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TRADITIONAL LOAD CONTROL
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Some variations:
◮ Direct load control
◮ Real-time Pricing
◮ Conservation Rates
◮ Etc.

Key feature:

◮ The focus of load control is on the interactions between the utility and eachuser.
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WHAT DOES THEUTILITY CARE ABOUT?

The utility cares about theaggregatedbehavior of all users:

◮ The totalload at each hour.

◮ The peak-to-average ratio (PAR) in totalload demand.

Therefore, the current setting does not seem to be the best choice.
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LOAD CONTROL IN SMART GRID
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In this setting, the users also interact witheach otherthroughmessage exchanges.

Message exchanges can be:

◮ Manual ⇒ Phone, E-mail, etc.

◮ Automatic over atwo-way communication infrastructure⇒ “Smart Grid”.
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OUR FOCUS

To design an autonomousand incentive-basedload control system:

◮ We deployenergy consumption scheduling(ECS) units in “Smart Meters”.

◮ Users should haveincentivesto use ECS units⇒ “Smart Pricing”.

ECS
Subscriber’s

Needs

LAN

Power Line

Appliances

Smart Meter

ECS unit schedules energy consumption of all/most household appliances.
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SYSTEM MODEL: SINGLE SHARED ENERGY SOURCE

We consider a scenario where a source of energy issharedby several users, each
one equipped with an ECS-enabled smart meter.
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Here, we have:

◮ Energy source:generator, step-downsubstationtransformer, etc.

◮ lhn: Power load of usern ∈ N = {1, . . . , N} at hourh ∈ H = {1, . . . , 24}.

◮ Ch(
P

n∈N
lhn): Energy cost at hourh ∈ H as a function oftotal hourlyload.

A.H Mohsenian-Rad (UBC) Optimal Energy Consumption Scheduling January 2010 7 / 25



SYSTEM MODEL: HOUSEHOLD APPLIANCES

For each usern ∈ N , the set of appliances is shown byAn.

For eacha ∈ An, we define

◮ En,a: pre-determined total daily energy consumption required.

Example:En,a = 9 kWh for a PHEV for a 40-mile daily driving range.

Clearly, we have

∑

h∈H

lhn =
∑

a∈An

En,a, ∀ n ∈ N .

We want toshift consumption to reduce PAR,not to reduceconsumption!
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SYSTEM MODEL: SCHEDULING

For each usern ∈ N and each appliancea ∈ An, we define

xn,a , [x1

n,a, . . . , x24

n,a],

wherexh
n,a denotes the scheduledone-hourenergy consumption for appliancea.

The ECS unit’s job is to choose the right values forxn,a for eacha ∈ An.

◮ It should satisfy the users’ needs.
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SYSTEM MODEL: USER’ S NEEDS

To address usern’s needs, we further define

◮ αn,a: Beginningof the time interval that consumption can be scheduled.

◮ βn,a: Endof the time interval that consumption can be scheduled.

◮ γmin

n,a, γmax

n,a : Minimum and maximumscheduled power levels.

For each usern ∈ N , we can definefeasible scheduling setas follows:

Xn =
{

xn |
∑βn,a

h=αn,a
xh

n,a = En,a, ∀ a ∈ An,

xh
n,a = 0, ∀ h ∈ {1, . . . , αn,a − 1} ∪ {βn,a + 1, . . . , 24}.

γmin

n,a ≤ xh
n,a ≤ γmax

n,a , ∀ h ∈ {αn,a, . . . , βn,a}
}

.

wherexn , [xn,a, ∀ a ∈ An]. The ECS unit mayonly selectxn ∈ Xn.
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SYSTEM MODEL: ENERGY COST

Question: Which is the best feasible choice ofxn for each usern ∈ N?

Consider thetotal load in the system ateach hourof the dayh ∈ H:

Lh ,
∑

n∈N

lhn =
∑

n∈N

∑

a∈An

xh
n,a,

We define anenergy cost functionCh(Lh) indicating the cost of generating or
providing energy by the energy source at each hourh ∈ H.

In general, the energy cost function can be different at different hours of the day.

For example, the cost can be less atnightcompared to thedaytime.

The cost can beactualor artificial, i.e., for load shaping.
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SYSTEM MODEL: ENERGY COST

We assume that the energy cost functions areincreasingandconvex
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Figure:Two sample convex and increasing cost functions: (a) Two-step conservation rate
model used by BC Hydro; (b) A quadratic cost function forminga similar shape.
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OPTIMIZATION PROBLEM

Givencomplete knowledgeabout the users’ needs and acentralized controlof
the system, an efficient energy consumption scheduling to beimplemented by
the ECS units can be characterized as the solution of the following problem:

minimize
x1,...,xN

24
∑

h=1

Ch

(

∑

n∈N

∑

a∈An

xh
n,a

)

subject to xn ∈ Xn, ∀ n ∈ N .

(1)

Problem (1) has severalconstraintswhich are encapsulated in setsXn.

Problem (1) is aconvexoptimization problem.

Problem (1) has auniqueoptimal solution if the cost function isstrictly convex.
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DESIGN OBJECTIVE

Solve Problem (1) in adistributedfashion withcooperationfrom the users.
◮ A good pricing modelcan encourage users to cooperate for their own benefits.
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Energy Consumption Game

The system can be modeled as anenergy consumption game.
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PRICING AND BILLING MODEL

Let bn denote what appears on thebill for usern ∈ N at theend of the day.

In general, we would expect two properties to hold in the pricing model.

Property I - The total daily charge should be as high as the total daily cost:

∑

n∈N

bn ≥
24
∑

h=1

Ch

(

∑

n∈N

lhn

)

,

That is

κ ,

∑

n∈N bn
∑24

h=1
Ch

(
∑

n∈N lhn
) ≥ 1.

If κ = 1, then the system isbudget balanced. But usually,κ > 1.
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PRICING AND BILLING MODEL

Property II - We have:

bn

bm

=

∑

24

h=1
lhn

∑

24

h=1
lhm

=

∑

a∈An
En,a

∑

a∈Am
Em,a

, ∀n, m ∈ N .

After reordering the terms, we have

∑

m∈N

bm =
∑

m∈N

(

bn

∑

24

h=1
lhm

∑

24

h=1
lhn

)

= bn

∑

m∈N

∑24

h=1
lhm

∑

24

h=1
lhn

.
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PRICING AND BILLING MODEL

There is only asingle pricing modelwhich satisfies Properties I and II:

bn =

∑

24

h=1
lhn

∑

m∈N

∑

24

h=1
lhm

(

∑

m∈N

bm

)

=
κ
∑24

h=1
lhn

∑

m∈N

∑24

h=1
lhm

(

24
∑

h=1

Ch

(

∑

m∈N

lhm

))

=
κ
∑

a∈An
En,a

∑

m∈N

∑

a∈Am
Em,a

(

24
∑

h=1

Ch

(

∑

m∈N

∑

a∈Am

xh
m,a

))

.

The charge to one user also depends onotherusers schedules!

That explains why it is a game among users.
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ENERGY CONSUMPTIONGAME

We can formally define the energy consumption game among the users as:

Players: Registered users in setN .

Strategies: Energy consumption scheduling vectorsxn for all users.

Payoffs: Pn(xn;x−n) for each usern∈N , where

Pn(xn;x−n) = −bn

= −
κ
∑

a∈An
En,a

∑

m∈N

∑

a∈Am
Em,a

(

24
∑

h=1

Ch

(

∑

m∈N

∑

a∈Am

xh
m,a

))

.

Here,x−n denotes the vector of scheduling variables for all usersother thanusern.
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BEST RESPONSE

Givenx−n, each usern ∈ N tries to maximize its payoff:

maximize
xn∈Xn

Pn(xn;x−n). (2)

This is equivalent to the following:

minimize
xn∈Xn

24
∑

h=1

Ch





∑

a∈An

xh
n,a +

∑

m∈N\{n}

∑

a∈Am

xh
m,a



 .

User/playern can only change the blue part.

Playing according to (2) is calledbest responseplay.
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NASH EQUILIBRIUM

Nash equilibrium is asolution conceptin game theory.

The energy consumption scheduling vectors(x∗
n, ∀n ∈ N ) form a Nash

equilibrium if and only if foreachuser/playern ∈ N ,

Pn(x∗
n;x∗

−n) ≥ Pn(xn;x∗
−n), ∀ xn ≥ 0.

No user/player would try to deviate from a Nash equilibrium.

Questions to be answered:

◮ Does Nash equilibrium always exist?⇒ Yes!

◮ Is it unique? ⇒ Yes!

◮ Do we converge from any initial point to Nash equilibrium?⇒ Yes!

◮ What is the performance at Nash equilibrium?⇒ Optimal!
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NASH EQUILIBRIUM

Therefore, to solve problem (1) in adistributedfashion:

◮ It is enough to use thepricingmodel explained earlier.

◮ The users willautomaticallyfind the optimal solution in agame setting.

Another key difference with traditional load control:

◮ Here, the utility doesnot announce the exact price.

◮ Instead, it announces the function that determines the price.
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SIMULATION RESULTS: SETTING

Consider the following simulation setting:

The number of users is 10.

Appliances withhard energy consumption scheduling constraints:
◮ Refrigerator-freezer (daily usage: 1.32 kWh), electric stove (daily usage: 1.89 kWh

for self-cleaning and 2.01 kWh for regular), lighting (daily usage for 10 standard
bulbs: 1.00 kWh), heating (daily usage: 7.1 kWh), etc.

Appliances withsoft energy consumption scheduling constraints:
◮ Dishwasher (daily usage: 1.44 kWh), clothes washer (daily usage: 1.49 kWh for

energy-star 1.94 kWh for regular), clothes dryer (daily usage: 2.50 kWh), and
PHEV (daily usage: 9.9 kWh), etc.

The ECS units schedule consumptiononly for appliances withsoft constraints.

Cost function is quadratic withhalf priceat night.
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SIMULATION RESULTS: COST AND PAR
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Left: Results without using ECS units, PAR = 2.1, Cost = $86.47.

Right: Results when we use ECS units, PAR = 1.3, Cost = $53.81.
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SIMULATION RESULTS: INDIVIDUAL CHARGES
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Every user will benefit from using ECS units.

Users will have the incentives to participate in ECS program.
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CONCLUSIONS

In Smart Grid, load control is an energy consumption game among users.

The utility may only announce price functions not exact price values.

Distributed best response plays will automatically lead tooptimal performance.

The right choice of the pricing model/function is the key.

Simulation results show reductions in energy cost and peak-to-average-ratio.
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