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Abstract—Demand response (DR) will be one of the most
important components in future smart grids. DR in a smart grid
can reduce peak load and adapt flexible demand to generation
fluctuations. Although DR reduces the energy bills for consumers
of loads, the utility will also be reduced because of the load
reduction. Centralized and distributed control algorithms have
been proposed to minimize the utility loss for the consumers, while
achieving the load management target. We propose a multi-level
distributed load optimization system that serves this purpose. The
optimization problem is formulated and solved using primal-dual
decomposition. When the number of consumers in the system is
very large, an event-triggered method is used to guarantee system
performance by reducing the communication frequency.

Index Terms—smart grid, demand response, event-triggered
control, optimization.

I. INTRODUCTION

A smart grid is an intelligent network that makes use of
advanced information, control and communication
technologies and has the ability to integrate traditional
backbone power grid with renewable generation resources
with high uncertainties. Comparing to traditional power grid
it has increased reliability, energy security and transparency,
reduced cost and carbon footprint, along with improved
stability and flexibility. In electricity grids, demand response
(DR) is a mechanism for achieving energy efficiency through
managing customers’ electricity consumption pattern in
response to changes in generation/electricity supply
conditions. For example, having end users to reduce their
demand at critical time periods when there is a demand
response event. In smart grids, the role of demand response is
more important because of the ever increasing penetration of
distributed generation and the availability of two-way
communication between energy provider and the consumers.
On the other hand, the high uncertainty that comes with
renewable power resources such as wind and PV has posed
great challenges in demand response system design. New
optimization and control technologies are required to
accommodate these difficulties. This explains the recent
surge of interests in demand response studies in both industry
and academia [1, 2]. As pointed out in many studies, there
are severe limitations with state of the art building demand
response control strategy. For example, distributed load such
as plug loads are becoming a large fraction of building energy
growth, if they are included, demand response capacity can
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be tremendous increased.

However they are usually not considered in current
demand response practices. Consequently, the potential of
demand response is strongly constrained since the possibility
to dynamically accommodate weather change on building
energy usage during demand response event is limited. This
not only decreases loads’ shedding capacity utilization but
also degrades the productivity of some of the building
occupants. Motivated by this, we study the dynamic building
demand response with the consideration of distributed loads.
A multi-agent demand response structure is proposed, where
the decision making is distributed to local agents, which
summarize and manage the distributed loads around it. There
is a master decision maker which generates proper signals to
send to the lower level demand response agents. The local
agent then react to these signals or demand response events
following market mechanisms like in [19], [7] through
bidding to decide load shedding scheme. Unlike previous
works, we consider the problem of maximum utilization of
communication capacity in this system. For example
consider two cases: 1). when there are one top-level decision
maker but many agents; 2) when the system has many plug-in
appliances and relatively few agents. This requires each agent
to represent a large number of distributed loads. In both
situations, the communication load at the central node
(top-level decision maker in the first case and agents in the
second) is very high. We propose a distributed optimization
using event-trigger formula [11] to reduce the
communication load. The idea is to reduce the number of
message transmissions by eliminating un-necessary ones.

Il. RELATED WORK

Demand response is receiving fast increasing attention
these days and is becoming an integral part of the power
system and market operational practice [2]. In [9] the authors
presented and analyzed case studies of different electric
utility programs. Implementation of advance metering
infrastructure and other smart grid technologies further
increase the utilization of demand response resources in
planning and operation [17]. In [12] the authors discussed the
control strategies regarding Heating Ventilation and Air
Conditioning (HVAC) system to optimize electricity expense
and still maintain users’ comfort level. In [8] the authors
investigated the use of demand response control strategies in
commercial buildings. Event-triggered control [13, 18] and
optimization approach was originally developed in the study
of networked control systems [10, 14]. It is closely related to
the research on control with limited information or unreliable
feedback channel [4, 5, 15, 16].
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I1l. PROBLEM FORMULATION

A. System Structure

In this paper, we consider a demand response system with
hierarchical structure. A central decision maker receives
demand response events from utility and based on that
controls those centralized appliances, e.g. central lighting,
HVAC, etc. There are also multiple agents that aggregates
plug appliances and provide control interfaces to the central
decision maker. These agents have distributed sensors and
can directly control the plug-in appliances. Therefore, the
agents form an additional layer between top-level decision
makers and the lower level plug-in appliances. The system is
illustrated in Figure 1.
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Fig.1 System Structure

We consider the interaction between top-level decision
maker and the agents, an optimization problem is formulated
and the objective is to minimize the cost of load shedding.
The cost is a customized function describing the agent’s
comfortable level under a given load shedding plan.

B. Cost Function Structure

The cost function gives a measure of satisfaction of
consumers. It is not easy to quantify in an accurate manner
because different consumers have different preferences on
different appliances depending on their activities or time of
day. Therefore a mathematical formula of consumer
preference should be time-varying, nonlinear and
case-by-case. But such a function would be difficult to handle
in optimization. Here we use a simplified cost function that
approximately reflects consumer preference. We assume
each controllable appliance has a cost function that is
time-invariant. We also assume that all consumers have the
same cost function. One rule of thumb is, during a demand
response event, if the consumer decides to reduce power
consumption by turning off an appliance, his corresponding
loss of satisfaction should be reflected as a positive cost of
the appliance when the power reduction is positive, and
increase with the power reduction. Therefore, the cost is a
non-decreasing function of power reduction. Following [10]
we choose a continuous cost function:

fls) = as + bs? 1)
In real-world applications, although the power shedding =

1S continuous, it is not the case that consumer’s comfort level
can always be quantified as continuous value. For instance in
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a refrigerator, although the average temperature inside is
changing continuously with the power consumption, any
temperature within the range of the optimal temperature for
the food has no difference [11], however, any temperature
outside the range is not acceptable. In this work for
convenience of mathematic treatment we assume that the cost
function is always continuous. For examples such as the
refrigerator case, the discrete cost function can be
approximated by convex combination of continuous
functions.

C. Optimization Problem Formulation

Assume a demand response scenario with = distributed
agents and the total load reduction target 5 provided by
higher level demand response controller. The cost function of
agent i is denoted by f (s;) where s; represents the load
reduction of participant i .The objective of the demand
response control system is to minimize the summed cost
function of all the agents (participants of the demand
response program) while still meeting the specified demand
response target. This optimization problem can be expressed
in equation (2)

rr;i_ﬂEELlﬁ-{si]
st s =5 L;<s5=U;i=12 ..n (2)

where L; and U; are the upper and lower bounds of load
reduction of agent i. respectively. Note that the objective
function is in the form of summation of individual cost
functions.

IV. DISTRIBUTED OPTIMAL DEMAND RESPONSE

In this section, distributed algorithm for solving the
optimization demand response problem in equation (2) is
introduced in Section 4.1. Event-triggered version of the
distributed algorithm is described in Section 4.2 that can
generate  optimal  solution  with  much  reduced
communications between central decision maker and agents.

A. Distributed Optimization

There are many ways to decompose the optimization
problem in equation (2) and solve it in a distributed manner.
Consider a two-level control strategy: the central demand
response decision maker does not know the cost functions of
each agent. The agents need to report the parameters of its
cost function to the central decision maker and wait for a
decision. Since the agent also is an aggregator which knows
the total cost function of its sub-agents (through their
reported parameters), it can further decide the load reduction
plan for its sub-agents. In this hierarchical distributed control
structure the information flowing from bottom to top is about
the parameters of cost functions, while the information
flowing from top to bottom is the load reduction plans. In
order to determine the optimal load reduction for all agents,
each agent should generate its cost function according to cost
functions of the corresponding sub-agents. Meanwhile, for a
load reduction target assigned to an agent, it should minimize
the total cost for its sub-agents in order to allocate the load
reduction to each subagent.
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The most usually used method of solving the optimization
problem (2) is to treat it as a special case of the Network
Utility Maximization (NUM) problem [2], which has the
following formula in general:

maxt(x) = T, fi(x),
st Ax =0 x=0i=12.n 3)

where x = [x; x;..x,] is a vector of decision variables, it
can be solved using the dual decomposition algorithm [17].
The algorithm examines the dual of the problem (3),
expressed as

gﬂafrgl{zfnﬁ(xi] —pT(Ax—U) st p=0 (4)

where # = [y pz - B ]is a vector of Lagrange multipliers
corresponding to the constraint Ax = I . The recursive
algorithm that generates a sequence of load reductions for all
agents {x[k]} and link prices {p[k]} (k is the time indices)
that asymptotically converges to a solution of (4) can be
adopted from NUM literatures such as [17]. For a given
initial condition x[0] and #[0], the update procedure is

xilk+ 1] = argmax{f; Gr;[k]) — x;[k] Z; p; [K]}

(5)
pi [k +1] = max{0, p; [k] + u(E; x;[k] —¢))

(6)

Note that this is a totally distributed algorithm: equation (5)
is executed at the agent and equation (6) is executed at the
central decision maker.

B. Event-triggering and Communication Reduction

Event-triggering is an algorithm developed originally in
control society for wireless networked control systems
(NCS). The idea is to transmit message in the network only
when it is “necessary”, as defined by the violation of some
state-dependent inequalities. With event-triggering, the
number of transmissions are reduced but the closed loop
control system can still be stable [6, 9, 15]. This idea has also
been applied for NCS with a large number of distributed
agents [11, 18, 20]. In [17] it is proposed to use
event-triggering idea to solve NUM on sensor networks
based on primal-dual decomposition. In this section we adopt
the algorithm there for our problem (2) to achieve the
communication traffic reduction objective.

In our case the topology is simpler than the NUM problem.
Unlike regular update laws in (5) and (6), the event-triggered
distributed update algorithm is implemented as follows:

Step 1: the discrete update law law (5) and (6) are replaced
by their continuous time version (in the form of differential
equations), respectively;

Step 2:Based on the continuous time updates, a pair of
events are designed g; (x;) = 0, B; () = 0 are designed;

Step3:The real-time value x;(t) keep changing according
to the continuous update law, when the inequalities about x;
is violated, the current value of x;(t} is sent to the central
decision maker. Similarly, only when the inequalities about
p; is violated, the current value of p; (£} is sent to the agents.

V. EXPERIMENTAL RESULTS

In the simulation, the cost functions of the devices (loads)
are modeled to be quadratic as in (1). The test case includes 3
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agents, the cost functions are provided in Tab. I, and total
load reduction requirement is 300W. The optimization results
of the two-level system are computed from (2) using two
algorithms: one is the regular distributed iteration algorithms
in Section 4.1, the other is the event-triggered algorithm in
Section 4.2. The experiment has shown a 45% reduction in
the number of communications between agents in different
layers. This implies that with a given bandwidth limit of the
communication link in the distributed demand response
system, by applying the event-triggered optimization
method, it is possible to double the number of subagents
without congesting the link.

Table I: parameter setup for the experiment

Agents | Sub-agents | Parameter | Parameterb | U
a (W)
Agentl |1 0.01 0.04 100
2 0.1 0.3 160
Agent2 |3 0.04 0 120
4 0.43 0.1 200
Agent3 |5 0.06 0.21 140

VI. CONCLUSION

In this work we introduced a multi-level demand response
control framework, in each level there are multiple smart
agents that serve as central decision maker for lower level
agents. An optimal demand response problem is posed as
optimization problem with a given quadratic cost model. In
the case when many sub-agents belong to one agent, to
reduce the traffic in communication networks, an
event-triggered  distributed  optimization algorithm s
employed to solve the problem in a networked environment.
Experiments show significant traffic reduction while the
optimization result is the same as classical algorithm.
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