and underlying simulation code do not make tinspdEm
when establishing a clearing point from supply and demand curves. Thus, the general approach is

described.

The following process is implemented in the functimarket, which requires an input supply and

demand curve. The output of the functionti® clearing quantity and price.

[clearQ,clearP] = market(obj.super.curve,obj.curveSubmitTrans);

Todetermire the clearingprice and quantity from a supply and demand cyhereisad a G I Yy Rl NR ¢
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other at its limit. In all cases, the demand curve is a series of descending prices at each Qbin interval
and the supply curve is a series mdn-descending(i.e. may be horizontalprices at each Qbin

interval.

For all casesthe curves ardirst aligned by their Qbin values. The description of curves does not
include Pcap or any points beyond the first and last expressed qugnitty point. However, the
resulting conclusion relies on the interpretationagmand and supply curve limits. Specificalig t
left-hand (LH) limit of a demand curbeginsa positivenearly-vertical line and the righhand (RH)
limit begins a negative nearlertical line. Converselyhé LH limit of a supply curvebeginsa

negdive nearly vertical line and the RH litbegins a positivaearly vertical line.

In the standard process, the demand curve begins above the supply curve, and the curves intersect.
Specificallythe demand curve LHbrice is above thecorrespondingsupply curveprice and the
demand curvdalls below the supply curve before reachieigher RH limit. The clearing price and
guantity is the location where the two lines intersecfThis location is determined with linear
interpolation. 0 is the quantiy at which demand pric® is above supply pric&'. The next Qbin

interval isO at which demand pric® is below supply priceéY.

The following equations determine the clearing quantity and price when demand begins above

supply and the curves ietsect:

C Cr
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In the first set of fringe cases, the demand curve bggibove the supply curve, but the curves do

not intersect. In these cases, the curve RH limits determine the clearing point.

In fringe case la, the supply curve ends before the demand curve. As a supply curve, the RH limit
begins a positive nearyertical line. This nearlyertical line intersects with the demand curve; this
is the clearing point. Thus, the clearing quantity is the RH limit of the supply curve and the clearing

price is the demand curve price at this quantity.

The following equationgletermine the clearing quantity and price when demand begins above

supply, the curves do not intersect, and the supply curve ends before the demand curve:

In fringe cas 1b, the same applies, but it is the demand curve that ends first. Thus, the clearing
guantity is the RH limit of the demand curve and the clearing price is the supply curve price at this

guantity.

The following equations determine the clearing quantityd price when demand begins above

supply, the curves do not intersect, and the demand curve ends before the supply curve:

In fringe case 1c, both curves end at the saquantity. In this case, it is particularly valuable to

consider each RH limit beginning a neastytical line. If each line has the same slope, they will
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intersect at the price halfway between the supply and demand curve final price points. Thaglear

jdz yGAGeE A& 020K OdzNBSaQ wl fAYAGOD

The following equations determine the clearing quantity and price when demand begins above

supply, the curves do not intersect, and the supply and demand curve end at the same quantity:

In the second set of fringe cases, the demand curve begins below the supply curve and the curves do

not intersect. In these cases, the cuivd limits determine the clearing point.

In fringe case 2a, the supply curve begins before the demand curve. As a result, when the demand
curve begins with a positive neathgrtical line, it intersects with the prexisting supply curve. This
is the cleaing point. Thus, the clearing quantity is the LH limit of the demand curve and the clearing

price is the supply curve price at this quantity.

The following equations determine the clearing quantity and price when demand begins below

supply, the curves doot intersect, and the supply curve begins before the demand curve:

In fringe case 2b, the same applies, but it is the demand curve that begins first. Thus, theyclear
guantity is the LH limit of the supply curve and the clearing price is the demand curve price at this

quantity.
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The following equations determine the clearing quantity and price when demand begins below

supply, the curves do not intersect, and the demdacurve begins before the supply curve:

In fringe case 2c, both curves begin at the same quantity. This result is similar to fringe case 1c. The
clearing price halfay between the supply and demand curve starting price points. The clearing

dzl yiAGe A& 020K OdNBSEQ [ tAYAGOD

The following equations determine the clearing quantity and price when demand begins below

supply, the curves do not intersect, and the suppld demand curve begin at the same quantity:

For the final case, the curves do not share any quantity valuesseTére noroverlapping curves.

The Marketplace Node cannot provide a clearing price and quantity; the market does not clear.

Note, if both the supply and demand curves are a single point, at the same quantity, then both
fringe case 1c or fringe case Zupdy with the same result. If the singtmint-curves do not share

the same quantity, then the neaverlapping curve case applies.

Illustrations of these cases are shown below. Note, the vertical lines shown at the LH and RH limits
are not included in tB supply and demand curve submissions; they are provided for illustrative

purposes.
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Standard Case

—¥— Supply
—¥— Demand
@®  Clearing Point

Fringe Case 1c

Fringe Case 1a

I

—¥— Supply
—¥k— Demand

®  Clearing Point

—k— Supply
—¥— Demand
®  Clearing Point

Fringe Case 2a

—— Supply
—*— Demand
®  Clearing Point

Fringe Case 2c

—¥%— Supply
—k— Demand

Clearing Point

Fringe Case 1b

—¥— Supply
—¥— Demand

®  Clearing Point

Fringe Case 2b
|

—k— Supply
—*— Demand
®  Clearing Point

5Example: Single Point Curves

—¥%— Supply
—¥— Demand
®  Clearing Point

Example: No Overlap

—%— Supply
—k— Demand

Figure41: Market Clearing Point Cas¢® horizontal axis, P vertical axis)
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The process described is accomplished in the funatanket and results in values farlearQand
clearP The Marketplace Node calls this function on behalf of the perspective of the Supply Node.

Thus, these values are assigned to the Supply Node. From the Marketplace Node object:

[clearQ,clearP] =
market(obj.super.curve,obj.curveSubmitTrans);

obj.super.quantContrAvg = clearQ/obj.marketDuration;
obj.super.priceContr = clearP;
obj.super.quantClearAvg = obj.super.quantContrAvg;

obj.super.priceClear = obj.super.pr iceContr;

For the Supply Node, there is no difference between the clearing and contract price and quantities;
it bears no tariffs and its supply curve is unadjusted. This will not be the case for all other nodes in

the system.
This is the final procesiuistrated in Section 5.6.2.

5.6.6 Node Marginal Primg

After determining the local clearing price and quantity, the Marketplace Node must communicate a

NMP to every node in the system. This is accomplished through the metjagndContr

When a price is comunicated to a subnode, it is not a clearing price, but a contract price. These
subnodes will use the contract price to determine their local clepgnantity and clearing price.
This is accomplished through the methoobj.setClear. These clearing pras are then
communicated to their subnodess contract pricesand the process continuegown to each end

node. This process requires adjustment similar to demand curve translation.
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Concisely: a clearing price is used by a node in its local calculatibihs,a contract price is sent

between nodes.

Supernode priceClear
ﬁ priceContr

\/
Subnode priceClear

Figure42: Clearing Price vs Contract Price
5.6.6.1 Clearing Price to Contract Price

Determining a contract price from a clearing price is accomplished through the method

obj.sendContr

To deermine the contract price, NMP, a node must first locate the clearing price on each of its
adzoy2RSaQ GNIyatlFrdiSR RSYIlI YR GQuaitStirDesidaiolydachd A 2 Y ®

subnode, which is the desired contribution of each to the clearing quantit

guantSuperDesired =

price2quant(targetNodeObj.curveSubmitTrans,obj.priceClear);

The functionprice2quantfinds the quantity corresponding to specific price on the input demand

curve. This is possible because the translated demand curve submission is monotonic and strictly
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decreasing. There are three possibilities. One, the price exceeds the LH limit; phee
corresponding quantity is the LH quantity. Two, the price is exceeded by all price values, including
the RH limit; the corresponding quantity is the RH quanity. Three, the price lies between the LH and
RH prices; the corresponding quantity is detémed using linear interpolation of demand curve

points.

row = find(curve(;,2)<price,1); % row of first P below price
if row==1
% if price exceeds lefthand P, use lefthand quantity
quant = curve(l1,1);
elseif isempty(row)
% if price is less than every quantity, use righthand quantity
guant = curve(end,1);
else
% else interpolate to find quant
Ql=curve(row -1,1); P1=curve(row -1,2);
Q2 = curve(row,1); P2 = curve(row,2);
quant = Q1+((Q2 - Q1)/(P2 - P1))*(price - P1);
end

The value ofjuantSuperDesitkis in terms of energy leaving the node for the supernode; it uses the
translated demand curve submission. However, each subnode submitted an untranslated demand
curve. The contract price communicated to each subnode should be based on the untranslated

demand curve.

Thus,quantSuperDesirethust be translated into a quantity received by the subnode: this provides
guantDesiredor each subnode. This process is toenplement of demand curve translation for a

single quantity.
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If there is no linkage losseilossK = Othen the quantity leaving the node is equal to the quantity

received by the subnode. EguantDesired = quantSuperDesired

For nonzero linkage loss, consider thguantSuperDesireds 0 , Where the superscript

indicates meagrement at the supernode itself. Similarlgonsider the translated quantity

quantDesiredas 0 , Where the lack of a superscript indicates measurement at the subnode.
2AGK | ly26y vQ YR 13 (GKS t2aa NBfFiA2yaKALl Sljc
0 0 W

. P p TQ@e
¢Q

For subnodes importing energy, TL Therefore p T p. To
ensurel 1T, the numerator is selected to bep p 1T
Alternatively, for subnodes exporting energy, . Therefore, 1t p T p
for all real values. Note, practical boundaries on the valdevafl always ensuret '@ s p,
providing real values. Based on this limitation, 1t for both possible numerator choices.
However, the most realistic solution is that in whiéh is closest to) . This occurs
when p p 1D is the numerator.

In summarywhen translating a quantity,
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Or, in Matlab:

k = targetNodeObij.lossK;

if k==0

quantDesired = quantSuperDesired
else

quantDesired = ( - 1+sqgrt(1+4*k*quantSuperDesired))/(2*k);
end

As will be seen, this translation is simply an intermediate step in determining a price to

communicate to a subnoderhus, rounding is not required for this step.

Finally the node then uses the functioguant2priceto determine the location of each subnode

guantDesiredn their demand curve submission.

targetNodeObij.priceContr =

guant2price(targetNodeObj.curveSubmit,quantDesired);

Similar toprice2quant the functionquant2pricefinds the price corresponding to specific quantity on

the input demand curve. This is possible because the demand curve submission is monotonic and
strictly decreasing.The price is always determined using linear interpolation between a paica p
guanity-points. There are three possibilities for the pair of points, each of which his described in the

Matlab code below.



172

row = find(curve(;,1)>quant,1); % row of first Q above quant
if  row ==
% if quant less than lefthand quantity, use Pcap

Q1= curve(1,1) -Qbin; P1=Pcap;

Q2 = curve(1,1); P2 = curve(l,2);

elseif isempty(row)

% if quant greater than every quantity, use - Pcap
Q1 =curve(end,1); P1 = curve(end,2);
Q2 = curve(end,1)+Qbin; P2 = - Pcap;

else

% else interpolate to find qua nt
Ql=curve(row -1,1); P1=curve(row -1,2);

Q2 =curve(row,1); P2 = curve(row,2);
end
price = P1+((P2 -PL/(Q2 - Ql))*(quant - Q1);

Note, before calling the functiomuant2price the method sendContrverifies that the desired
quantity either lies witin the demand curve limits or within close proximity of either limit. This

allows linear interpolation using £Pcap and the LH/RH limit points.

At the conclusion of this process, each subnode has received a NMP, stored in the parameter

node.priceContr

5.6.6.2 Cortract Price to Clearing Price

Determining a clearing price from a contract price is accomplished through the metja@tClear

To continue propagating NMPs throughout the system, each node daistmine its local clearing
point. Recall, thecontract price,NMP, is based on the/ 2 R 8efand curve submissionThe

Of SINAY3I LINKROSs K29SOSNE Aa o0FaSR 2y G(KS y2RSQa
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First, the node must convert the received contract price to an equivalent contracted quantity, based
on theirdemand curve submission. While this can be considered a contracted quantity, there may
or may not be penalties for deviating from this quantity. Such penalties would be assessed by a

Prediction Tariff.

obj.quantContrAvg = ...

price2quant(obj.curveSubmit, obj.priceContr)/marketDuration;

Note, for conveniencethis value is stored as an average quantity for each timestep in the market

duration.

During Market Operation, the equivalent contracted quantity is the same as the clearing quantity.

Note, this maynot be the case during Re@lme Actions, especially for Dispatcher Nodes.

obj.quantClearAvg = obj.quantContrAvg;

guantDesired = obj.quantContrAvg*marketDuration;

These steps appear to be circular: quantDesired is simply
price2quant(obj.curveSubmit,objipeContr) However, by being deliberate in the transitional steps,
there is opportunity for the node to perform nuanced risk mitigation. Specifically, a node may
recognize the uncertainty inherent in the demand curve submission of its subnodes. ThEledco
with the limitations of precision, may encourage a node to shift guantDesiredvalue. This is

implemented in the simulation, in a limited fashion.

LT GKS RSYlIYR Odz2NWS adzoYAaarazy Aa GUNAYYSRéE o8

risk large financial penalties for exceeding its demand curve submission, even by a very small
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quantity. To avoid this penalty to occur simply due to floating point error, the node adjusts its

guantDesiredslightly away from the tariff limit.

if (quantDe sired - obj.Qbin)<obj.curveSubmit(1,1)
% if desired quantity is within a Qbin of curveSubmit LH limit
if  (obj.curveSubmit(1,1) - 0bj.Qbin)>obj.curve(1,1)
% and if curveSubmit is more restrictive than curve
% quantDesired should be increased slightly
guantDesired = quantDesired + obj.Qbin;
end
elseif (quantDesired+obj.Qbin)>obj.curveSubmit(end, 1)
% if desired quantity is within a Qbin of curveSubmit RH limit
if  (obj.curveSubmit(end,1)+obj.Qbin)<obj.curve(end,1)
% and if curveSubmit is more restrictive than curve
% quantDesired should be decreased slightly
guantDesired = quantDesired - 0bj.Qbin;
end
end
obj.quantClearAvg = quantDesired/marketDuration;

More advanced risk mitigation steps may occur during this process, but are not included in the

simulaion.

Finally, withquantDesiredipdated, providing the local clearing quantithe node can determine its
local clearing pricepriceClear This is simply accomplished by finding the locatioguaintDesired

on obj.curve

obj.priceClear =
guant2pri  ce(obj.curve,quantDesired,obj.Qbin,obj.DDS.Pcap);

obj.sendContr(marketDuration);
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After determining the local clearing price, the node calls the methigidsendContr This repeats the
process described in Section 5.5.6.1, propagating NMPs throughoutetiaork. An illustration of

this process is provided below. This is the final step in Market Operation. Next, the simulation will

proceed into Realime Actions.
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Supply Node
nodel
nodel.quantClearAvg
nodel.priceClear

lossK

node2.super.sendContr(')
node2.priceContr

Tariff

Marketplace Node
node2
node2.setClear( )
node2.quantClearAvg
node2.priceClear

node2.sendContr()

lossK } l lossK

node3.priceContr

node6.priceContr

Load Node PV Node Load Node
node4 node5 node7

Aggregation Node Dispatcher Node
node3 node6
node3.setClear() nodeé6.setClear()
node3.quantClearAvg node6.quantClearAvg
node3.priceClear nodeé.priceClear
T 11 11
node3.sendContr(’) node6.sendContr()
lossK lossk. lossk.
rjode4.priceContr node5.priceConfr de7.priceContr

node8.priceConfr

Figure43: runMarket (3/3)
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5.7 Simulation: ReallTime Actions

With Node Marginal Prices (NMPs) provided to every node in the system, the simulation can
proceed into the Realime Actions phase. This consists of three steps: setting bd#weh node

consumption, running dispatcher node functions, and determining systéhe energy flow.

Recall, the Market Operation process applied for the upcoming market duration. The market
duration will often last for multiple time steps. The NMP established during Market Operation will
apply for all of these time steps. However, tReaiTime Action simulation will be executed for
each time step. This will continue until a Marketplace Node parameide.marketNexequals the

current time step; then Market Operation will execute before proceeding with-Riea¢ Actions

The followirg processes will apply for every time step in the simulation.

5.7.1 Set BottontLevel Node Consumption

First, ottom-level node consumption is determined by executing the methode.setQuantActual

for all nodes in the system. From within the DDS object meDia8.run

for n=1:size(obj.nodes,?2)
obj.nodes(n).setQuantActual;

end

When this method is called by each node, its checksntige.typeparameter. Bottordevel nodes
(i.e. Load, Storage, PV Nodes) will use the NMP and their behavior model to deternmiirectbal
energy consumption for the market pericd C2NJ RSGIFAf & 2y LINRLIRASR

response to price signals, reference Section 6.

w»
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Supply Node
nodel

nodel.setQuantActual(’ )

lossK

Tariff

Marketplace Node
node2

node2.setQuantActual()

Aggregation Node

node3.setQuantActual( )

lossK

Load Node
node4

node4.setQuantActual(’ )
node4.quantActual

Dispatcher Node

node6.setQuantActual( )

lossK lossK
losskK. lossk.
PV Node Load Node
node5 node7
node5.setQuantActual(’) node7.setQuantActual(’)

node5.quantActual

node7.quantActual

lossK

Storage Node
node8

node8.setQuantActual(’)
node8.quantActual

Figure44: setQuantActual
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The DTDM simulation overridenode behavior models in only one case: Dispatchable Storage
Nodes. Storage Nodes include a parametasj.storageDispatchFlaglf this parameter is true, the
storage node is controlled by its Dispatcher supernode. As will be described in the nextisabsec
simulatingdispatchable storage requires iterative simulation. To this end, any dispatchable storage

node will setobj.quantActual = @t this point in the simulation.

5.7.2 Determine Systerm\Wide Energy Flow

After bottom-level node consumption has beentaslished, the DTDM simulation performs a
simplified estimation of system energy flow. This is accomplished with the node object method

node.simEstimatewhich estimates cumulative energy flow for its DTDM subsystem.

If no Dispatcher Nodes exist in the systddS.top.simEstimaie immediately called, providing the
guantActualvalues for all nodes in the system. If Dispatcher Nodes exist in the system, iterative

simulations are required. These simulations utifibeEstimate so it is described here.

The methodsimEstimatd.J2 t £ & G KS OdzNNEB yai dab 3 RoRSiiciualpaayieteR S & @ L
is empty the subnode callsimEstimate If the suly’ 2 R §u@rdActualparameter is not empty, it is

translated to a supermte quantity, using the linkage loss constant definition.

CKS adzy 2F Fft &dooy2RS (NI yat !l @GRActial yiAGaSa LINE

function simEstimate(obyj)
if isempty(obj.quantActual)
% if quantActual is empty, poll subnodes and sum
obj.quantActual = 0;
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for n = 1:size(obj.sub,2)
% for all subnodes
obj.sub(n).simEstimate;
additionalDemand = obj.sub(n).quantActual + ...
obj.sub(n).lossK*obj.sub(n).quantActual*2;

obj.quantActual = obj.quantActual +
additionalDemand;

end
end

end

This method of estimating system energy flow has limitations. For one, the linkage loss constant
used by the DTDM Market Operation is used here, unmodified. This prevents any analysis on the

sensitivity of the linkage loss constant and its impact onsiystem. This is considered in Section 8.
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node3. quantActuaI

nodel

DDS.top.simEstimate

nodel.quantActual

Supply Node ]

node2.quantActual

lossK \

nodel.sub(1).simEstimate

Tariff

Marketplace Node

node2

node3.quantActual

lossK

|n=:

nod e6.quantActuaI

node2.sub(1).simEstimate

Aggregation Node

node3.quantActual

8

node4.quantActual

node5.quantActual

node3.sub(1).simEstimate

lossK

Load Node
node4

node4.quantActual

lossK

node3.sub(2).smEstima

PV Node
node5

node5.quantActual

node2.sub(2).simEstimate \

Dispatcher Node
node6

node6.quantActual

node7.quantActual

node8.quantActual

nodeG sub(2) s:mEsnmate

node6.sub(1). S/mEsU

mate
lossK losskK.
Load Node Storage Node
node7 node8
node7.quantActual node8.quantActual

Figure45: simEstimate, no Dispatch Nodes
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Calling DDS.top.simEstimatecompletes the Realime Actions; simulation can proceed to
Settlement. If the DTDM network does not contain DispatciNodes, this was executed
immediately after determining the bottoAevel node consumption. However, if Dispatcher Nodes
are included in the network, the Dispatcher Node process is required before calling

DDS.top.simEstimate

5.7.3 Run Dispatcher Nodes

If the DTDM network includes Dispatcher Nodes, then multiple iterationsimEstimateare

required to determine the system energy flow.

Dispatcher Nodes represent fasiop control within the DTDM network. For example, a household
level PVYStorage unitcould be configured to prevent grid exports; this DTDM subsystem would

include a Dispatcher Node that controls the energy storage based otimeaPV generation.

In practice, Dispatcher Nodes are constantly monitoring the -tieed energy flow of their
subsystems and adjusting the consumption (or generation) of another node. The node controlled by
a Dispatcher Node is considered dispatchable. In the DTDM simulation, only storage nodes can be
considered dispatchable; however, practical dispatch may mislmde demaneresponsive loads

and controllable generation units.

In simulation, dispatch levels must be defined. Because Dispatch Nodes respond to the simulated
energy flow of their DTDM subsystem, the simulated response of a Dispatchaimdependson
the simulated response of all Dispatch Nodiests DTDM subsystem. Note, it is assumed that the

fastloop control of dispatchable nodes is much faster than the market duration.
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Dispatch levels are determined during initialization, when a node isresbigs a Dispatch Node.

This is accomplished in the methadde.setDispatch The methochode.determineDispatchLevsl

called, which examines the existing DTDM network and updatde.dispatchLevelThis parameter
NEBFfSOGa (GKS ydzYoSNSRPHEKEAAKKBSIAOKISODARSESR 5AaLl GdOK
is assigned asBispatch Node. k& (G KS 2yfeé& 5AaLI GOK b2RS Ay {(G(KS -
level is 1. Next, NodeB is assigned to be a Dispatch Node. NodeB is above NodeA in the DTDM

hielr NOKeY b2RS. Qa RA&aLI GOK fS@Stf A& HO

The method node.setDispatchg A f f fa2 dzJRIFIGS 23GKSNJ 5AaLl d0OK
node.increaseDispatchLeyeivhen they are impacted by a newly assigned Dispatcher Node.
Continuing the example above, NodeC isgrssil to be a Dispatch Node. NodeC lies below NodeA.
b2RS/ Q& RAALI GOK tS@St A& mMZI b2RS! Q& RAALI G§OK f

updated to 3.
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NodeB
dispatchLevel = 3

J 1

|
NodeA
dispatchLevel = 2

J
[ 1

NodeC
dispatchLevel = 1

Figure46: Example Dispatch Levels

91 OK y2RSQa isRét duriiglindi&izatiors @eén the simulation is executed the DDS
object stores the highest Dispatch Node dispatch levéd@$.dispatchLevelsThis determines how

many iterative simulations are required for each timestep.

The iterative dispatch sintations are executed immediately after setting the bottéevel node
consumption. Stepping through the dispatch levels, each Dispatcher Node pedionistimateor
its subsystem. It then executes the methnthDispatch which represents its fadbop response.

From the DDS object, within the currddDS.rurtimestep:

for Ivl = 1:0bj.dispatchLevels

% for each dispatch level
for n = 1:size(obj.dispatchers,2)
% check all dispatchers

if obj.dispatchers(n).dispatchLevel == Ivl;
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% if dispatcher level matches currently examined level,
update quantActual
obj.dispatchers(n).simEstimate;
obj.dispatchers(n).runDispatch;
end
end

end

Recall, the designated dispatchable storage node sefuigstActualto zero duringsetQuantActual

Thus, the result of§imEstimateaepresents the sum afon-dispatchable energy flow.

nonDispatchQuant = obj.quantActual;

The Dispatcher Node methodunDispatch represents the fastoop response to measured

subsystem energy flow.

Within runDispatch the Dispatcher Node accomplishes two tasks. One, it determines a target
guantity for the dispatchable storage node. Two, it sets the quantity for the dispatchable storage

node.

Ly GUKS 5¢5a aAaydzZladAaz2ys | 5A4LF GOK b2RS Oy
stored in the parametenode.dispatchType C2NJ aO2yGNF Olé¢ GeLlsS RA
always set in an attempt to match the quantity indicated tmwe NMP on the demand curve

submission.

targetQuant = obj.quantContrAvg;

G/ 2y iNF OG¢ GeLlS RAALI GOK A& dzaS¥Fdz = odzi A
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demand curve submission. Consider a Dispatcher Node that underpredicted it$igpatchable
storage, faces a low Prediction Tariff penalty, and has a high opportunity cost of energy storage
discharge. The optimal response for this node may be to purposely fail to meet its contracted
guantity. It would face Prediction Tariff penaltidsjt those penalties would be less than the

402Ny IS 2LILRNIdzyArAde O2aid ¢KAa Gl 2F RA&ALI GOF

G5yl YAO¢ (iseekiSthisPoptindltaiged Mispatch quantityFirst, the Dispatcher Node
replaces its DTDM network supegte with a Supply Node. This supply node uses the NMP to
develop its supply curve. All tariffs between the Dispatcher Node and its actual supernode are left

intact; they will be considered during optimal dispatch.

Note, a special case is additionally 8ok RSNBR T2 NJ aReyl YAO¢é 5AaL) G4§OKS
b2RSQa I Oldzr f &adzLlSNYy2RS A& | al NJSGLX I d® b2RSZ

RAALI G§OKSNE @ wSO023yAT Ay3d (GKS NBRtS 2F {(KAa 5A4L
energy network, this specific case also incorporates the tariffs between the Marketplace Node and

its Supply supernode. Certainly, this may not be the only case in which this type of dispatch is

useful. However, it is the only case implemented in the curBEFDM simulation.

The Dispatcher Node then runzarketto determine its updatd clearing price and quantity.

The demand curve used fanarket is the aggregation of the dispatchable storage translated

demand curve and an inelastic curve representing the-gispatchable energy consumption.

obj.curve = obj.dispatchNode.curveSubmitTrans;
obj.curve(:,1) = obj.curve(:,1) + ...
obj.Qbin*round(nonDispatchQuant/obj.Qbin);
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This curve is adjusted, based on its borne tariffdote, this does not require demandurve
translation, as there is no linkage loss between the Dispatcher Node and itsdiifived Supply

Node.

This adjusted demand curve and Nid&sed supply curve are entered into thearketfunction. The
clearing point represents the optimal behavior. % the clearingquantity determines the
5AaLI 6OKSNI b2RSQa Gl NBSG ljda yiArdeo

[clearQ,clearP] = market(obj.super.curve,obj.curveSubmit);

targetQuant = clearQ;

. 20K aO02yGiNXOGé FYR aReYylIYAOe (G&8LIS 5AaL)l §OKSNI b

is compared to the total nodispatchable quantity found frormimEstimate.

dispatchQuant = targetQuant - nonDispatchQuant;

This is the desired dispatchabldaly y G A 18X FNRY GKS 5AaL) GOKSNJ b2RSQ
0KS 5AaLI 6GOKSN) b2RS RANBOGfe& O2yiaNRta GKS RAAL
without using indirect price signals. Thus, the Dispatcher simply translates this quaasid on

the linkage losses, and commands the dispatchable subnode.

k = obj.dispatchNode.lossK;
if k==0
obj.dispatchNode.quantActual = dispatchQuant;
else
obj.dispatchNode.quantActual =...
(- 1+sgrt(1+4*k*dispatchQuant))/(2*k);
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end

As with all Storage S &> GKAA @I fdzS A& O2YLI NBR (2 (GKS adz
guantActualvalue for a Storage unit cannot result violating the SOC limits. This is covered in more

detail in Section 6.

With the dispatchable storage consumption establishéte simulation can proceed. If more
dispatch levels are remaining, they execute the samm®ispatchprocess. If no dispatch levels are
remaining, the simulation callBDS.top.simEstimatto determine the final systeAwide energy

flow. This concludes éhsimulated Realime Actions.
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Figure47: runDispatch Process
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5.8 Simulation:Settlement

After RealTime Actions are completed, the simulation proceeds to the Settlement phase. Like Real
Time Actions, this is accomplished for every time step. In simulation, settlement consists of
updating the node and tariff meter arrays. This is accomg@disith methodsnode.meterUpdate

andtariff. meterUpdate

for n = l:size(obj.nodes,2)
obj.nodes(n).meterUpdate;

end

for n = 1:size(obj.tariffs,2)
obj.tariffs(n).meterUpdate;

end

All meter arrays include an entry for each timestep in the simulation. Tiorworded date, only

nodes and tariffs with a true value fobj.mFlagare updated; the default value is true.

Node meters include the following direct updates:

timestep = obj.DDS.t;

obj.meterPriceContr(timestep) = obj.priceContr;
obj.meterQuantContrAvg(timestep) = obj.quantContrAvg;
obj.meterPriceClear(timestep) = obj.priceClear;
obj.meterQuantClearAvg(timestep) = obj.quantClearAvg;

obj.meterQuantActual(timestep) = obj.quantActual,

Additionally, payments and revenue are recorded. Subnode revenue is provided by selling energy to

ad2oy2RSQa i GKSANI bat® {dzZASNYy2RS LI avySyid ia

LI @ YSyda |+ NB 0l aséte mahsd. TheseKle melt NAR TRa o0F aSR 2y

l.:.I

(
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specific instanceExamples are provided in Section 6. Final revenue is the subnode revenue less the

supernode and tariff payments.

subRevenue = 0;
for n = l:size(obj.sub,2)
subRevenue = subRevenue + ...
obj.sub(n).quantAc tual*obj.sub(n).priceContr;
end

obj.meterSubRevenue(timestep) = subRevenue;

if ~isempty(obj.super)

superPayment = obj.quantActual*obj.priceContr;
else

superPayment = 0;
end

obj.meterSuperPayment(timestep) = superPayment;

tariffPayment = 0;
for n = l:size(obj.tariffs,2)

obj.tariffs(n).settle;

tariffPayment = tariffPayment + obj.tariffs(n).revenue;
end

obj.meterTariffPayment(timestep) = tariffPayment;

obj.meterRevenue(timestep) = subRevenue - superPayment -
tariffPayment;
Storage nodes record & | RRAGA2Yy It YSGSNI @I fdsSY (GKS GAYSail.

storage parameterobj.storageEnergyPct

if  strcmpi(obj.type, 'storage’ )
obj.meterStoragePct(timestep) = obj.storageEnergyPct;

end
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timestep. Note, recording timevarying parameters may also be useful and should be added to the

simulation when appropriate.

timestep = obj.DDS.t;
guantActual = obj.sub.quantActual,
obj.meterQuantActual(timestep) = quantActual;

obj.meterRevenue(timestep) = obj.revenue;

The meter arrays will be used for analysis at the end of the simulation. With the Settlement step
complete, the simulation can now proceedttte next timestep, returning the process described at

the beginning of Section 5.6.

5.9 Analyze Results

Upon completion of the simulation, all records are stored as meter arrays at each node and tariff
object. This can make it difficult for robust analysis, or later access. The DDS object method

DDS.saveMetelis used to save all meter arrays to the wodqs.

Often, it is useful to consider the overall results for owners within the system. Each owner may have
multiple nodes and tariffs. The methadvner.edgeSetas described during initialization in Section

5.5, provides a useful. Recallyner.edgeSeOf  aaAFASR 'y 246y SNDa y2RSa
final DTDM network configuration. Edge nodes and tariffs either indicate energy generation, energy

flow to another party, or energy consumption. These nodes and tariffs will make it possible to easily
dASGSNX¥AYS SIFEOK 2ySNRa ySi SySNHeé& |yR OF&akK Ff26T

26ySNRA A4doySis2N]
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The methodowner.edgeAggMeteanalyzes the meter values for all edge nodes and tariffs. It
determines the following values for each timegs: edgeMeterQuantin, edgeMeterQuantOut,
edgeMeterLoad, edgeMeterRevenugéurther, this is used to determine the effective price of energy

for energy consumed or generated at timestepgeMeterPriceEffom the following:

obj.edgeMeterPriceEff = -
obj.ed geMeterRevenue./obj.edgeMeterQuantLoad;

This can provide an overall effective price of energy, averaged over the entire simulation period:

obj.edgeAggPriceEff = -
sum(obj.edgeMeterRevenue)/sum(obj.edgeMeterQuantLoad);

Certainly, there are many ways to inpget the results of the DTDM simulation. The meter arrays
for each node can provide additional insights. Furthermore, additional parameters can be recorded

by adding more meter arrays to the simulation.

Calling the methochode.analysisSummamfter a smulation provides the following summary for

(KS y2RSd 1ttt OrtdsSa FNB RSGSNYAYSR 08 SEFYAYA)

-- Node "ps26 Market" Analysis -

SUMMARY

Net Energy: - 1.4426 kWh

Avg Energy Flow: - 0.024043 kWh/min
ENERGY IMPQRTS

Net Energy: 0.5273 kWh

Avg Energy Flow: 0.022926 kWh/min

Total Time: 23 min

Peak Energy Flow: 0.0538 kWh/min

Payments (Super/Tariffs): $0.015528
Avg Purchase Price: $0.029447/kWh
ENERGYEXPORTS
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Net Energy: 1.9699 kWh

Avg Energy Flow: 0.053241 kWh/min
Total Time: 37 min

Peak Energy Flow: 0.1094 kWh/min
Revenue (Super/Tariffs): $0.058525

Avg Sale Price: $0.02971/kWh

ENERGY IMPORT/EXPORT
Effective Arbitrage Rate: $0.00026219/kWh

In addition to the summary provided above, one way to analyze system performance is to quantify

the energy ramp rate for a given node. This is accomplished using the matkedanalyzeRamp

tKAad YSIiK2R dzaSa (GKS y2RSQa NBI®adidRuabtcBiNE e O2y a
determine the simplified moving average energyde.analysisQuantAvgequivalent simplified

moving average power rammdde.analysisQuantRampthe exponentialdecay running moving

energy fode.analysisQuantAvgEDInd the equivalent exponential decay moving average power

ramp fode.analysisRampBD

When node.analyzeRamjs called, it required the input variablampWindow This specifies the
how far back the minod looks, when determining the moving average. Selection of this variable

will depend on the goals of the analysis.

For the simplified moving average, the quantity values recordedode.meterQuantActuaare
padded, using the initial value of the arrayAs a result, the first entry of the array has
disproportionate weight for the results with indexrampWindow This is a compromise, better

alternatives certainly exist, such as the exponential decay moving average.

Qactual = obj.meterQuantActual,;

wind owArray = (1/rampWindow)*ones(1,rampWindow);
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Qpad = padarray(Qactual,[rampWindow - 1,0],Qactual(1), ‘pre' );
Qavg = filter(windowArray,1,Qpad);

Qavg = Qavg(rampWindow:end);

obj.analysisQuantAvg = Qavg;

obj.analysisRamp = zeros(size(Qavg));

obj.analysisRamp(2:end) = 60*(Qavg(2:end) - Qavg(l:end -1));

As shown above, the simplified moving average power ramp is defined by the change in the

simplified moving average energy for each timestep, adjgistom energy per minute to average

power per minute.

The exponential running averaggoes not require padding. Additionally, the exponential moving
F SNIF 3Ss o6& RSTFAYAUGA2YZT LXIFOSa Y2NB SYLKIara 2
descriptionof the exponential moving average, and a comparison to the simplified moving average,

see Section 6.8 Ramping Tariff.

alphakD = 2/(rampWindow+1);

windowArrayED = repmat(1l - alphaED,1,rampWindow).”*(1:rampWindow);
windowArrayED = windowArrayED/sum(windowArrayED);

QavgED = filter(windowArrayED,1,Qpad);

QavgED = QavgED(rampWindow:end);

obj.analysisQuantAvgED = QavgED;

obj.analysisRampED = zeros(size(QavgED));

obj.analysisRampED(2:end) = 60*(QavgED(2:end) - QavgED(1:end -1));

Like the simplified moving average, the exponential moving average ramp rate is defined by the
change in the moving average energy for each timestep, adjusted from energy per minute to

averag power per minute.
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For both the simplified and exponential moving average ramp values, it is useful to consider the
cumulative sum of positive and negative ramping over the examined simulation. This is

accomplished in the method, then saving to the Mhatlworkspace.

posRampSum = sum(obj.analysisRamp(obj.analysisRamp>0));

negRampSum = sum(obj.analysisRamp(obj.analysisRamp<0));

posRampSumED = sum(obj.analysisRampED(obj.analysisRampED>0));
negRampSumED = sum(obj.analysisRampED(obj.analysi sRampED<0));

% Save variables to workspace

assignin( 'base' , ‘posRampSum’ ,posRampSum);
assignin( 'base' , 'negRampSum’ ,negRampSum);
assignin(  'base' , 'posRampSumED' ,posRampSumED);

assignin(  'base’ , 'negRampSumED' ,negRampSumED);

Ly 3ISySNIf | afSaa NIYLERE y2RS gAatt KIFI@S || 25
NI} YLIAY3 GKEY | aY2NB NI YLEREE¢ y2RSO b2GST GKA& |
magnitude or duration of ramping, only the product of the magnitude and duration. Different

analysis goals may seek to instead focus on either the magnitude or duration of ramping.

This method for analyzing node ramp rates is particularly useful when aangpresults between

simulation instances. This will be applied in the case studies in Section 7.

This concludes the description of the general DTDM simulation. The general description does not
specify the details of behavior models or tariff structuigsluded in the simulation. This is by
design; the simulation must be flexible and allow implementation of various nod behavior models
and tariff structures. However, proposal for each have been included in the simulation. Each will be

described in Saion 6.
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6 Simulation: Behavior Models and Proposed Tariffs

6.1 Overview

Simulating a DM@ deployment requires: establishing the DTDM network; setting market

LI N} YSGSNET NBLINBASYGAy3d FOU2NBRQ FOlA2ya (KNRJAFE
parameter update protocols. This sectiaescribes simplified behavior models, for use in
simulation, and proposed tariff constructions, for use in simulation and practical implementation.

The behavior models are designed to provide reasonable and flegitlesentations of how market

actors develop demand curves and determine their final energy consumption. The proposed tariffs

are designed to capture critical externalities, with flexibility for system operators in practical

implementation.

Behavior modél Ydzad RS&ONRO6S |y | OG2Nna SySNBHe O2vya
consumption preferences as a demand curve, and actual energy consumption in response to prices
and tariffs during Realime Actions. In some cases, consumption may be entirely negate.

generation.

Behavior models described include: Load Nodes, PV Nodes, and Storage Nodes. Each includes a

fundamental approach, with multiple possible variations.

Tariff designsare also proposed, to meet anticipated DTDM participant concerns. DilfigM
process in Section 3.5.3 specifies a tariffs design moving $taratureto parametersto instanceto
settlement functionto tariff curve However, proposed tariff designs may or may not follow this

process. This is for two, nanutually exclusiveeasons: it has been done for convenience, where
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the tariff curve is generated directly; and it is a consequence of the iterative process of simulation

and DTDM rule development.

Proposed tariff designs described include: Capacity; Ramping, Simplifiedgvoxerage; Ramping,
Exponential Moving Average; and HRate. Additionally, a proposed approach to Target Quantity

tariffs is discussed, which can be applied to Volatility and Prediction Tariff types.

The behavior models and proposed tariffs describethis section are those used in the case study

demonstrations in Section 7.

6.2 Load NodeBehavior Model: Isoelastic with Anchor Point

ThelLoad Nodebehavior model applies tbottom-level node that consistsolely of electrical loads.
A Load Node is descet by the following parameters, each to be detailed: data soysoedliction

error, elasticity, anchor price, anchor quantity, and maximum quantity.

The Pecan Street dataset provides actual, mirteninute average power for household loads.
This is coridered a baseline, upon which thehavior model is establishedThe behavior model

uses this data source ftwoth demand curve generation and re@the actions.

The proposed behavior model for load nodes is an isoelastic price response, relative te a pre

SaG10fAaAKSR a4l YyOK2NE LINAOS FyR ljdzkyiAGe LRAYGO®
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Figure48: Two Load Nodes

This behavior model applies to both elastic and inelastic loads. A household may represented by
multiple nodes, which are aggregated at a HEM node. Pecan Street data is used to establish the
behavior of the contributing nodes, each of which has its ovasteeity. Unless indicted, a
simulated Pecan Street household has a HEM with two subnodes: one naglelfimads, i.e. elastic

loads, and one node for all neairl loads, i.e. inelastic loads.

6.2.1 Consumption Preferences aridemand Curve Generation

The Pecan Street baseline can be used to generate a demand cé&rdead demand curve is
described by the following parameters: price elasticity of demand; anchor energy quantity; anchor

energy price for that quantityprediction error; and maximum elasti demand. Note, nost
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patterns.

First, the anchor quantity and anchor price are established.

The anchor energy quantity) , and anchor energy price) , represent a known or
SAGAYIIGSR LRAYG 2y GKS RSYFIYR Odz2NBS® I af St NYA
Odzai2YSNRa o0SKI@GA2N® tSOFy {GNBSGH RIWGI NP JARS
the actual energy consuaption recorded, while) is the retail rate observed by the customer

for that period However, the retail rate observed by the Pecan Street customer is unknown.

C2NJ aAYdzZ  GA2yS YR gKSYy (K Odza G 2 ¥ @tikdate ca&nd & SNIJ S
be established. The FlatRate Equivalent pricé) , is determined to be the constant volumetric

retail rate that balances customer energy consumption and payments with wholesale energy
transfer andrevenue. In other wordd) NBLINB&aSyida |y aARSItté GdzySRé
this value requires customer load profiles, the physical system model, wholesale market data, and

simulation over the examined time range.

Note, tuningd for a full DDS model will use the same value for all customers, using the
aggregated energy consumption profile. This value would not change during the modeled time

period, unless customers were exposed to TOU rates or demand charges.

Alternatively, ratler than tuningd , it can simply be set to the average retail rate for the

examined region.

For generating a load demand curve with Pecan Street data,
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The anchor energy quantity, , Is established using Pecan Strexad data. The Pecan Street
data provides the average power demand, in kW, during eachnanete period. For an arbitrary

one-minute time period,T, and usage categomirl, the energy in kwWh is provided by

- @ ¢ 0 Qi
0
QT
For a markt period of arbitrary lengttM minutes and starting at tim&, 0 is provided by
5 5 2 §¢ o0
QT

For a household with only two subnode components, inelastic ipaeéterminedo be:

¢ 0 Qi WEVQL @ ¢ LQi

whereairlis the only elastic load extracted from the Pecan Stuseicategory. In a general case:

@ ¢ 0 Qi Weo@i @ ¢ oQi @ ¢ 0 Qi 8

¢KAa Aada GKSYy dzaSR (02 RSUGSNXNAYS hékdbationyreviously G A O
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To generate a fixed point on the demand cuyrthee anchor quantityis rounded to the nearest Qbin

interval.
V] Il € 02— .0 wQc
0 wQe

With anchor quantity and anchor price values determined, a load is next characterized by its price

elasticity of demandPrice elasticity of dmand is defined as

Q
o
([et]

Q
L=
cA

Without using the absolute value, this definition yields a negative number for a decreasing (i.e.
typical) demand curve. Howevdhe unsigned magnitude isommon usagdor describing a price

elasticity of demand, so thabsolute value definition is used.

This behavior models assum#ést the elastic loadsire isoelastic. |soelastic demand curves have
the same elasticity at every point, i.he elasticity does not change with quantity. The isoelastic

demand function islefined as

wherek is a constant (unrelated tk that describes system lossed)Vith a known price elasticity of

demand, the anchor values can be used to deternkneRecognizing that the customer purchdse

0 units of energyat 0
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C
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C
Y

Both expressions, with eithétor Qas the independent variable, are \chind useful.

7z A

a4 RSAONAROSR Ay {SOGA2Y HoPpZ GKSNB Aa y2 aidl yRI
Additionally, the elasticity is expected to be tingnd usedependent for a given customer. Various
economic models use values rangingnfr 0.05 to 0.96. This behavior model requires initialization

with an estimated price elasticity; this must be selected based on the specific scenario.

With 0 ,0 , and- known, a demand curve can be generated by determining priteesa

for each Qbin interval:
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However, this method has some additional considerations.

In the above equation, inelastic loads ( 1) result in infinite prices. This is consistent with our
interpretation of an inelasticoad (i.e. the quantity will not change based on price) but is
mathematically suspect. However, our demand curve definition includes a positive vertical line at
GKS [ tAYAG FYR F yS3IFtiAdS GSNIAOFT ndeyrn® G GK

can be expressed as a single poirttis point serves as both the LH and RH limit.

v V) . -
€0 ~ h - Tho T
]
However, consideration must be made for instanedsere 0 . In this case, thabove

expression wouldindefined. Yet, when using historical data an anchor quantityas a practical
expectation, enegy may have been ceaamed at a lower price point. Notehis also demonstrates

one of the limitations of the isoelastic curve model, tolater addressed in more depth.

¢t2 O2yFNRBY(l (GKAA LRAaAOATAGERT aySHNBORSI KA&WSI2NGRE
valuescould extend 12 hours before the examined market period and 12 hours théeexamined
market period This serves to determine if the category of elastic consumption was potentially

valuable, albeit at a lower price point. For exdeypPecan Street data may indicate no air
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conditioning energy consumption for a given market period. If the examined period was in July, air
conditioning may have been valuable at a lower price point than the retail energy rate. However, if
the examinedperiod was in December, air conditioning may not have been valuable, regardless of

the price.

LY GKS aySIFINbeéeé¢ RFEGE AyOfdzRSéd RSY y Rhishvidésk S £ 2 |
an opportunity forenergydemand wherd 0 . But, by designthe curve willnot result in

consumption wherd 0 . Thisprovides a revised demand curve expressmm points:

Note, one limitation tothis approach occurs when 0 . The historical data indicates this
should result i) 1 However, the above expression resultsOin O . This is
considered a negligible limitation, as it only occurs at a specific pricetgndesign, Qbin is very

nearly zero.

LT GKSNB Aad y2 aySIFENbeéeé¢ RSYFYR Ay GKS RIGFZ GKS

zero load providing thedemand curve expression:

e h 0 mho T
This leads to the next demand curve constraint. The elastic load demand curve expression above
will provides price values for quantity values of infinite size. This is not realistic; there is a practical
fAYAGLFOGA2y (2 + f 2 Regardliésddf prikeldReneiigg. TO éoytral daytlis, &y S NH

f2FRQE YFEAYdY RSYIYR ljdahydAade Aa S&adGloftAaKSRO
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O2yRAGAZ2YSNDA YIEAYdzYy LRRaairotsS t2FR® loasSyd
this value ly finding the maximum recorded demand} ¢ 0 @i and translating it to an energy

quantity, for a market duratioM, using the following equation:

0 @ ¢ 0 Qi
oM o
LikeD , this value is rounded to the nearest Qbin interval.
it 1 r r \6, e 5w, \
0 I €0 &%~ 0 wQt
L w Qe

This value provides the RH limit to tlseelastic demand curve.

As a similar practical limitation, a price cap, , is considered. An isoelastiaree approaches
infinite PasQ approaches zero. However, if there is an upper limit to the price, there is a lower limit
to the quantity at which the load will respond faotential price signals. Subsequently, demand
curve points can be eliminated whehe calculated price exceeds the price caphis limit is

expresedas

puji

(@p))
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With anisoelastic demand curve, this provides a LH linNibte, thismay be larger thad . As a

practical consequence, this eliminates unneeded information transfer.

In summaryd and0 provide additional limits to the elastic load demand \iexpression,

whichis summarizedo be the following for n points:

As an illustration of elasticities, tHellowing data from Pecan Street Household #22 will be used.

The illustrated market duration is five minutes. is set to be $0.10/kWh.

Datetime use (kW) | airl (kW)
01-Jun2014 22:10:00{ 1.4320 1.1200
01-Jun2014 22:11:00{ 1.4260 1.1150
01-Jun2014 22:12:00{ 1.4200 1.1090
01-Jun2014 22:13:00{ 1.3970 1.1080
01-Jun2014 22:14:00; 1.3110 1.1150

Table8: Pecan Street Household 22 Data

The plos below shows the impact dboth consideringthe entire load inelastic and consideriag

portion of the loadelastic.
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Figure49: Isoelastic Demand Curve Examples

Some observations can be made from these illustrations. In the top plot, the entire load is
considered inelastic, and the demand curve is a vertical line. In the bottomapibis considered
elastic, with various levels of elasticity illustrated. MNet regardless of the elasticity, allrl
demand curves pass through the anchor point. Additionally, as the elasticity approaches zero, the
demand curve approaches a vertical line. However, all demand curves, regardless of their elasticity,

are asymptdic to the horizontal axis. In other words, as the price approaches zero, all loads can be
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consumption is also clearly represented; this is the RH limit sharatl &yl demand curves.

There is additionalrelevant observationin the bottom plot, for low elasticitiesirl is approaches a
horizontal line at largeQ values. In certain cases, the slope of this line could violate the Pmin
requirementsimposed by the DTDM system operator. This occurs whendifference between

two adjacent(Q,P) values is less than Pmifithe Pmin requirement is violated, thelemandcurve

is not monotonic with therequired degree of precision. This would not becegated by the

supernode during Market Operation.

To prevent thisviolated the isoelastic demand curve must baodified to maintain Pmin

requirements. Specificallwhen theunmodified slope is less thab 70 , the slope is set to

Impact of Pmin Restriction on a Generated Isoelastic Curve

0.5
Generated Curve with e = .20
Adjusted Curve for Pmin = .00001
04 r — — — Pmin Adjustment Begins Here
®  Anchor Point Q =.005, P = .10
03

Price ($/kWh
o
N

0.1

0 0.02 0.04 0.06 0.08 0.1 0.12
Quantity (kWh)

Figure50: Example Impact of Pmin on an Isoelastic Demand Cui
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exactlyd 70 . An example adjustmentiustratedin Figure 50

Notice, for an isoelastic demand curve, the slope strictly decreases as the quantity incréhses.
modification is accomplished to finding the first slope violation on the unmodified curve (Q,R¢
point before this violation establishes a reference price and quantity. All points of a greater quantity

at set by using the following method:

b2iA0S GKSNB A& Y26 trkeé dBamdeEud/blEhy tBeBodified duev& Snfactii KS &
the curvenow includes negative price valuesheTmaximum errooccurs at the) value, the RH

limit of the curve. This modification does not impact the ultimate consumption by the node, only

their bid into the market. Thus the modification would only impact establishing clearing energy
calculation if the market price falls between and0 . It is expected

this impact is small, when compared to other prediction errofifie DTDM system operator can

reduce the impact of this error by settifgminto the smallest acceptable valuéddditionally the
Aa2StadA0 RSYIFYR OdzZNBS AGaStFT Aa 2yte + aAYLX A
wholly accurate representation of consumption preferences. Thus,ntieigification will only be

used to meet DTDM system constraintedaerror will not be considered further.

Another illustration is providedAgain, data from Pecan Street Household 22 is uasdorovided
below. Like beforeairl is considered an elastic load, with a price elasticity of 0.4. Additionally,
refrigeratorl is also considered an elastic load, with a price elasticity of 0.2. The market duration
remains five minutes and remains $0.10/kWh.Additionally, a relatively large Pmin is used,

to display the impact of Pmin slope modification.
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Datetime Market Period | use airl refrigeratorl
01-Jun2014 22:10:00 1.4320 | 1.1200 | 0.1170
01-Jun2014 22:11:00 1.4260 | 1.1150 | 0.1170
01-Jun2014 22:12:00 1 1.4200 | 1.1090 | 0.1170
01-Jun2014 22:13:00 1.3970 | 1.1080 | 0.0940
01-Jun2014 22:14:00 1.3110| 1.1150 | O
01-Jun2014 22:15:00 1.3040| 1.1090 | O
01-Jun2014 22:16:00 1.3010| 1.1070 | O
01-Jun2014 22:17:00 2 1.2050 | 1.0120 | O
01-Jun2014 22:18:00 0.1930 | O 0
01-Jun2014 22:19:00 0.1530| O 0
01-Jun2014 22:20:00 0.1240| O 0
01-Jun2014 22:21:00 0.1280 | O 0
01-Jun2014 22:22:00 3 0.1280 | O 0
01-Jun2014 22:23:00 0.1200 | O 0
01-Jun2014 22:24:00 0.1180| O 0

Table9: Pecan Street Household 22 Data

The plots in Figure Sllustrate the impact of varying anchor quantities over time. Additionally, the
right column ofplots provide aggregated curves, illustrating the cumulative impact of a household

with loads of differing elasticities.
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Aggregated Curve for Time Period #1
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Figure51: Example Load Curves with Aggregation
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Firally, demand curve generation to allow for error in anticipating the future consumption

preferences. For example, a HEM may use historic consumption patterns to predict future inelastic
energy consumption. Thiprediction is cannot be made with certainty; there is always a possibility

of error. This possibility is captured by a paramepeedictErrorSD This parameter is the standard

RSGALFGA2Y 2F SNNRBNE SELINB&AASR | athelperdalf BforSiy (i | 3 S

NN

prediction is determined using a random number generator:

0 0 p I AGpmi QQ QOO @i té QEYO

where randn produces a random number drawn from the standard normal distribution: the mean

result ofrandnis 0, with® ' ™ LIy Riultiplyingrandn by the parameterpredictErrorSD

LINE RdzOS& | LISNOSyd SNNE NpreédictErforSiand Y SprgdictBiespzt & 2 F
GKA&d Ada GKS LISNOSyl 08 6KAOK (UKS LINBRAOUGAZY @At
cannot fall belowl. This prevents the estimated demand from falling below Q = 0. There is no limit

to incorrectly ovespredicting futire demand.

l'a | NBadzZ# 6 GKAA LI NFYSGSNI A& dzaASR G2 FRR dzyOS
Street dataset. During redéime actions, this parameter will be ignored, and consumption will be
RNRAGBSY o6& GKS aiNUzS¢ & Sefldcty Be inability Kadznikcipaie Kuire LJF NJ Y ¢
consumption preferences. Note, whepredictErrorSD =,0the node will anticipate its future

consumption preferences with perfect prediction.
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These considerations are uség this isoelastic behavior mod& developdemand curves using

historical data.This is accomplished at the onset of the DTDM Market Operation.

6.2.2 ReatTime Actions

After submitting its demand curve during Market Operation, a load node will eventually receive a
Node Marginal Price (NMP) fdre upcomingmarket period. The NMP will be used to set the actual

consumption of energy during the market period.

The NMP will impact energy consumption over the entire market period. The Pecan Street data
provides minuteby-minute historical data, yethte market period can be set values greater than one
minute. This behavior model considers the impact of the NMP on each discrete minute, regardless
of the market duration. Thus, a new anchor quantity is established for the currentTime,

Foo@ ¢ 0 Qi
om

C

The anchor quantity is not impacted by the prediction error parameter. This is considered the
GONHzSe O2yadzYLIWiAz2y LINSFSNBYyOSO® bSEGZ (KS bat

the isoelastic quantity equation arttle pre-established anchor price:

The point on the demand curve submission, as indicted by the NMP can be considered .
Notice, the minuteby-minute actual consumption qudity does not necessarilynatch this value.

Even with perfect prediction, if the market period is greater than-oriaute, thisO will only



215

be a fraction of) . Additionally the actual quantity for each minute will respond

independently to the NMP.

However, if the elasticity does not change and the node had no prediction error, the following

observation can be made of the total energy consumption during the market period:

This demonstrates that the total actual consumption will match the contracted quantity for any

market duration, when perfect preference prietion is achieved.

Additionally, the above equation for actual consumption holds for zero price elasticity in this case, it

can be simplified to the following:

This matches the expectation that inelastiawtknd will not respond to price signals.

Finally, consideration must be made for the maximum possible energy consumption. Like before,

this value is determined using the historical dataset, but only considers a duration of one minute.

If the calculated energy consumption exceeds this value, the actual consumption will be set
to0 . This also applies to ngpositiveprice values.In summary, realime consumption can be

determined using the following equations:
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6.2.3 Limitationsand Areas for Improvement

This behavior model is not without limitations. In particular, it treats each timeaseipdependent

from all other timesteps. This is not realistic. Most loads will have temporal consumption
dependencies; for example, current air conditioning energy consumption will certainly impact
demand for future air conditioning energy consumptioAdditionally, while this behavior model
could support timeshifting elasticities, it does not include dependencies between consumption and
elasticities. For example, the price elasticity for air conditioner energy consumption is certainly
dependent on tle previous consumption of air conditioner energy (i.e. price sensitivity decreases

when approaching the boundaries of acceptable household temperature).

Another limitation to this behavior model is the isoelastic demand curve. One, this assumes all
possille quantities are possible. However, this is not a valid assumption for most practical devices.
wSFEtAA0GA0 RSYIFIYR OdzZNBSa &K2 difefRshapeS Twrof thzYidalasteE ¢ A (0 K
anchor point curve does not work well for quantities wittra load in the data source. In these

cases, the demand curve should not be drastically different from curves generated with other data

source anchor quantitieS.hree,

Many of these limitations would be improved with a more robust behavior model, degifpr the

specfic load type and application.
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For example, an air conditioner behavior model would, ideally, reflect the thermal characteristics of
its location. Time | NE Ay 3 dza SNJ LI NI YSGSNR ¢2dzZ R 0SS -GF NAS
vsperformance sensitivity. The demand curve would be generated by determining the range of
LI2adAofS GSYLISNYGdNBasz o6FaSR 2y GKS t20FGA2yQa i

operation, and the user parameters.

Similarly, other specific devicagould have different behavior models, based on their goals and

operating characteristics.

Finally, a robust load behavior model would also include projections for future prices. A device,
optimized to minimize the cost to operate, may elect to not ruthé price is expected to fall in the

near future.

6.3 PV NodeBehavior Model

The PV Node behavior model applies to botttewel node that consists solely of photovoltaic
generation. A PV Node is described by the following parameters, each to be detailecodate

and prediction error.

The Pecan Street dataset provides actual, miryeninute average power for PV generation, in
the categorygen This is considered a baseline, upon which the behavior model is established. The

behavior model uses this dasmurce for both demand curve generation and rade actions.

6.3.1 Consumption Preferences and Demand Curve Generation

Il t+ b2RSQa O2yadzyYLliAz2y Aa Fftgleéa yS3IlraAadST Al

Street dataset provides the actual generatifam each timestep. It is assumed that a PV array will
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always generate the maximum possible energy for a given period, unless the NMP is negative. In

those cases, the PV array will curtail its generation.

To generate a demand curve, the PV Node must igatie its future generation. This uses the
Pecan Street historical record, stored in the parametede.pvDataSourceNote, the Pecan Street
dataset stores generation aaverage power (in kW) and gmsitive quantities. The parameter
node.pvDataSourcenaintains this convention, butlemand curves and actual consumption will

reflect the DTDMenergy anddemand convention.

Additionally, the Pecan Street dataset includes instances of negative generation in its PV category,
gen In all cases, the imported emy is very small. It is unknown why this occurs, perhaps
supporting equipment loads. Regardless, all negative values are removed from the data, to simplify

the behavior model.

ps26gen2014(ps26gen2014<0) = 0;

DDS2.addNode( 'ps26 pv' , 'ps26' , 'ps26 Dispatch’ );
DDS2.recent.type = '‘PV'
DDS2.recent.pvDataSource = ps26gen2014;

The parametempvDataSourcés referenced when generating a demand curve, which occurs in the
method node.setPVCurve First, the historical record and market duration is usietermine the

anticipated energy consumption. This uses the DTDM demand convention.

estQ = - sum(obj.pvDataSource(refStart:refStart+(marketDuration -
1)))/60;
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However, 1 is not assumed that the PV Node can anticipate future generation with perfectaaycu

an error factor is implemented.

The error factor is described byode.predictErrorSD This is the same parameter used by Load
Nodes, with the same implementation. The parameter is the standard deviation of error, expressed

Fa F LISNOSWHZASES IBYSHKE8AGY @ ¢Kdzaz (GKS LISNODSyid S

a random number generator:

if  obj.predictErrorSD ~= 0
errorFactor = max( - 1,0bj.predictErrorSD*randn);
estQ = estQ*(1+errorFactor);

end

where randn produces a random number drawn from the standard normal distribution: the mean

result ofrandnA & n X 6 A (-K -I. Multiplyingian@iby the parameterpredictErrorSD

LINE RdzOS& | LISNOSyid SNNE NpredictirforSknd Y SprgdictRBespz ¢ 2 T
GKAA Aa (GKS LISNOSyi o0& $KAOK (GKS LINBRAOUGAZ2Y oAf
cannot fall below-1. Because the true demand is a negative numbkis prevents the estimated

demand fromrisingaboveQ = 0. There is no limit to incorrectly oy@edicting future generation

As a last step, this estimated quantity is rounded to the nearest Qbin.

estQ = obj.Qbin*round(estQ/obj.Qbin);

¢ KAA& A& LINE JAprSideddgerietion, kut thehde3s@aiuired to generate a demand

curve.
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If O TT, it is recognized that the predicted energy generation provides the LH limit of the curve;

no more energy can be generated than this value. Additionally, Q = 0 provides the RH limit of the

curve; he PV Node is unable to use energy imports. Finally, the marginal cost of PV generation is
Pnk]12KX (Kdza GKS aiGNHzS¢ RSYIYR OdzZNBSOA& Ka K2NAT 2

negative number) and Tt

However, the DTDM rules preclude demdacurves with horizontal segments; the Pmin restriction
must be observed. To this end, the horizontal segment is adjusted tentiadlestpossible slope-
Pmin/Qbin. This slope adjustment can use either the LH or RH limit as a reference point. Hf the L
limit is used, the PV Node will require a NMP slightly less than P = 0 before curtailing its generation.

Specifically, curtailment will only occur for:

Because this curtailment condition is not straightforward for Réale Action, the alternative
choice is made. The RH limit will be used as the reference point for the Pmin adjustment of the
demand curve. Thus the LH limit is slightly higher than P = 0. The curve is then generated by setting

the Q and P values as foNs:

obj.curve(:,1) = [estQ:0bj.Qbin:0];
obj.curve(:,2) = [ - (estQ/obj.Qbin)*obj.Pmin: - 0bj.Pmin:0];

Alternatively, i 0 1, then the demand curve is a single point: [0,0]. It is not possible

for O 11, based orpvDataSource.
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PV Demand Curve
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Figure52: Example PV Node Demand Curve

The example PV Node demand curve above was generated using this method. In this example, Qest

=-0.8, Qbin = 0.0001, and Pmin = 1e8.

6.3.2 RealTime Actions

After submitting its demand curve during Matk®peration, a PV Node will eventually receive a
Node Marginal Price (NMP) for the upcoming market period. The NMP will be used to set the actual

consumption(i.e. generationpf energy during the market period.

For this behavior model, the determinatias straightforward: the PV Node will export energy for
any positive price. For ngpositive prices, the PV Node will curtail all generation. Note, the
guantity generated does not include a prediction error, as used during demand curve generation.

Thusfor any given timesteppbj.DDS . tand a NMP described lopj.priceContr
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if  obj.priceContr <=0
obj.quantActual = 0;
else
obj.quantActual = - obj.pvDataSource(obj.DDS.tRef)/60;

end

Notice, thisvalugr F @ y 203 YIFGOK (GKS ljdza ydAde AYyRAOGSR 2y
due to the imposed Pmin restriction. In particular, if the DTDM clearing point requires a PV Node to
generate at less than its full capacity, it will specify a price betweemikthand RH limits. Based on

the previously described LH limit determination, this would occur when the NMP meets the follow

criteria:

m U Gdo"('))éa Qe

In this case, the PV Node fails to meet the quantity specified by its demand admvession. This
may incur penalties, if a predictielgpe tariff is imposed. However, it is assumed that avoiding this
penalty is best controlled by a HEM optimization algorithm or dispatcher, not by actually adjusting

the PV generation.

6.3.3 Limitations andAreas for Improvement

The PV Node behavior model has some known limitations, but perhaps less than that of the Load

Node behavior model.

For one, he prediction error model may or may not reflect reality. Additional research is required

to determine the &ility to predicted distributed PV generatio@ommercial products may exist to
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fill this niche. Additionally, the current model does not limit overestimating generation. This is not

NEFfAZGAOT Of SINIT& | t+ |NNI&Qa YI EAYdzy 2dziLidzi 7

Scond, curtailment may not be realistic, regardless of the price. This could be a limitation of
O2y(NRf az2Fidié6lNB 2N 0KS 26y SNNa LISNE2YIlIf RSOAAA

the estimated export quantity. This is the same as atasie load demand curve.

Additional limitations to the PV Node behavior model may be identified with further testing and

evaluation.

6.4 Storage NodéBehavior Model

The Storage Node behavior model applies to botiewel node that consists of energy storage
units. The model was developed with electrochemical batteries in mind, but similar concepts apply
to all energy storage devices. A Storage Node is described by the following parameters, each to be
detailed: dispatch flag, control type, max discharge, rmolaarge, energy capacity, current energy
percent charge, demand curve control slope, price of max discharge, price of min discharge, price of
min charge, price of max charge, exponential moving average period, and current exponential
moving average valueNote, there are two methods for control, each with related behavior models.

Not all parameters apply to each behavior model.

tF N YSGSNBE RSAONAROAY3I (GKS a0G2NF3IS dzyAdG Q& OF LI 0Af
the Storage Node. In siration, these parameters are based on available commercial products,
such as the Telsa Powerw§ll9]. Unless denoted, the published specifications for the Tesla

Powerwall will be used in all examples and case studies.
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should reflect the possible range of energy storage. During the simulation, the current state of
charge is reflected by the parameteode.storageEnergyPciThis is gercentage of the maximum
energy capacity, and it update whenever the Storage Node imports or expodasyy. Unless

specified otherwise during initialization, this parameter begins the simulation at 0%.

It is assumed that the Storage Node is always abl@ccurately estimate its state of charge.

Additionally, the current behavior model does not include any retrimlenergy losses.

l RRAGAZ2YFEfex GKS ad2N} 3S  dzy Apdwer are Yspekifled dgr OK I N
node.storageMaxChargand node.storag@MaxDischarge respectively. These parameters are
expressed in kW. Note, some storage units may have normal and peak power parameters. The
Node Owner may select whichever value matches their use case. Unless noted, the normal power

parameter is alwaysased in simulation, to meet the anticipated implementation.

DDS2.addNode( ' tesla powerwall node' , 'owner' |, 'supernode’ );
DDS2.recent.type = 'Storage’
DDS2.recent.storageEnergyCap = 8;
DDS2.recent.storageMaxDischarge = 3.3;
DDS2.recent .storageMaxCharge = 3.3;
DDS2.recent.storageEnergyPct = 0.5;

The Storage Node is initialized in a similar manner as all other bdtéeeh nodes. In addition to
the parameters shown above&ode.storageContraind node.storageDispatchFlagust alsobe set

during initialization. These will be described in the following sections.
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6.4.1 Consumption Preferences and Demand Curve Generation

The Storage Node behavior model is designed to take advantage of price arbitrage. Price arbitrage
is taking advantages girice differences, in this case, at different points in time. In general, the
Storage Node seeks to import energy (i.e. charge) when the price of energy is low and export energy
(i.e. discharge) when the price of energy is high. In this way, a storéigean achieve a returon-

investment.

t NAOS I NDAGNF IS O2yaARSNIGA2Yya RNAGS GKS {d2NF 34

generation.

The DTDM provides inherent flexibility in taking advantage in price arbitrage. The price considered

by the Storage Node will naturally include opportunity costs faced by the Storage Node owner; this

is a consequence of tariffs and the marginal cost convention. This is particularly the case for
dispatchable Storage Nodes. Recall, Section 5.7.3 describedche&phlodes that monitor real

time flow and dispatch energy storage to meet the optimal clearing quantity. A Storage Node is
flagged as dispatchable with the parametaode.storageDispatchFlagThis does not impact the
description of consumption preferees or demand curve generation in this section; the
O2yaSldzsSyO0S 2F RAALI GOKIoftS ait2Nlr3S gAfft -0S RSa

Time Actions.

¢KS {G2NF 38 b2RSQa LINBTSNBYyOS T2NJ LINK OSThisND A i NI

is accomplished in the methatbde.setStorageCurve

First, the range of possible energy quantities are determined using the maximum charge and

discharge power over the specified market duration.
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Qstart = - obj.storageMaxDischarge*marketDuration/60;
Qstart = obj.Qbin*round(Qstart/obj.Qbin);

Qend = obj.storageMaxCharge*marketDuration/60;

Qend = obj.Qbin*round(Qend/obj.Qbin);

obj.curve(;,1) = [Qstart:0bj.Qbin:Qend];

Notice, this provides the LH arRRH limits of the curve, with the LH limit at a negative quantity

(energy export) and the RH limit at a positive quantity (energy import).

Next, the demand curvsets itsprice points. This approach can be describethadinear threshold

model. This gproach needs four price values, each of which is a paramptareMaxDischarge,
priceMinDischarge, priceMinCharged priceMaxCharge ThepriceMaxDischargset the LH limit;

for any NMP at or above this price, the node will export energy at its maxioapacity. Similarly,

the priceMaxChargesets the RH limit; for any NMP at or below this price, the node will import

energy at its maximum capacity. TheceMinDischargend priceMinChargendicate the prices at

which the node will begin energy exporteichimports, respectively. As a result, price points
betweenpriceMinDischargand priceMinChargall indicate zero quantity: the node neither exports

2NJ AYLRNI & SySNEH@éO® ¢tKAa as3ySyid OFy 68 GK2dAaAK

arbitrage pread. These price points are illustratedrigure 53

In Figure 53notice the slope of the curve in the energy export and import regions. Different slopes

have different costs and benefits. To optimize profits, the Storage Node may seek a nearly
horizontal slope; if the observed price meets the arbitrage spread, then the storage unit would

never desire to export or import energy at partial capacity. Note, the demand curve submission
must satisfy the Pmin restriction, so there these slopes cannoiebiegtly horizontal. Alternatively,

the Storage Node may seek to provide responsive energy balancing for its DTDM subsystem. In this
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case, a steeper slope may be desired; this would provide a larger range ofjpaingty options

presented tothe Stord§ b2 RS Q& & dzLISNYy 2RSS ®

priceMaxDischarge
priceMinDischarge

priceMinCharge
priceMaxCharge

Figure53: Storage Node Price Thresholds

There are two control methods for determining the thresholds, specifieddae.storageControl In
WYl ydzr £t Q Fff LINKROS GKNBaAK2fR @FfdzSa NBE aLISOAT.
0KS LI NI YSGSNE O2dA R faz2z oS RANBOGtE& dzZJRI (SR
thresholds are determined ayamically, based on the exponential moving average of the Ni&feh

will be describedn the next step of demand curve generation: establishing the price points for each

Qbin interval.

























































































































































































































































































































































