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Chapter 1

Demand and Response in Smart Grid

*Qifen Dong, *Li Yu and "WenZhan Song
*Zhejiang University of Technology, China, qdong@cs.gsu.edu, lyu@zjut.edu.cn
*tGeorgia State University, USA, wsong@gsu.edu

Smart grid is envisioned as the modernization of the nation’s electricity transmission
and distribution system to maintain a reliable and secure electricity infrastructure that can
meet future demand growth and integrate renewable energy sources. It involves significant
new research challenges. Demand and Response (DR), which refers to the dynamic demand
mechanisms to manage electricity demand in response to supply conditions, is one of the
most important functions of smart grid. DR offers several benefits, including reduction of
peak demand, participant financial benefits, integration of renewable resources, and provi-
sion of ancillary services. This chapter surveys the ongoing research through elaborating a

representative number of DR methods and discusses future directions.

1.1 Demand and Response Overview

Actually, traditional DR mechanisms, such as Real-Time Pricing [1], Critical Peak Pricing

[2], Demand Side Bidding [3] and Emergency Demand Response [4], are relatively mature in
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2 CHAPTER 1. DEMAND AND RESPONSE IN SMART GRID

traditional electricity grids. This section will explain the significance of DR, the traditional

DR methods in power grid, and the new requirements of DR in future smart grid are stated.

1.1.1 Significance of Demand Response

Demand Response, defined broadly, is that the users adapt their electricity usages in response
to power grid supply conditions, economic signals from a competitive wholesale market or
special retail rates [5]. In [6], it is defined more specifically 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. Raising the
temperature of the thermostat in response to short-term high prices, dimming/shutting off
lights to match limited available electric energy and slowing down or stopping production at

an industrial operation when the grid system reliability is jeopardized are common examples
of DR.

Demand Response has received much attention, because it not only reflects consumers’
abilities to reduce electricity consumption when wholesale prices are high or the reliability
of the electric grid is threatened, but also improves resource-efficiency of electricity produc-
tion and social welfare maximization due to closer alignment between customers’ electricity
charges and the value they place on electricity. Specifically, Demand Response can yield

several benefits, which include, but are not limited to:

1. Peak demand reduction. The power grid usually needs to provide extra generation,
transmission and distribution capacities to cope with the few peak demand hours. For
example, in Spain about 4000 MW are required to attend 300 hours of peak consumption
per year [7]. It not only increases the operation cost but also causes energy waste.
By successful deployment of DR program, electrical load can be shifted from high
demand periods to others, thereby flattening the load demand. It improves reliability

and operational security of power grid and lowers maintenance cost.

2. Participant financial benefits. Participants save on the electricity bills by adjusting their
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demand in response to time-varying electricity rates and even earn incentive payments
because of certain incentive-based programs. In addition, Demand Response contributes
to reduce peak demand. Over the longer term, sustained Demand Response lowers
aggregate system capacity requirements, allowing electricity utilities and other retail
suppliers to purchase or build less new capacity. Eventually these savings may be

passed on to most retail customers as bill savings.

3. Integration of renewable resources. As various distributed renewable energy resources
are increasingly integrated into power system, Demand Response plays an important
role in better using these renewable resources. Both demand and renewable energy
supplies are dynamic and fluctuating. As pointed out in [8], the objective of a smart
grid is not to match the supply to the demand, but in contrast, to match the demand
to the available supplies by using DR technology.

4. Provision of ancillary services. Using DR to supply ancillary services, i.e., regulation,
load following, frequency responsive spinning reserve and supplement reserve, yields
several advantages. These benefits include reduced transmission and distribution losses,

increased transmission capacity and increased margin to voltage collapse [9].

1.1.2 Demand Response in Traditional Grid

In traditional grid, demand response is classified into two types [10], i.e., price-based de-
mand response and incentive-based demand response. Each contains several typical meth-
ods, shown in Fig. 1.1. There are also various DR algorithms developed on these typical
methods. Here, we only give a brief introduction of the typical ones. Interested readers can

refer to [6, 11, 12] for details.

In price-based demand response programs, customers voluntarily adjust their electricity
consumption based on time-varying pricing signals [13], mainly including Time of Use Pricing
(TOU), Real Time Pricing (RTP) and Critical Peak Pricing (CPP). Customers can reduce
their electricity bills if they adjust the timing of their electricity usage in order to take

advantage of lower-priced periods or avoid consuming when prices are higher. The three
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typical price-based demand response methods are summarized as follows:

1. Time of Use Pricing. Electricity prices are fluctuant at different time blocks but fixed
in specified periods. The prices are pre-established and known to consumers in advance,
allowing them to vary their energy consumption in response to the prices and to manage
their energy charges by shifting energy usage to a lower cost period or reducing their
consumption. TOU rates reflect the average cost of generating and delivering power
during those time periods, and lead customers to change their power consuming mode
in order to flatten the load curve. However, the energy prices are mostly based on
electricity supply cost of utilities and seldom take the consumer feedbacks to the prices

into consideration[14].

2. Real Time Pricing [1]. It is an idealized instantaneous dynamic pricing policy. In
practice, electricity prices may change as often as hourly (exceptionally more often),
reflecting changes in the utility’s generation cost and /or the wholesale price of electricity.
RTP prices are provided to customers on a day-ahead or hour-ahead basis so that
customers can plan energy consumption ahead in response to energy market. However,

it increases the cost of installing communication and control equipment.

3. Critical Peak Pricing [2]. In power system, critical peak loads occur a few times due to
weather or system conditions, but it is a threat to the whole grid system once critical
peaks happen. To prevent critical peaks, a CPP method which is a combination of
the TOU and RTP design was proposed. In fact, it is an advanced TOU pricing.
The difference lies in the improvement that CPP event price under specified trigger
conditions (e.g., when system reliability is compromised or supply cost is very high)
is much higher than the normal peak price. Customers not only save money on their
electric bills if they can reduce energy demands during these times, but also help to

reduce greenhouse gas emissions and defer the construction of additional power plants.

Other incentive-based DR programs reward customers to reduce their electricity consump-
tion relative to some administratively set baselines when the grid operator thinks reliability
conditions are compromised. Some of these DR programs even penalize customers who

have enrolled but failed to respond or fulfill their contractual commitments when events are
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declared. These types of DR approaches include [13]:

1. Direct load control. It is an approach in which the electricity utilities remotely shut
down/start customers’ electrical equipment during demand-peak periods [15]. The con-
tracted customers win the incentive payment, usually in the form of credits on their
electricity bill. DLC programs are primarily offered to residential or small commercial
customers. The controlled electrical devices are those which would not affect customers’
normal life by taking a short-term break, e.g., air conditioning, water heaters, pool

pumps, clothes dryers.

2. Demand Side Bidding [3]. Tt is a mechanism that encourages customers to participate
in the wholesale electricity market. Customers offer a bid which specifies the amount of
demand reduction at a given time and the lowest reward that they can accept. Once the
bid is accepted, customers are offered financial reward in the form of reduced electricity
prices, or via a direct payment for electricity they have not consumed. DSB has become
an important feature of energy markets, and has the potential to grow in importance
as its operation becomes increasingly better understood. In contrast to DLC, DSB is

mainly offered to large customers.

3. Interruptible load. An agreement about retail tariffs with curtailment options is signed
between customers and electricity utilities [16]. Customers enjoy a rate discount or bill
credit if they do reduce load during system contingencies. However, penalties may be
applied due to failure of curtailment. IL programs have traditionally been offered only

to the largest industrial (or commercial) customers.

4. Emergency Demand Response Programs. EDR provides incentive payments to cus-
tomers for load reductions during periods when grid reliability issues arise, such as
significant transmission constraints, shortages of generation or extremely high demand
for electricity. It follows two models [4], i.e., voluntary programs and capacity pro-
grams. In voluntary programs, customers have the option to participate. Payments are
issued for the amount that customers reduce during a system emergency. In capacity
programs, customers are expected to participate and they are paid for their availability

to participate, even if the utility does not call for a reduction in consumption.



6 CHAPTER 1. DEMAND AND RESPONSE IN SMART GRID

5. Capacity Market Programs. Customers commit to providing pre-specified load reduc-
tions when system contingencies arise. In exchange for being obligated to curtail load
when directed, participants receive guaranteed rewards. Customers also face penalties
for failure to curtail when called upon to do so. Capacity market programs can be
viewed as a form of insurance, i.e., in some years load curtailments will not be called,

but participants are still paid in order to be on call at any hour [17].

6. Ancillary Services Market Programs [10]. Customers bid a load curtailment in their
transmission network operator (TSO) or regional transmission operator (RTO) markets
as operating reserves. If their bids are accepted, they get payments for committing to
be on stand-by, and if the curtailment is needed, they are called by the TSO/RTO and

are paid according to their bid or the market price.

1.1.3 New Requirements in Smart Grid

The traditional DR methods introduced above are relatively mature, but they are difficult
to apply to the future smart grid. As pointed out in [18], in ideal DR paradigm, elec-
tricity consumption should be treated symmetrically with production and the demand-side
customers should be full participants. However, in most of these traditional DR methods,
either customers are rewarded for reducing their consumption based on a baseline level, or
the customers cut down their energy usage when informed by rise in energy price. In other
words, customers just select the energy consumption pattern according to their willingness
and receive information. Human selfishness and the lack of interaction among consumers
and generators lead to the difficulty of improving energy efficiency and dealing with an emer-
gency of power grid. The characteristic and advantages of smart grid technologies require
more participation of customers in the Demand Response. It can be explained from the

following two aspects.

Various renewable energy supplies such as solar or wind are being increasingly used in
smart grid. In 2008, 11.8% of electricity was generated from renewable energy sources in
California U.S. [19]. According to California’s Renewable Energy Programs, by 2020, 33%

of electricity will be generated from renewable energy resources. In Europe, 8.5% electricity
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was generated from renewable sources in 2005, and their goal is to achieve 20% by 2020 [20].
Renewable energy resources will spread to different regions and even each household so that
energy users become both electricity consumers and producers. This could fundamentally
change the power grid from a one-way energy broadcasting network to a two-way energy
transmission network to support users to upload their extra energy to the grid and share
energy with others. It is desirable that DR solution is achieved cooperatively by energy

producers together with customers.

On the other hand, the advent of smart grid technologies such as digital communication
devices and advanced metering infrastructures facilitates a better environment for sharing
information and data more readily among energy consumers and producers. Besides, home
area networks connected with smart grid [21] allows end-consumers to participate in demand
side management. These make DR more intelligent. It has attracted attention and several
results have been published. We will elaborate representative DR algorithms proposed in

the literature under each following category.

1.2 Representative DR Algorithms in Smart Grid

1.2.1 Classifications

Although there are already various DR results in smart grid, they fall into several categories.
Based on the demand management approach, DR algorithms fall into two categories known

as centralized and distributed management:

o (Centralized demand management. In this approach, the electric utilities control the do-
mestic appliances according to a complex centralized algorithm. The large information
flow as well as social and legal barriers of centralized solutions hinders their applications

in smart grid [7].

o Distributed demand management. Under this strategy, the demand decisions are made

locally and directly by the end-users. Several theories, such as game theory, consensus
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methods, and subgradient optimization provide potential solutions for distributed DR

7, 22].

The DR solutions can also be roughly classified in two categories according to the schedul-

ing variables:

e When to start requested electrical appliances. In this group, such as [23, 24], it aims
at controlling when the devices shall run with the consideration of several factors,
e.g., available energy, and pre-defined deadlines. For example, a refrigerator could
delay or advance the start time of its cooling cycle within a certain time period. In
most literatures of this group, the energy price is dynamic but deterministic, e.g., it is

provided by the energy market.

e How much energy to allocate to users in a time slot. The goal of this category is
estimating the energy demand of consumers in a given time slot, subject to several
constraints, e.g., minimum consumption requirements of the consumers, and maximum
generation capacity during this time slot. For example, in summer, people will feel
much cooler when the air-conditioner is set at 22°C'. However, people can tolerate a
temperature under 28°C'. Thus, the demand is adjusted to match available generation
in this time slot. Usually, in this case, it computes scheduling variable along with energy
price which is related to the energy consumption in the time slot. Particularly, it has
been demonstrated in [22, 25, 26, 27] that a set of Locational Marginal Prices, which
achieve a market equilibrium point, emerge as the Lagrangian multipliers corresponding

to power flow balance constraints.

However, regardless of how to deal with the DR problem, the purpose is to increase
profit or reduce cost for electric utility or end users. Here, we summarize the representative
DR methods into three categories according to optimization objective. The classification is

shown in Fig. 1.2.

e Customer profit optimization category. The DR methods in this class aim to improve
consumer welfare within generation capacity. The welfare can be usage benefit minus

electric charge paid to the electric utility [28], or other similar expressions.
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e Operating cost of electric utility reduction category. The goal of these DR methods is to
reduce the operating cost of electric utility while guaranteeing users’” minimum demand
as much as possible. In some situations, electric utility will pay a rebate to users who

are willing to reduce their energy consumption [29].

e Social welfare mazimization category. Such DR methods aim at optimally matching
demand and supply with the objective of maximizing the social welfare [27], which
refers to the difference between consumers’ efficiencies and producers’ operation cost.
Currently, in this class, the energy price is determined dynamically to optimize the

profits for both consumers and producers.

1.2.2 Customer Profit Optimization Algorithms

Christian et al. in [7] utilize network congestion game [30] to achieve distributed load man-
agement. Each user is assumed to know his total electric demand on a daily basis and
decides the exact demand distribution over 24 timeslots through game method, with the aim

of minimizing the cost paid to energy provider while taking into account its own preference.

The power grid is composed of one energy provider and M users. Denote d; = [d, - - -, dYy],
N = 24, as the demand distribution vector of user 7. Firstly, model such system to a
directed graph (V, E), as shown in Fig. 1.3. The edge ¢’ represents time slot j, i.e., the
energy demanded by user on time slot j flows through edge e/, so the total load in this
edge, denoted by z;, equals >M d; Then the energy price in time slot j is ¢(z;). Next,
map the demand management to a congestion game {P, E {si}ienr {cetee E}, where P is
the set of players, E is the set of resources, s; is the strategy space of player ¢ and ¢, is a
cost function associated with resource e € E. More specifically, the correspondence between
demand management and congestion game is listed: 1) Players: M users; 2) Resources: N
edges, i.e., N time slots; 3) Strategy space of player i: d; = [d!,---,d%]; 4) Cost of each

resource j: energy price in each time slot j, i.e., ¢(z;).

In the game process, each user updates its strategy in order to minimize its weighted cost,

. . . .. . ) /L .
under given strategies of other users. The cost function of user 7 is ¢;(s;, s_;) = Yeie,, wic(;),
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where s_; indicates the current strategy of other users, and w§ denotes the cost weight in
time slot j of user ¢ according to its preference. The Nash equilibrium can be reached after
several such repeated update processes. Once convergence is achieved, prices per hour and

users’ demand distribution are fixed, which are executed accordingly during the day.

In congestion game theory, it has been demonstrated that the Nash equilibrium point is
not only a local optimum for the selfish user, but also is a global solution. In this demand
management problem, simulation results have shown that it is possible to obtain a smoother
demand curve. In addition, the problem is solved in a distributed manner, i.e., each user
obtains its demand distribution vector locally. However, each user requires strategies of all
other players, so a complex communication protocol is needed to support the information

exchange among users.

Instead of applying weighted cost, Michael et al. in [28] consider monetary profit which
is equal to monetary benefit that derives from energy services minus charged cost of energy
consumption. They aim at maximizing this profit through scheduling hourly energy con-
sumption of various appliances. Fig. 1.4 describes a case study in that paper [28]. The
Photo Voltage (PV) system generates energy for local use. In case of shortage, energy is
purchased from the wholesale market. Energy services include charging Plug-in hybrid ve-
hicle (PHEV), running space heater, heating storage water heater, operating pool pump,
as well as must-run service that contains all other energy services except the four kinds
mentioned above. The must-run service requirements are assumed to be fixed over the day.
The scheduler determines the hourly charging rate of the PHEV battery, the hourly heating
power of the space heater, when the water heater is switched on, and when the pool pump
shall run. Denote operation schedules by « = {z;|i = car, heat, water, pool}, the scheduling

is described as the following mathematical optimization problem:

T )\ must—run t X U 7'rn'U,S —run t +
s ESmust—run(t) X Upsmust—run ()
i\ X (Apsi(t) X Ugs,i(t, ;) — A(t) x P(t, )

(1.1)

where Ugg,i(t, ;) represents the “energy equivalent”, i.e. the service provided by appliance

i of consuming z; units energy. The relationship between them can refer to appendix in
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[28]. Ags.i(t) is the monetary value assigned to each unit of “energy equivalent” at time slot
t. A(t) is energy price given by wholesale market. P(¢,x) is the amount of hourly energy
purchased from wholesale market when local PV generation is short. This mathematical
optimization problem is solved and compared by Particle Swarm Optimization (PSO) [31]

and its variations.

These results can be readily extended to situations with more appliances. However, the
maximum available energy capacity allocated to a household should be taken into account,

as discussed in the following DR method.

Shalinee and Lawrence [23] focus on control mechanisms for residential electricity demand
in smart grid. They first analyze in-home scheduling, and then a distributed approach to

support neighborhood-level scheduling is considered.

First, in the in-home scheduling problem, they present a simple optimization model to
determine the optimal operation timing of various appliances. The planning horizon is
discretized into T time periods. When the user requests appliance n in period ¢, the decision
of when to turn it on is to find s that solves:

!

iy, (=00 S (00 ) e (12)
where d,, and ! represent maximum allowable delay and the inconvenience to the user
incurred by each period of delay, respectively; ¢, is the amount of power consumed by
appliance n when it is on. The electricity price in period ¢ is denoted by m;, and it is
determined by the wholesale market. In addition, if appliance n is on in period ¢, then the
probability that it completes operation in period ¢ + 1 is given by pu,;; hence the product
term in the second term calculates the probability that the appliance is still on in period
r. The first term represents the delay cost, while the second one represents the expected
energy cost while the appliance is on. Because users are selfish, they do not consider power
constraints. Each appliance can be optimized individually through formulation (1.2). It is

good for each user, but it fails to reduce the load peak, and may create a worse peak.

Next, they propose a distributed scheduling mechanism to reduce peak demand across
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a collection of local homes. Suppose the available maximum power for the neighborhood
is denoted by Prax: for period ¢. It also assumes that all Energy Management Controllers
(EMCs) installed in households transmit /receive information with each other over a common
control channel. Firstly, they design a channel competition mechanism to competes with
other EMCs for the available power when a new demand request is generated, without
considering minimum demand of others. It may result in some consumers receiving little
or no power at certain periods. To overcome this problem, each home is allocated a base
power level P,. If the requested demand for a household is less than P, then its EMC is
on standby. Otherwise its EMC uses its base power as much as possible and then compete
with other EMCs to gain additional power. Finally, they introduce a dynamic programming
(DP) [32] algorithm to optimize the timing of appliance operation, subject to the available

power constraints for a household.

Under this mechanism, it is possible to optimize electricity consumption within a home
and also to reduce peak demand within a neighborhood of homes. But DP suffers computa-

tional challenges; it is only suitable for small-sized problems.

Safar and Massoud in [24] study a scheduling algorithm for appliance operation to mini-
mize the electricity bill while meeting the scheduling constraints and available power capacity.
This algorithm relies on a quasi-dynamic pricing model, in which the energy price consists
of TOU dependent base price and a penalty term that penalizes the users when their peak
consumption over some recent time windows goes beyond a predetermined threshold. Both

non-interruptible and interruptible situations are considered.

Suppose there are K appliances with two sequential power modes. Let Iy, and Py,
represent required operation time and power consumption of appliance k£ when it is in power
mode m, respectively. Total power consumption at time ¢ is denoted by p(¢). In the non-

interruptible satiation, p(t) is written as:

K | Prof(t, ag, ar + Ixo)+
p(t) =)

(1.3)
k=1 \ Perf(t,ak + Ipo, an + Ipo + Ik 1)

where ay, is the start time of appliance k, and f(t, a, b) is a pulse function, i.e., f(¢,a,b) =1
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if appliance is on during time interval a <t < b, otherwise f(t,a,b) = 0. The quasi-dynamic
energy price is defined as C(t)R(p(t)), where C(t) is TOU-based price, and R(p(t)) is the

penalty function, with o and pg being predetermined constants:

Rp) =4 LT PO (1.4)

17 p(t) SpO

Therefore, the task is to schedule start time for various appliances to achieve:

S0 P oC(E) R(p(t)) i+

K
i\ et g C(OR(p(t) )t

a

(1.5)

subject to

sp < ag, ap+Ipo+ Iy <er, p(t) < Puax (1.6)

where s; and e, denote allowed starting-time and deadline of appliance k, respectively, and
Pax is the power capacity. This nonlinear optimization problem is solved by Sequential

Quadratic Programming (SQP)[33].

In the interruptible case, appliance k can complete its task of power mode 1 in L;, distinct,
non-overlapping task fragments. When appliance K resumes working on its task, it takes
Iy o < Iip time to restart. From another angle, appliance £ is divided into L; appliances. It
equates to increase the number of appliances from K to Y.+, Ly, with additional constraint
on internal order of L, sub-tasks for appliance k. It is also solved by SQP. Furthermore, the
authors discretize this optimization problem considering only a single power mode for each

appliance. Dynamic programming is used to solve it.

This solution possesses two advantages. Firstly, the penalty term in the energy price
contributes to flattening the demand curve. Second, this scheduling algorithm is readily
extended to the situation where appliances have multiple power modes of operation. Never-
theless, it requires to know in advance, the characteristics of all appliances that request to
be scheduled. It is hard to learn which appliances would be used, because the user selects

an appliance randomly. The algorithm elaborated below studies this issue.
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A Consumer Automated Energy Management System (CAES) is proposed in [34], inspired
by a fact that few users are willing to continuously make a sequence of decisions to defer
or advance using a device, especially when it has limited financial impact on them. Users
just select devices indicating their desires to run them, then CAES schedules when to run
the devices and how much energy will be allocated, with the objective of minimizing the
sum of: the time average financial cost of energy consumption, and the time average dis-
utility to the user for delaying operations of the selected devices. Fig. 1.5 shows CAES,
the time is discrete. The user has M devices. The demand request vector z(t) € R} and
energy price p(t) € R, are taken as inputs. Both of them are modeled as Markov chains
with unknown transition probability distributions. At time ¢, if device m is selected, then
Zm(t) = Ym, where 7, is the required energy to operate it. Otherwise z,,(t) = 0. The output
is u(t) € RY. The value of u,,(t) is the energy allocated to device m at time ¢ and it may
be less than its pending energy requirement. So the pending energy backlog x(t) € Rf is
created according to:

z(t+1) =x(t) + 2(t) — u(t) (1.7)

Next, define an auxiliary vector satisfying y(¢t + 1) = 0y(t) + (I — 0)x(t), where I is identity
matrix and 0 < 6 < [ is a diagonal matrix. Further, define a dis-utility function U,,(y(t)) €
R, reflecting user’s dissatisfaction with device m of waiting. The term 6 parameterizes the
dis-utility function. When 6 ~ I, user cares about the average delay of completing a device
operation. But when 6 = 0, users care about the delay associated with the device currently
selected. Let us denote the state vector by Q(t) = [x(¢);y(t); 2(¢); p(t)], the goal is to find

optimal u(t) that minimizes infinite time cost, with initial state (q:

Vats) = Jim B33 { 3 ((0hun0) + 3T (15)

t=1 m=1

where A > 0 gives the tradeoff between the financial cost and dis-utility cost, and 0 <
v < 1 indicates that the user is more concerned about the immediate cost. Bellman’s
equation describing optimality condition for such Markov Decision Process [35] provides a
solution. However, the Markov transition probabilities for z(¢) and p(¢) are unknown, the
value function in the Bellman’s equation is difficult to solve. CAES uses an online learning

method termed Q-learning [36] to estimate it.
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CAES factors in the statistical impact of future prices and the correlation between devices
selected by the user. However, the assumption of requiring z(¢) and p(¢) to be Markov chains

is still an over-strict hypothesis in some applications.

1.2.3 Operation Cost of Electric Utility Reduction

Stephane and George in [37] aim at reducing electric utility’s operation cost during 7" periods
by scheduling the start time of user demands. Suppose user n has a demand characterized
by (dn, 7w, $n), where d,, and 7,, denote instantaneous power consumption and the duration
of completing this demand, and 0 < s, < T — 7, is the flexible start time. It assumes that
once the demand service is started, it cannot be interrupted until it is finished. Thus the

total instantaneous load at time ¢ is:

)\(t) - Zn dn1{57L§t§5n+Tn} (]‘9>

Consider a ramp cost function for the electric utility:
Cr(A\#)) = Co+ C1(A(t) — L)* (1.10)

where Cy and () represent the base cost and the overage rate. It implies that the energy
generation cost equals the base cost if the total load is below a threshold L, otherwise it
needs extra cost which is linear with the overages. Thus, the overall cost of the electric

utility becomes:

GChamp = o MEYCL(A(D))dt

(1.11)
= Co X, dnTn + Cy Lo M) (M) — L) at

Since the problem of minimizing GCgmp is NP-hard, the authors studied and compared
different approximation methods based on how much information shared among users:

1) Users know demand characteristics of each other and exchange observations in a timely

manner. According to game theory, if the electric utility charges user with b; which is propor-
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tional to both the energy he consumed and the global cost, e.g., b; = d;7;/>",, dTy X GCpamp,
user will update its strategy to minimize G'Ciqpmp, under given strategies of other players.
Authors approve the best strategy for user i is to schedule his job at a time minimizing

JoT Yy dy®;(t)dt, where ®;(t) is the probability of the job j being active at time ¢.

2) Users do not share information with each other for privacy reasons, but they know the
instantaneous total load. Inspired by ALOHA protocol [38], at each period, un-scheduled
user first judges whether it is his last possible scheduling slot. If so, it starts the demand
immediately. If not, it starts the demand with probability p; if the total instantaneous
load currently adding his instantaneous power consumption is still below the threshold L,
otherwise with probability ¢;, 0 < ¢; < p; < 1. Authors also discuss two variations of
ALOHA strategy.

3) There is no communication among users, but it assumes all customers have the same
demand characteristics. In this situation, the best strategy for each user is choosing the

start time of its demand uniformly at random.

Simulation results confirm that the strategy with more knowledge setting performs bet-
ter, exactly as our intuition. This literature offers instructive solutions for addressing such
problems. However, it takes fixed threshold L in the cost function, which means integration
of renewable energy sources is not considered. Because of uncertainties of renewable energy

sources, it would thus be interesting to study the problem with time-varying threshold L(t).

Soumyadip et al. in [29] also aim at reducing operation cost of the electric utility but
from another perspective. They consider the electric utility has a basic generation capacity,
and energy is purchased from the wholesale market in case of shortage. It encourages users
to reduce their demand by paying them rebates. Therefore, the operation cost of the electric
utility is comprised of rebates paid to all the users and the cost charged by the wholesale
market. Rather than simply providing all users with the same rebate contracts, they design

a customized, time-varying rebate plan for each user to achieve a minimal operation cost.

Firstly, a single-period situation is studied. Each user reduces its demand according to

demand reduction function f;(a;, r;), where r; is the per unit rebate of demand reduction for
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user ¢ , and a; reflects willingness of user ¢ to reduce demand. Next, they consider a more
complex multi-period problem. It is similar to single-period case, but it allows shifting some
demand from one period to subsequent periods based on certain rule. Therefore the actual
demand level before rebate at time ¢t should take into account the demand shifted from time

1o t—1.

Indeed, demand reduction equates virtual generation. Besides, the fluctuation of demand
corresponds to the uncertainty in renewable energy generator, although they may not be
equivalent. This solution provides thought for transaction among users who have installed

renewable energy resources.

Albert et al. published a series of results [39, 40, 41, 42] on demand side load management
using a three-step methodology. The three steps are:

Step 1: Prediction. A system located at each house predicts the energy demand profiles
for the upcoming day based on historical consumption pattern and external factors like

weather.

Step 2: Global planning of a fleet. Aggregate all the predicted profiles, i.e., schedule the
demand distribution of each household to spread the electricity consumption equally over

the planning horizon, e.g., one day.

Step 3: Local control. Using steering signals from Step 2, a real time control algorithm
decides when appliances are switched on/off, when and how much energy flows from or to

the buffers, and when and which generators are switched on.

The relationship of the three steps is shown in Fig. 1.6. The main concern here relates
to the second step in [41]. To spread the computation and communications, the planning
methodology is organized in a tree structure. The root planner decomposes the desired
energy profile in subparts to his child planners. Again the sub-desired profile is delegated
to lower planners. The planners on the bottom of the tree are directly connected to the
controllers located in the house. To achieve the delegated profile, the bottom planner uses a
local dynamic programming subject to local constraints and a price vector. The price vector

is affected by all the other planners’ planning in the current iteration. Then the steering
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signals are sent to the domestic controllers. Further the domestic controllers generate a
planning for the coming day and feed it back to the planner. On every level, the data is
aggregated and sent further upward in the tree. Based on the mismatch between the planning
and the desired profile, the root planner adjusts the decomposition of the profile, and the
process starts again. This iterative process is organized so that after several iterations, the

resulting profile falls between the lower and upper bound.

Utilizing tree structure, the complex demand planning problem is divided into smaller,
and more easily managed problems that can be computed by dynamic programming in

practice.

Michael et al. in [43] investigate the problem of allocating fluctuant renewable energy to
delay tolerant demands, using the Lyapunov optimization technique [44] initially developed

by themselves for dynamic control of queuing systems in wireless networks.

The time is discrete. During each timeslot ¢, the renewable resource provides s(t) units
of energy, the amount of energy requested is a(t), and the price of purchasing energy from
wholesale market is y(¢). All the three are assumed time-varying and unpredictable, and
bounded by constants Syax, Gmax, Ymax, respectively. It also assumes that no storage is consid-
ered, i.e., s(t) must either be used or wasted during period ¢. Energy demands are buffered
in a queue and served in a First-In-First-Out (FIFO) manner. Denoting x(t) as the amount
of energy purchased from wholesale market, the total amount of energy requests pending in

the queue on timeslot t is updated according to:
Q(t+ 1) = max[Q(t) — s(t) — x(t), 0] + a(t) (1.12)

The goal is to choose z(t) minimizing the expected time average cost experienced by the
electric utility, i.e.:
min  Jim S0 E((0(t)
st lim 3 B{Q(7)} < o0 (1.13)
0<z(t) <zpax Vi

The first inequality is a constraint on the expected time average queue backlog. Introduce a
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virtual queue Z(t) with Z(0) = 0:
Z(t) = max[Z(t) — s(t) — z(t) + aligu)>o01- (1.14)

Following Lyapunov optimization technique [44], define Lyapunov function L(O(t)) = 1[Z(¢)*+
Q(t)?], where ©(t) = (Z(t),Q(t)). Then the conditional 1-slot Lyapunov drift is:

AO(1) = E{L(O(t + 1)) = L(©(1))[6(1)} (1.15)

The control algorithm is designed to observe s(t), a(t), v(t), Q(t) and Z(t), then to choose

z(t) to minimize a bound of the following equation on each timeslot ¢:
A(O(1)) + VE{y()=(t)|O(1)} (1.16)

where V' is a positive parameter that affects tradeoff between time average cost and delay.

It is intuitive to compute:

AO(1)) + VE(()a(0]O(1)} < B+ VE{y(1)a(1)|O(1))
+QEa(t) - s(t) — x(1)|O(1)} (1.17)
+ Z()E{0 — s(t) — z(t)|O(t) }

2 2 2 2 . . . . . . . .
where B = (Sma"+xm§") Tomax max[(sma";zmax) "] Obviously, minimizing this bound is equiv-

alent to solving the following optimization problem in every timeslot ¢:

min  2()V (1)~ Q(1) ~ Z(1) s
s.t. 0<z(t) < Tmax
Thus the solution of z(t) is given by:
sy = | o Q)= maxls() 4200, V0) = 20) o
min[Q(t) — s(t),0], otherwise

It has been approved that all energy requests are fulfilled with a maximum delay D,.. =

(2V Ymax + Gmax + 0)/0, while the expected time average cost of the electric utility satisfies



20 CHAPTER 1. DEMAND AND RESPONSE IN SMART GRID

IYELE{yv(#)x(t)} < ¢t + B/V, ¢* is the infimum time average cost without consideration
of delay constraint. The parameter V' can be tuned to provide average cost arbitrarily close

to optimal, with a tradeoff in delay.

The proposed Lyapunov optimization does not need a priori statistical knowledge of the
supply, demand and market price. It is very useful in smart grid with unpredictable demand
and renewable energy generation. It also provides broad space for the research, since some
assumptions in this model could be improved, e.g., energy demand should be served first

with highest priority, instead of in a FIFO manner.

1.2.4 Social Welfare Maximization

Pedram et al. in [22] not only consider the profits of users or electric utility, they also focus
on social welfare. From a social fairness standpoint, it is desirable to utilize the available
energy in such a way that the sum of all user-utilities is maximized and the cost imposed on

the energy provider is minimized.

Suppose there are N energy users and one energy provider. The planning time is divided
into K timeslots. Denote the energy consumed by user i in time slot k by z¥, and the energy
offered by the provider is L*. Both ¥ and L* have to fall into a pre-determined interval.
Also, the minimum generation capacity should always cover the minimum requirements of

all users, i.e., LM = 3,y m¥, Vk € K. The social welfare optimization is stated as:

maximize Y {3 U(al, wF) — Cp(L¥)
mF<ab<MF, keK |ieN
L?inst SLI}:’)&X

subject to  Y,ena¥ < LF, Vke K

(1.20)

where Ci(L¥) is a cost function that indicates the cost experienced by the energy provider

offering L* units of energy, and U (z¥, wF) is a utility function representing user’s satisfaction
k

level of consuming x¥ units of energy while meeting its preference wf. Quadratic utility
function and quadratic cost function are used. Clearly, (1.20) could be solved independently

for each time slot. Let A* denote Lagrange multiplier, and the dual optimization problem
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for timeslot k is written as:

minimize D(AF) = 2 BF(AF)+S,(AF) (1.21)
AF>0 ieEN
BF(\*) = maximize U (2}, wl) — \¥2¥ (1.22)
mk <zk<MF
Se(\") = maximize A*L* — Cy (L") (1.23)

p k .
LII:HD SL SLGdx

It is observed that D()\¥) is decomposed into N separable subproblems in form of (1.22) that
can be solved by each user and another subproblem in form of (1.23) which could be solved
by the energy provider. Using sub-gradient method [45], during each timeslot k, each user i
estimates his power consumption z¥ through iterative computation, and the energy provider

determines generation amount L* and the Lagrange multiplier A\*:
Step 1: The energy provider initializes L¥ and A* randomly and broadcasts A* to users.

Step 2: Each user updates his consumption value ¥ by solving (1.22) based on received
value of \¥ then transmits the estimated value of z¥ to the energy provider; The energy

provider computes the generation amount L* by solving (1.23) based on the value of A\*.

8D(/\’“)]+

X : k : k _ [\k
Step 3: The energy provider updates the value of A, according to A" = [A\* — y%53%

upon receiving ¥ from all users, where « is pre-determined step size. Again, broadcasts

updated \* to users.
Step 4: Repeat Step 2 to Step 3 until predefined precision is achieved.

Interestingly, (1.22) is the welfare that the user searches for, while (1.23) is the profit that
the energy provider attempts to achieve. In fact, if the energy provider charges the users
at a price \**, i.e., the solution of the dual problem, the computed optimal consumption

amount x¥* maximize the welfare of user i, and L** maximizes the profit of energy provider.

Mardavij et al. in [25] investigate a similar problem. The difference is that they consider
distributed energy suppliers with different retail prices, instead of a single provider. Besides,

energy transmission is taken into account.
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Suppose the power system is composed of n buses (nodes), r transmission lines and m

energy providers. All loads connected to one node are treated as a homogeneous demand.

The goal is to find optimum demand vector d = [dy, - - -, d,,|T, supply vector s = [s1,- -, 8|
and line current flow vector I = [I,-- -, I]T so that social welfare W (s, d) is maximized:
maximize W (s,d) = i u;(dj) — Enj ci(si)
j=1 i=1
subject to Ks+ EI=d, RI =0 (1.24)

- Imax S I S Imax; Smin S S S Smax

where K € {0,1}™™ E € {—1,0,1}"*", and R € RP*" are matrix describing the transmis-
sion grid. They are matrix aggregating the output of several suppliers connected to one node,
graph incidence matrix and loop-impedance matrix. Thus, Ks + EI = d and RI = 0 ac-
count for Kirchhoff’s current and voltage laws (KCL and KVL), respectively. Utilizing dual
formulations which are similar to (1.21)-(1.23), we can easily draw the conclusion that a set
of Locational Marginal Prices (LMPs) emerge as Lagrange multipliers corresponding to KCL
constraints. The Independent System Operator (ISO) is in charge of computing the LMPs,
and users and producers take actions after receiving LMPs messages in order to maximize
their individual profit. However, ISO may not know user utility functions for privacy reasons.
On the other hand, if d is fixed, social welfare function becomes W (s,d) = >7 ¢;(s;). In
this case, ISO can derive LMPs without knowledge of user utility functions. This motivates

authors to present an alternative solution:

Step 1: Before each period t, ISO computes the LMPs Ay = [A4, - -,)\n,t]T based on
forecast demand that is of the form d;; = ZA?t(du,l, <o dig—1-r), L = 1,---,n. Then ISO

announces retail prices m = [my4, - - - ,Wnyt]T, which correspond to following equations:

m =1 (5\t7 7~Tt—1)
:\t = [Ata T )‘t—T] (125>

Mg = [7Tt—17 T :7Tt—1—T]

Step 2: Upon receiving m;; from ISO, user [ adjusts its energy consumption during [¢, ¢+41]
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according to:

d;+ = arg max ui(z) —mpx, l=1,---,n (1.26)

Step 3: During [t,t + 1], producers match all the demand.
Step 4: Repeat Step 1 to Step 3 for next period.

The authors have proved that this method converges to a small neighborhood of solution

of (1.24).

Both results in the two literatures above achieve a market equilibrium point which satisfies
the following criteria: 1) maximizing welfare for each generating unit; 2) maximizing profit

for every individual consumer; 3) maximizing social welfare.

Clearly, market equilibrium is significant. Another research group discusses two analogous
market models in [26]. One considers demand shaping by subjecting customers to real-time
spot prices and incentivizing them to shift or even reduce their load, which is similar to the
technique in [22]. The other designs a DR method to match a deficit supply by shedding
users’ energy consumption. In this model, the user who sheds its energy consumption is
equivalent to an energy generator, while the deficit of supply is viewed as demand. A similar

analytical approach of market equilibrium is adopted.

In addition, Arman et al. in [27] focus on perturbation analysis of market equilibrium in
the presence of fluctuations in renewable energy resources and demand. They firstly analyze

the overall market equilibrium formulation under nominal conditions.

They model the overall electricity market similar to [22, 25] above, including three com-

ponents:

1) Generation modeling. There are Ng generating units, and the production of unit i is
divided into Ng, power blocks. Denote the production and associated linear operation cost

of power block b in unit 7 by P, and )\gib, respectively. For generating units, the goal is to
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maximize the overall profit p, which is stated as:

N, Ng.
Po =Dy 2y (Pat) = AG,) e (1.27)

where p,,(;) is the LMP of unit ¢ which is located at node n in the power network. The power

production should be subject to the maximum available constraints.

2) Consumption modeling. There are Np users owning several consumers for each. Let
Pp,, and )\%jk represent the power consumed by consumer k of user j and corresponding
linear utility, respectively. The consumption modeling aims at maximizing user welfare u as

follows:
w= 3 S0 O = pa)P (1.28)
T 2ujm1 Zap=1 \MDjp T Pr()) Dk '

subject to both minimum and maximum energy consumption requirements of users.

3) ISO modeling. 1t is responsible for maximizing social welfare s i.e.:

Np Npj yU Ne Ne;, yc
s = ijl Yo AD, Poy =0 0>, e, Py, (1.29)

subject to several constraints, including power flow balance in each node and power line

capacity.

In the energy market model above, the decision variables are Pg,,, Pp, and p,u. As
mentioned previously, LMPs relate to Lagrange multipliers corresponding to power flow
balance constraints in ISO model, p,; can be viewed as fixed values in both generation and
consumption modeling. So the three models are linear programming problems. Therefore,
the three sets of Karush-Kuhn-Tucker (KKT) optimality conditions are both necessary and
sufficient for describing overall market equilibrium. In addition, the three KKT sets result

in a Mixed Linear Complementarity Problem (MLCP).

Further, they introduce uncertainties AG;;, into generators, as Pgib = Pg, (1 — AGy).
For demand fluctuation, let a control parameter 0 < rp, < 1 denote the response of the
consumers to change in the Real Time Price so that ijk = Pp,, (1—k Djk)' Replace Pgib and

Pp,, with Pg, and Pp,, in the three sets of KKT optimality conditions, respectively. Using
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properties of MLCP, the authors have proved that these perturbations lead to a limited shift

off the equilibrium in nominal conditions.

1.3 Summary of the DR Methods and Future Directions

This section summarizes recent DR results in Table 1.1. Each has strengths and weaknesses.

We will analyze these strengths and weaknesses, and discuss future research directions.

The advantages in the customer profit optimization group are mainly embodied in two
aspects. Firstly, the decision variables under this category are either scheduling the operation
timing of requested appliances or computing demand distribution over time. Both imply
that power consumption spreads throughout the time, which helps to avoid a demand peak.
Secondly, although the goal is to optimize the profit of customer and users are always selfish,
some reasonable steps are taken to limit this selfishness, e.g., authors in [24] restrict maximum
available energy for user. However, most results only consider the individual user with several
appliances. In fact, interactions among customers are very important to both customers and
the whole system, especially when distributed renewable energy resources are increasingly
integrated. For example, the user with redundant energy can upload its extra energy to
the grid to share with others. Authors in [23] design a channel competition mechanism to

compete with neighborhood for the power, providing a good example.

We observed that DR methods in operation cost of electric utility reduction group possess
the first advantage in customer profit optimization group. Particularly, the result in [43] can
deal with a situation where both demand and supply are stochastic, although the model is
simple. Because they focus on the cost of electric utility, the profit of customer cannot be
guaranteed. As mentioned previously, DR methods in social welfare maximization category
can achieve market equilibrium. They also consider interaction among users and generators.
Unfortunately, only social welfare in a single period is discussed. Indeed, social welfare in

the long term makes more sense.

According to the analysis above, an ideal DR method should possess the following proper-
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ties: 1) achieving electricity transaction among customers; 2) spreading energy consumption
throughout time; 3) balancing the welfare for both users and electric utility. Thus, further

research could focus on two aspects:

1. Fast distributed DR solution. Because of privacy reasons and large information flow
of centralized solutions, the user with redundant energy should locally decide whether
to upload its extra energy to the grid to share with others or satisfy its other demand
in advance. Similarly, the users who are short of energy compute when and where to
purchase the energy. It is also related to distributed energy routing problems in the
transmission grid. Besides, the fluctuations of both demand and renewable supplies
require that the distributed DR method possess the property of fast convergence. This
also helps to stabilize the power system quickly to avoid cascaded failure when there is

a failure in one of the transmission lines.

2. Long-time average social welfare optimization. The ultimate goal of DR method is to
flatten the demand curve over a long time. So it should consider demand shifting on the
time axis, i.e., delay or advance starting the appliances. On the other hand, the social
welfare introduced in a previous section should be the key point of DR research. Only
in this way do both energy producers and energy customers become participants in DR.
Therefore, the DR method that focuses on long-time average social welfare optimization

will be an interesting topic.

1.4 Conclusion

In this chapter, we have surveyed the state-of-the-art of DR in smart grid. According to
the different taxonomic approaches, the DR algorithms can be classified into several groups.
This chapter focuses on a classification that is based on the optimization objective. A
representative number of DR methods have been stated, which belong to the customer profit
optimization category, operation cost of electric utility reduction category and social welfare
maximization category. Finally, according to the analysis on strengths and weaknesses of

each DR category, we believe that fast distributed DR solutions and long-time average social
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welfare optimization problems are the two research directions for DR in smart grid.
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Table 1.1: Summarization of Demand Response Algorithms.
Optimization Scheduling Energy Constraints Solution
Objective Variables Price
weighted electric | demand distribu- | proportion to | no congestion
charge (user) tion over 24 times- | total load game
lots
difference of elec- | hourly energy con- | provided by | no Particle
tric charge and | sumption of appli- | energy market Swarm  Opti-
utility (user) ances mization
sum of electric | operation timing | provided by | compete for avail- | Dynamic Pro-
charge and delay- | of requested appli- | energy market | able energy, de- | gramming
ing cost (user) ances mand deadline
electric charge | operation timing | proportion to | available energy, | Sequential
(user) of requested appli- | total load demand deadline Quadratic
ances Programming
sum of infinite | the amount of | Markov chain | no Dynamic Pro-
horizon  electric | energy allocated | with unknown gramming, Q-
charge and delay- | to pending devices | transition learning
ing cost (user) over time probability

energy generation

operation timing

not involved

demand deadline

Game method;

cost (electric util- | of requested appli- ALOHA; ran-
ity) ances dom selection
sum of energy | time-varying provided by | no Steepest  De-

purchase cost and
rebates to users
(electric utility)

rebate of each

user

energy market

scent method

tions in suppliers
and demands

bound; KCL and
KVL; power line
capacity

flatten the de- | demand distribu- | proportion to | local constraint Tree structure
mand curve | tion over time total load
(electric utility)
time average cost | the amount of | unpredictable | bounds of demand, | Lyapunov Op-
of purchasing en- | energy purchased renewable supply, | timization
erg)y (electric util- | over time and energy price
ity
|| social welfare amount of energy | Lagrange generating capac- | Subgradient
consumption and | multiplier ity; demand bound | method
generation
|| social welfare amount of energy | Lagrange power line capac- | alternative so-
consumption and | multipliers ity; generating ca- | lution based on
generation pacity; KCL and | Subgradient
KVL method
|| social welfare amount of de- | Lagrange fixed total demand | Subgradient
mand reduction multipliers reduction method
|| social welfare perturbation anal- | Lagrange generating ca- | KKT optimal
ysis with fluctua- | multipliers pacity; demand | conditions
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Figure 1.1: Taxonomy of traditional DR methods.
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algorithms in Smart Grid
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Figure 1.2: Taxonomy of DR algorithms in smart grid
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Figure 1.3: Model a power grid system to a directed graph.
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Figure 1.4: A case study in [28].
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Figure 1.5: CAES energy management system.
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Figure 1.6: A three-step optimization methodology for demand side load management.



