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Imagine that we time-traveled into the future where 100% clean energy has been achieved. By then, more
than 50% of the electricity production are generated from the weather sensitive renewable resources,
primarily wind and solar. The rest may be from hydro, nuclear, energy storage, biomass, and other
resources. Will you wonder: how will the grid operate in an overcast, windless, extremely cold/hot day,
where half of its generation fleet becomes unavailable?

From what we can tell, the answer is very likely to be: extensive load control (LC). Smart building energy
management systems automatically adjust their heating, ventilation, and air conditioning (HVAC) systems
and electric water heaters to minimize the electricity use; non-essential loads are rescheduled to later
hours; appliances may enter “economic” consumption modes to help balance the power deficit; energy
stored in different forms (e.g., hydrogen) can be released to substitute for electricity. Though actions from
an individual load may not make much of a difference, actions taken by millions of loads can outweigh
that of any generator. Moreover, compared to the generator control (GC), LC has a distinct advantage:
resolving a problem at where it occurs. Thus, LC will bear a paramount value for us to reach a carbon
neutrality future.

In this article, | will first introduce the evolution of LC resources and discuss the grid services enabled by
LC. Next, | will compare different LC methods and their design considerations. An outlook of futuristic
demand control technologies will be given in the end to conclude the article.

1. Evolution of Load Control Resources

In the past, the term “Load” refers to energy consuming devices connected to a distribution circuit. Load
electricity consumptions are usually measured by its real power consumption in terms of kW. From the
load power factor, one can also calculate its reactive power consumption. Utilities typically categorize the
loads into four categories: residential, commercial, industrial and agricultural. Figure 1 and Table 1 show
the size and typical controllable loads at different gird locations.

Principles for controlling large industrial and agricultural loads are usually quite different from controlling
relatively smaller residential and commercial loads. For example, in large factories, an entire feeder can
be switched off from the central control panel to provide MW-level demand reductions. However, in
residential and commercial buildings, customers prefer less intrusive and more selective control options,
such as switching off an appliance or switching from “energy saving” or “normal” modes. As residential
and commercial loads, plus light industrial loads, consist of 70% to 90% of the total electricity
consumptions in most countries, they are now the main candidates of customer-oriented DR programs.

Electricity consumptions follow diurnal, weekly, and seasonal patterns. Thus, the level of demand
reduction or increase a load can adjust is also time-varying. There are two important factors that dominate
commercial and residential load consumptions: occupancy and weather conditions (e.g., outdoor
temperature, humidity, and irradiance). Occupants’ schedules and comfort settings are normally the
dominating factors of building energy consumption. The sensitivity to weather conditions originates from
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the cooling and heating needs for keeping the building interior temperature within the occupants’ comfort
range (e.g., 70-75°F in winter and 75-82°F in summer based on ASHRAE Standard 55-1992).

Other temperature sensitive loads include refrigeration loads and electric water heater loads. Though
about 1/3 of the building cooling and heating loads, both are placed indoor, so their sensitivity to the
outdoor temperature is not as high as the air conditioning unit. Most of the temperature sensitive loads
are cyclic and their on-time in a cold winter or hot summer day can be tens of hours. In addition, the rated
power of the temperature sensitive load ranges from several hundred W to several kW. In a cold winter
or hot summer day, together, the temperature sensitive load may account for more than 80% of the total
load on distribution feeders or more than 60% of the regional electricity consumption, making them top
LC candidates since 1970s.

Another potential high-quality LC resource is the backup generators and batteries installed to supply the
critical loads during a system emergency. Backup resources operate only a few hours in a year, mainly for
testing purpose. So they have extremely low capacity factors. Thus, discussions had been undergoing for
years to employee those backup generators for DR. However, there were two key factors making the
backup generation not a favorable choice. First, there is a risk to impair its capability to serve the critical
loads if a fault happens when they are used for LC. Second, the operational costs are usually much higher
than that of the grid power. All things considered, the behind-the-meter generators and batteries were
not considered as attractive LC resources in normal grid operation conditions in the past.

Entering a new millennium, there is a dramatic increase in environmental awareness, which germinates
two global activities: decarburization and transportation electrification. In 20 years, we have witnessed
from the inception to maturity of renewable resources and electric vehicles. Wind and solar rise from
ground zero to nowadays 20% or more in some regions. Ten years ago, we hardly saw any EV on the road
while millions of EVs are sold in 2020. When the amount of those distributed energy resources
continuously increases, the term “net load”, referring to electricity consumption minus BTM generation,
is slowly replacing “load” at all grid levels. This is because to utility, it is the net load that they are serving.
Therefore, any behind-the-meter generation and storage systems are customer-owned resources, which
are beyond utilities’ control and largely invisible.

The behind-the-meter generation and battery storage system are rapidly changing the LC landscape. First,
consumers are becoming “persumers”, who can both generate and consume electricity. This decentralizes
the previously highly-centralized electricity supply and transportation model (i.e., power flowing from
those bulk generators to the load) and makes previously “passive” loads an “active” ones. Second, the
now irreversible trend of replacing gasoline powered vehicles to hybrid, and eventually pure electric
vehicles is going to expedite the maturity of battery storage technology. The infamous instantaneous
balancing constraint between load and generation may become a history.

Managing the sheer number of passive and active LC resources with varying flexibility, controllability, and
observability have posed many new technical challenges in LC. The biggest challenge is to coordinate the
power and energy management of such an unprecedented amount of inverter-based resources, which
requires highly flexible and adaptive LC mechanisms with automated execution. However, before we dive
in to explore different LC control options, let’s first examine the demand-side grid services. This is because
it is the need for providing the demand-side grid services that drives most of the LC design considerations.
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Figure 1. Load control resources: location, size, and magnitude
Table 2. Load control resources: location and size
Building Feeder Substation
Time Control
Line Resources Single- or Multiple Commercial &
Family Residential Light Industrial
HVAC <10 KW Up to hundreds of
kw
Past Water
<10 kW tens of kW
heater
Up to hundreds of Several to
Solar PV <10 kW KW tens of MW >100 MW
Now Electric Level 1&2 chargers, Up to hundreds of Several to
Vehicles <10 kW kw tens of MW
Battery Typically less than Up to hundreds of hundreds of > 100 MW
Storage 10kW @ 10 kWH kWH kW - MW
Hybrid
Energy
Future Systems several kWh Up to tens of MW tens of MW >100 MW
(microgrids,
VPP)

2. Evolution of Demand-side Grid Services
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Table 3 provides a list of grid services that can be provided by the LC resources for three main grid
operation modes: normal, emergency, and restoration. As an example for illustrating the trend of the
revolution, this categorization is by no means exhaustive or conclusive. However, it helps to illustrate: 1)
what services traditionally allow load-side participation; 2) what services have been enabled since the
2000s; and 3) what services may become available in the near future.

In the past, LC resources were mostly passive so many earlier load-side grid services belong to the
“responsive” type of grid services. In the past 20 years, enabled by the communication and information
technologies, 2-way communication links can be established at very low cost. The deployment loT sensors
and powerful microprocessors with on-device computing platforms greatly accelerated the deployment
of advanced metering infrastructure and pushed the situation awareness towards the grid edge, i.e.,
towards traditionally largely “invisible” power distribution grids. For example, smart meters coverage
increase drastically from 0% to 57% coverage in the US based on the recently released report “2020
assessment of smart metering and DR” prepared by Federal Energy Regulatory Commission (FERC). After
the smart meter made the demand-side services observable and measurable, two grid services thrived:
peak shaving and load shifting, both were incentivized by the time-varying rates (e.g., time-of-use rate,
critical peak prices, demand charges, and real-time pricing) introduced since the 2000s.

Meanwhile, the integration of variable generation resources, primarily wind and solar, and the
subsequent retirement of fossil fuel generators introduced a number of new grid services. For example,
ramping support, regulation/load following, and fast frequency response in transmission grid operation
and renewable output smoothing and voltage support in distribution grid operation. In addition,
microgrids, as an emerging LC method, are considered for providing grid islanding, blackstart, or cold-load
pickup services (i.e., running in the off-grid mode).

Envisioning those changes and trying to create a level playing field, FREC Orders No. 719, 745, and 2222
gradually opened the doors for the load-side resources to provide transmission energy and power
services. However, to compete with generators on a level playing field, LC must finish evolving from
“responsive” to both “scheduling” and “coordinative”, which will be further discussed in the next section.

Table 3. Demand-side grid services

Operation Demand-side Grid Building-level Substation | Regional
Mode Services Residential Commercial Level Grid Level
Peak Shaving/load shifting existing existing existing existing
Renewable self-Consumption new new N/A N/A
Normal _G"d Renewable output smoothing new new new new
Operation | : : : :
Voltage Regulation uturistic uturistic existin uturistic
Mode Ll £
Regulation/Load following N/A N/A N/A new
Ramp support N/A N/A N/A new
Rolling blackout futuristic futuristic existing existing
Emergency Frequency response futuristic futuristic futuristic existing
Grid . - o
A Fast frequency response futuristic futuristic futuristic new
Operation
Modes Voltage support futuristic futuristic futuristic futuristic
Reconfiguration N/A N/A existing existing
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Microgrid islanding operation futuristic new new N/A
Blackstart N/A futuristic existing existing
Cold-load pickup N/A futuristic existing N/A
Grid Microgrid resynchronization futuristic new new N/A
Restoration | Frequency support futuristic futuristic futuristic futuristic
Voltage support futuristic futuristic futuristic futuristic
Ramp support futuristic futuristic futuristic futuristic
existing Grid service existed before the 2000s
new Grid service enabled in recent years
Futuristic Grid service not available now but may be enabled in the future
N/A Grid service may not be relevant
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3. Load Control Methods
Compared to GC, LC has many unique design challenges:

e Each individual control resource is much smaller than that of a generator, ranging typically from
several kW to hundreds of kW comparing with a generator of a few hundred MW.

e Consequently, the amount of resources needed for meeting a control target is large. For example,
for providing 1 MW load reduction, thousands of electric water heaters, HVACs, and EVs may be
needed.

e Due toits occupancy and weather dependency, uncertainty in LC is high and hard to quantify. For
example, the duration and magnitude of demand reduction provided by a group of HVAC units
can vary a lot at different time-of-the-day depending on the ambient temperature and consumer
choices (e.g., thermostat setting preference, opt-out or not, customer price sensitivities).

e The performance of LC is also a dependent on communication network operation and is
susceptible to communication errors, delays, outages, and attacks.

e Customer participation may be time varying. Change of ownership, economic status, or number
of occupants can drastically alter the availability of an LC resource.

In the rest of this section, let’s first review the evolution of LC methods to examine the knowledge learnt
through many failed or successful attempts in the past 50 years. Then, | will introduce the LC design
considerations and briefly discussion the new research directions aiming at bringing the performance of
LC on par with that of the GC.

It is always valuable to look back into the history to understand what worked and what failed. Table 4
illustrates the evolution of LC methods by comparing a number of key design features. Under the “future”
tab, a few emerging LC research directions are listed to provoke futuristic thinking.

At the very beginning, selection of controllable resources was rather simple: based on its location and
criticalness. Loads in areas of power shortage considered as noncritical were considered as viable
resources. Due to the lack of remote control mechanisms, load shedding was executed at the substation
feeder head where a circuit breaker was used to switch off the loads on the entire feeder in order to
achieve the desired amount of load reduction. Load shedding was intrusive, nonselective, and mandatory,
making it used as a remedial action for emergency operations. UFLS, UVLS, and rolling blackouts have
been the two most commonly used LC applications in emergency operation since the dawn of the modern
grid.

Rapid load growth can quickly approach or exceed the design limits of existing circuits and equipment.
Often times, the overloading condition only occurs tens of hours out of 8760 hours in a year. Driven by
the paramount economic benefits of investment deferral, utilities began to encourage large loads, mainly
commercial and industrial loads, to shift their energy consumptions from peak to off-peak. Again,
selecting large load resources controlled by circuit breakers was mainly limited by communication and
control technology — only large industrial or commercial loads had centralized electrical control panels.
Those control panels were usually equipped with controllable circuit breakers that could switch on/off a
large amount of load on a timely manner remotely from a control room. For feeders with miscellaneous
small residential, commercial and industrial loads, a commonly used load reduction method is
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conservation voltage reduction. The voltage on an entire feeder will be dropped to meet the minimum
voltage constraints at the feeder end to achieve load reduction as for resistive loads, the real power
consumption is proportional to the square of the line voltage.

It is worthy of mention that there were some unsuccessful attempts in. In the 80s, utilities experimented
in a few demonstration projects the potential of recruiting small residential loads for DR. The controllable
loads are the heat ventilation air conditioning (HVAC) units and large white appliances such as dryers,
washers, and dishwashers. However, those attempts usually failed to sustain after the initial honeymoon
period ends. A few weeks into the program, consumers either chose to leave the control settings fixed or
overrode the control and fell back to their original consumption patterns.

Looking back, the low monetary return, tangible comfort degradation, the inflexible LC options, together
with a sense of losing control of your life to the big brothers, were overwhelming for a residential
customer to embrace the concept of LC. After all, adjusting electricity consumptions when there is a
shortage of generation or transmission capacity is a public service that brings societal benefit to all parties
instead of to the participants alone. Therefore, unless the monetized rewards significantly outweigh the
cost, sacrifice of privacy and comfort, recruiting, recruiting and retaining customer-owned devices for DR
looks like fighting a losing battle.

Entering 21st century, the rapid maturity of wireless communication technology as well as the quantum
leaps in the computing power of low-cost, low-power, and small-size microprocessors opens the door for
deploying ubiquitous control and monitoring systems. Wide deployment of smart meters and the advent
of smart devices/appliances, making many end use loads now observable (e.g., visible and measurable)
and controllable. In addition, technology advancements in renewable generation, energy storage, and
electric vehicles are transforming loads from passive to active (i.e., from consumers to prosumers).

All things considered, in five or ten years, the number of LC resources will very likely exceed what we need
for providing grid services. If so, dynamically LC resource selection will become crucial to develop high-
quality, low-cost LC applications. For example, to minimize the uncertainty in each individual LC resources,
one can recruit resources that are complementary to each other and determine the best mix of those
resources to maximize the overall availability of a group of LC resources.

Since its inception, the loT, which refers to a vast number of internet-connected physical objects sharing
data with each other, is a catalyst for making device “interconnected”. The ubiquitous connectivity and
the rapid progress made in machine learning and artificial intelligence are driving conventional LC towards
“intelligent LC”. This may mark that a new era for LC is coming, in which intelligence will be built into local
and central controllers to best exploit the capability of each individual control device while coordinating
their actions to achieve global optimized actions that will bring the performance of grid services realized
from the demand side control on par with that of the generation side control.

Table 4. Evolution of Load Control Methods

Past Now Future

The number of available LC
resources will greatly exceed
the LC needs most of the
time.

A limited amount of Most residential, commercial,
large industrial or and industrial loads are now
commercial loads eligible for LC.

Available
Resources
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Utilities, load serving entities,

Decision Utilit load service aggregators, Artificial Intelligence powered
Makers ¥ customers, preprogrammed adaptive agents.
software agents.
Near real-time resource
Resource . Resources selected well ahead | selection to minimize
. . Nonselective . . .
Selectivity of the time. uncertainty, cost and impact
to customer comfort.
Customer A mix of mandatory and Bid-for-services (only the best
s Mandatory voluntary participation with an | customer resources are
Participation .
opt-out option. selected).
Communication A mix of no communication, 1- | Near real-time
1-way .
Need way, and 2-way. communication (< 10 ms).
. . Flexibly switch to different
Control . Centralized, decentralized, y . .
. Centralized control hierarchies or form a
Hierarchy autonomous.

new control hierarchy.

Control Signals

Direct control
through circuit
breakers or control
feeder voltage

Direct or indirect.

Compatible with all control
signals.

Set up
predetermined, fixed

Turn on/off through relay, set

Customizable thresholds;

Control thermostat setpoint and allow baseline operation and
. voltage or frequency . .
Mechanism bandwidth, select the mode of | follow load following up and
thresholds on . .
. operation. down signals.
protection relays
Reinforce learning for
adaptability. Meta-learnin
Control . N P . Y &
Algorithm mainly rule-based Rule- or optimization- based. for learning from past
experiences. Transfer learning
to learn from peers.
Time-vary rates, coupons,
. . Rewards are calculated based
Reward rebates, credits, discounts,

mechanisms

Fixed rate

etc. Rewards are usually not
known till a much later time.

on performance. Rewards to
resources are instantaneous.

LC usually follows one of the two types of control hierarchy: centralized and distributed. In the past, the
LC control follows mainly a centralized control hierarchy as shown in Figure 2(a). This structure allows
transmission and distribution grid operators to pass control commands through a well-structured
hierarchy. For example, a demand reduction command, “turn off 5 MW loads”, can be issued from a
transmission control center to two distribution control centers. Then, each control center can issue load
shedding commands to turn off the controllable loads. There is another layer of controllers in the
hierarchy, which are the home/building energy management systems. They can determine which
controllable resources to turn off within the building if directly controlling customer devices raises privacy
and security concerns. The advantages of the centralized control structure include less uncertainty in
control results and higher efficiency in results coordination.



Draft Prepared for Electrification due date: June 1, 2021

Distributed LC decentralizes the previously centralized energy and power energy management function
down to each LC resources. Instead of responding to a dispatch signal, each LC resource responds to a
system-wide signal (e.g., price, voltage, or frequency). Distributed LC can either be coordinative or
autonomous. If an individual LC resource makes a decision by exchanging information with other
resources, it is coordinative (Figure 2(b); if it makes a decision purely based on its local information
without communicating with anyone else, it is autonomous (Figure 2(c)). The main advantage of
decentralization is its simplicity. It is also more resilient to communication system failures.

Load Control Signals: Direct versus Indirect

LC signals can be categorized as direct and indirect. Here we refer to “direct” as directly control the
“on/off” switch of a controllable resource, or the thermostat setpoint of a heater, or the mode the washer
or dryer will be in. Whereas “indirect control signals” are signals that affect customers’ decision making
process, which in turn will affect their electricity consumption. For example, an indirect control signal,
such as a price signal or a rebate/discount message, although not controlling the on/off of an appliance,
it affects the customer’s decision on whether or not to turn/on the appliance off.
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[
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Figure 2. Centralized and decentralized LC control hierarchies
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The LC mechanisms can be divided into two categories: with or without a baseline. Due to limited
controllability and remote sensing capabilities, non-baseline LCs are by far the most popular control
mechanism used in DR programs since the incipient of LC. In fact, Federal Energy Regulatory Commission
(FERC) defined Demand Response (DR) as: “Changes in electric usage by end-use customers from their
normal consumption patterns in response to changes in the price of electricity over time, or to incentive
payments designed to induce lower electricity use at times of high wholesale market prices or when
system reliability is jeopardized.” This suggests the so-called normal consumption patterns is the baseline
when comparing how much DR Services have been provided. In practice, as the normally consumption
patterns at the time the DR service is rendered cannot be precisely estimated, especially before smart
meters were installed, many DR programs will simply consider the load as responded once a signal is sent.
Very few verifications were done for quantifying the duration or the magnitude of the actual DR Service
provided by an individual LC resource.

The biggest category of non-baseline LC is threshold-based control, for example the two automatic load
shedding mechanisms: UFLS and UVLS. Thresholds can be either fixed and predetermined (see Figure
3(a)) or dynamically calculated using a droop-like curve (see Figure 3(b)). Another two widely used non-
baseline LC are thermostat-based for weather sensitive loads and mode-based control for appliances with
several consumption settings, for example, a room radiant heater with high, eco, and low settings.

Non-baseline based LC methods are easy and cheap to setup but there are a few limitations and
drawbacks making it unsuitable for providing high quality, generator-like grid services. First, when a
generator provides grid services, it follows an hourly baseline. Power increase or decrease services are
provided by generating above or below the baseline, making the service quantifiable and predictable.
However, when an energy reduction is provided by LC resources, both the duration and magnitude of the
load reduction are unpredictable. This is because to provide a load reduction, a controllable load needs
to be “on” during that period of time, whereas the “on” status and duration of an appliance is a dependent
on many variables.

Second, when a generator provides grid services, unless there is a limitation on fuel storage, its action
taken now will not impair its capability to taken such actions again in a future time interval. However,
payback phenomena can be commonly observed when an LC recovers from a DR event (point 1 in Figure
3c), which can lead to load peaking in unexpected time periods. Also, the electricity consumption when
shifting a load from one time period to another may not be equal (points 2 and 3 in Figure 3c), making it
hard to quantify the savings when shifting the consumption around hours.

Thus, non-baseline based LC are better suited for providing quick instantaneous power reductions such
as UFLS or UVLS. For energy based services or more precise load following services such as regulation-up
and regulation-down services, baseline-based LCs are preferred. Nowadays, many utilities use an
estimated baseline derived from historical smart meter data for quantifying the peak shaving services (see
Figure 4 (a). The main problem is that the forecasted baseline may have large errors in extreme hot or
cold days because the lack of data for extreme temperature days and because the uncertainty in the
behind-the-meter resources. An over- or under-estimation of baseline can significantly affect the
profitability of a DR program. Therefore, accurate baseline forecasting algorithms are needed in the
future for improve the efficacy of such DR programs.

10
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In the future, if battery storage systems will be widely deployed, it becomes possible for letting the load
consume following a predetermined hourly baseline, as shown in Figure 4(b). Because inverter-based
resources have superb controllability, it is also possible to provide extremely fast highly accurate load
increase or decrease services, making the performance of demand-side services on par with or exceed
that of the generator provided services.

System System
Frequency Frequency
(Hz) (Hz) %
60.05 o o -

60.00 | Se—
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Time of the day (hour)
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Figure 3. LC control mechanisms: without baseline
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Figure 4. LC control mechanisms: with baseline
Load Control Algorithm

Generally speaking, LC algorithms can be either rule-based or optimization-based. In practice, rule-based
LC algorithms are probably the most commonly used in nowadays DR programs. For example, a look-up

11
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time table for what thermostat setpoint is for each hour of the day, a priority list for determining the turn
on order of the 50 offline EWHs, or a decision tree for determining the action taken for different operation
scenarios (weekday or weekend, sunny or cloudy, use grid power or battery power, etc.)

Optimization-based LC algorithms are used when there are time varying constraints and limitation in
resources for achieving an objective. It usually requires a well-defined objective function, for example,
minimize the monthly bill. If the user is under time-of-use rate, a simple rule-based algorithm can help
him shift large loads to off-peak periods.

However, imagine such a case. A user is equipped with a hybrid PV system (i.e., a rooftop PV system
equipped with a battery storage system). He is in a grid that does not allow electricity to be backfed to
the grid so PV needs to be curtailed if cannot be self-consumed. Then, when to charge and discharge the
battery may beyond a simple rule-based system can handle. This is because to achieve the least cost, one
needs to consider what the predicted PV output and load are for the next few hours and what the state-
of-the-charge and energy limits of the battery is, what will be the cost of using grid power to supply loads
at different time of the day, etc.

Optimization-based algorithms can consider multiple operational constraints and make a tradeoff
between constraints. It has the advantage of achieving the optimized action plan. But we haven’t seen it
widely used because of the following limitations. First, to apply an optimization-based approach, we
usually require monitoring the operation of controllable devices and forecasting their behaviors, where
many of those measurements needed have not yet made available to the LC controller. Even in many
modern buildings recently built, acquiring a complete set of information for running such algorithms may
require retrofit sensors and device control circuits, the cost of which is substantial. Second, optimization-
based algorithm may require a computational platform and special solvers that is beyond the current
building energy management system are equipped with. Thirds, customization is hard. This is because
not two loads are alike. The assumptions made in one system may not hold on another system. Therefore,
using a unified approach normally won’t achieve the best results whereas customization requires
expertise in the area. Therefore, although optimization based approach achieves superior results on
paper, in actual applications, rule-based systems or simplified optimization based algorithms are seeing
more uses.

At this time, machine learning based LC algorithms are under heavy research. From analyzing historical
data, learning from peers, observing from the environment, or simulating the environment on a digital
twin, intelligent LC agents can not only deal with repetitive seen conditions but also quickly adapt to
unseen new conditions. For example, transfer learning algorithms can be used to identify similar LC users
and share a trained LC control algorithm with a new user or with an existing user who has less or no data
access to his devices. Reinforcement learning algorithms can be used to let the LC controller learn to
handle different operation conditions on site so it can eventually be customized for meeting the unique
operation environment of the user. Meta-learning based algorithms can be used to let an LC controller
to learn from its past experiences and conduct new LC tasks more efficiently. Thus, with the advancement
of near real-time communication and pervasive computing, future LC will very likely be executed by
artificial intelligence so that the human involvement will be only at the high level.

12
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Reward mechanism design provides LC with economic incentives and therefore, is vital for recruitment
and retention of LC resources. In the past, rewards are paid monthly in the form of cash, discount, coupon,
credit, rebate, etc. Normally, there are two steps in reward design: conduct cost-benefit analysis for
determining the value of the LC service and reward LC resources based on performance.

For example, the most commonly used reward mechanism is the time-varying rates, primarily the time-
of-use rate complemented by a demand charge. Time-of-use rate directly incentivizes customer to
consume more in low-price periods and consume less in high-price periods. Demand charge incentivizes
customers to reduce their energy consumption in the hours that coincide with the system peak. The price
differential between the peak and off-peak prices is therefore an important design factor. As the time-
of-use rate encourages seasonal load shifting behaviors, the cost-benefit study needs to consider that a
small price difference may not create a large enough incentive for shifting the desired amount of loads
over to valley periods while a big one (exceeding the actual price differential) will force customers to pay
more than they should for the electricity they consumed. Thus, a balance between the two considerations
must be made. A deeper understanding on customer behaviors and the flexibility of affordable LC
technologies will definitely help in this domain.

For aggregated LC services, it is sometimes less obvious how much each resource contributed to the
overall results. For example, in a cold winter day, when a control signal, “drop thermostat by 2°F” are sent
to 1000 HVAC units, shall we reward all 1000 HVAC the same? For HVACs with a higher setpoint to start
with (say 75°F), they are consuming more energy than those with a lower setpoints (say 72°F). So shall
we reward those who suffered more from the 2°F reduction? Suppose that, the signal is to set all HVACs
at 68°F instead of letting all HVAC drop 2°F, the HVAC with 75°F setpoint originally will provide a large
energy reduction than the HVAC with 72°F setpoint. So shall we reward the household with the 75°F
more because they provide more energy reduction? Under current practice, all are rewarded the same,
but in the future, with more precise smart meter measurements, we can quantify the LC performance
much better, but does that mean we can reward the LC resources more fairly?

Although we may not receive crystal clear “right” or “wrong” answers when asking such kind of questions,
it is always helpful to keep those in mind and devise a workable reward mechanism that are fair to all LC
resources and customer groups based on performance, considering the LC technology availability,
affordability, and measurability.

Conclusions

From investigating the history, it is the motivation behind each evolution, the technical and sociological
enablers that are crucial for success implementations, and the futuristic thinking behind those well-
intentioned but failed attempts that | hope to bring to your attention. What is the driving forces behind
each advancement? What is the technical enablers of each LC method? All are feasible methods, why
some failed and some prevailed? How influential are those factors beyond technical or even economic
considerations?

With the operation of many major infrastructure becoming more and more interconnected by
electrification acts, their operation are more than ever intertwined with the reliable, secure, and safe
power grid operation. Integration of a large amount of renewables into the future grid operation to go
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100% clean energy, the existing power transmission and distribution grid may well evolve into a
completely different layout from what we grew up from. The development of a highly-flexible LC control
framework on par with the GC, may be the most feasible and economical solutions of many emerging
operational issues. This is because the loads are the origin of power imbalances.

When designing LC schemes, we, power engineers, may need to keep an open mind. We need to be aware
of technology breakthroughs that are driving the transformation in our sister domains, social economics,
behavior analysis, information technology, artificial intelligence, cyber security, to name a few.

| will conclude by stating that LC is one of the two keys (the other is GC) for us to open the door to a
smooth transition to a 100% green energy future without collapsing the old grid control framework. It is
worthy of our attention and investment.
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