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Abstract—Microgrid (MG) is a key component for future smart
grid (SG) deployment with high potentials. Balancing the supply
and demand of energy is one of the most important goals of
MG management. In this paper, we explore effective schemes
for quality-of-usage (QoU) guarantees for local residents in an
MG, under randomness in both electricity supply and demand.
The microgrid control center (MGCC) aims to maintain the QoU
blocking probability around a target value by serving or blocking
QoU requests. The problem is formulated as a queue stability
problem by introducing the concept of a QoU blocking virtual
queue. The Lyapunov optimization technique is then applied
to derive an adaptive QoU algorithm with complexity O(1).
Furthermore, the proposed algorithm is an online algorithm since
it does not require any future knowledge of the system. The
stability of the proposed algorithm is proven, and its performance
is evaluated with trace-driven simulations under random QoU
requests. The simulation results demonstrate the efficacy and
robustness of the proposed algorithm.

I. INTRODUCTION

Smart grid (SG) is an electricity network, a 21st century

evolution of utility electricity distribution systems. SG en-

hances the traditional power grid through communication,

computation, and control technologies throughout the pro-

cesses of electricity generation, transmission, distribution and

consumption. A key feature of SG is the two-way flow of

electricity and real-time information through a communication

network, which offers many benefits and flexibilities to elec-

tricity consumers and providers. SG aims to balance the supply

and demand in a timely fashion, to improve energy efficiency

and grid stability. The US 2009 Recovery Act indicates that an

SG will replace the traditional power grid system to improve

energy efficiency and spur the use of renewable energy [1].

Microgrid (MG) is a key component for future SG deploy-

ment with high potentials. Due to the increasing deployment of

distributed renewable energy resources (DRERs), MG enables

localized clustering of renewable energy generation, storage,

distribution, and demands, aiming to achieve reliable and

effective energy supply with simplified SG functionalities [2],

[3]. In Fig. 1, we illustrate the general architecture of an MG,

including an MG central controller (MGCC), one or more

DRERs (such as solar panels or wind turbines) for renewable

energy, a wireless or wireline communication network for

delivery of feedback and control information, local residents,

and commercial entities. The MG is managed and controlled

in a centralized manner by the MGCC [3], which exchanges

information with the local residents via the two-way commu-

nication network. There is a single coupling point between the

MG and the macrogrid. When disconnected, the MG works in

the so-called islanded mode, where the DRERs continuously

supply electricity to the local residents. When connected, the

MG may request extra electricity from the macrogrid or sell

its excess energy back on the utility market [4].
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Fig. 1. Illustrate the microgrid architecture.

Balancing the supply and demand of energy is one of the

most important goals of MG management [2]. In this paper,

we address the problem of guaranteeing the quality-of-usage

(QoU) of electricity for the residents in an MG. The QoU of

residents can be defined as the satisfaction level of using extra

electricity for more comfortable life, such as an excessive use

of air conditioners or entertainment devices [5]. We design

an adaptive MGCC control policy to guarantee the residents’

satisfactory ratio and maintain the stability of the grid. The

electricity generated by renewable sources is generally ran-

dom, due to, e.g., complex weather conditions, while the

electricity demand is also random due to random resident

behavior. It is challenging to identify precise mathematical

models of supply and demand, and it may also be costly to

have precise, real-time monitoring of the supply and demand

processes. Therefore, a simple, low cost scheme that does not

rely on any statistical information of the supply and demand

processes would be highly desirable for MG management.

In this paper, we tackle the problem of QoU provisioning

with a Lyapunov optimization approach, which is a useful

technique for solving stochastic optimization and stability

problems [6], [7]. We first introduce a QoU blocking virtual

queue to transform the QoU control problem into a queue

stability problem. Second, we design an adaptive QoU control

algorithm based on the Lyapunov optimization method and

prove that the algorithm keeps the blocking virtual queue
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stable, which is equivalent to ensuring the QoU satisfaction

ratio and grid stability. The proposed algorithm has compu-

tation complexity O(1) and converges exponentially due to

the inherent property of Lyapunov stability design [8]. It can

be implemented online because it only relies on the current

system status, without needing any further knowledge of the

energy demand and supply processes. The proposed algorithm

is evaluated with trace-driven simulations and is shown to

achieve QoU stability with fast convergence and robustness.

The remainder of the paper is organized as follows. We

present the system model and problem statement in Section II.

The adaptive MG QoU scheduling algorithm is designed and

the stability is proven in Section III. Simulation results are

presented and discussed in Section IV. We discuss related

work in Section V. Section VI concludes the paper.

II. SYSTEM MODEL AND PROBLEM STATEMENT

We consider the electricity supply and consumption in an

MG. Assume the MG is designed such that a portion of the

electricity demand related to basic living usage (e.g., refrigera-

tors and lighting, etc.) can be guaranteed by the basic capacity

of the DRERs. There are randomness in both electricity supply

(e.g., due to weather or wind speed changes) and demand (e.g.,

more entertainment related usage in weekends). To cope with

such randomness, the MG works in the grid-connected mode.

Specifically, the residents send their demands, and the

DRERs send their supplies to the MGCC via the communi-

cation network. The MGCC then accumulates the individual

feedbacks to obtain the total demand and supply. The MGCC

identifies an QoU request when the total demand exceeds the

supply. Greedily satisfying all the excessive QoU requests,

i.e., by purchasing electricity from the macrogrid, may cause

large load fluctuations to the macrogrid and be harmful to

grid stability. Such a strategy is also not economically efficient

for the MG operation, due to utility market price fluctuations.

Therefore, we consider an MGCC operation mechanism that

determines the amount of QoU requests that need to be

satisfied by purchasing extra electricity from the macrogrid,

while declining the rest of the requests.

We assume the excess electricity usage (i.e., the QoU

requests) can tolerate a prescribed QoU blocking probability.

For example, some excess air conditioner cooling or heating

requests could be declined, leading to electricity savings. The

MGCC adaptively serves or blocks QoU requests to maintain

the QoU blocking probability around the target value, as shown

in Fig. 2. Specifically, when a QoU request is triggered, the

MGCC can choose to satisfy this demand or block it. The

average QoU blocking probability is δ, which is predetermined
by the MG. Assuming the average QoU request arrival rate is

λ, the average QoU blocking rate can be expressed as

p = δ · λ. (1)

If the MGCC serves the request, it will request electricity from

the nonrenewable energy sources in the macrogrid.

Without loss of generality, we assume a time-slotted sys-

tem [9], where each time slot has a duration that depends
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Fig. 2. The system model considered in this paper.
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Fig. 3. Example of supply S(t), demand D(t) and QoU requests α(t).

on the timescales of demand and supply and MG hard-

ware/equipment limitations. Let the total residential demand in

time slot t be D(t) and the total supply from the MG be S(t),
each being a random process varying over time but remaining

constant within every time slot. As shown in Fig. 3, when

D(t) exceeds S(t) in a time slot t, i.e. D(t) − S(t) > 0, a
QoU request will be generated.1 Let α(t) be the indicator for
the arrival of QoU requests, defined as

α(t) =

{

1, QoU request arrival in time slot t
0, otherwise.

(2)

Then the average arrival rate of QoU requests is

λ = lim
t→∞

1

t

t−1
∑

τ=0

α(τ). (3)

For the time slotted system, QoU arrival rate λ satisfies 0 ≤
λ ≤ 1, i.e., there is at most one QoU request in a time slot.

Due to power line transmission, substation capacity con-

straint, and power procurement constraint on the energy mar-

ket, the MG may not be able to support an excessive energy use

if the QoU request exceeds a prescribed threshold, i.e., when

D(t) − S(t) ≥ Emax. An automatic blocking operation will

be applied to decline the parts that is above Emax in this case.

This automatic blocking operation serves as a disturbance in

the system, which should be addressed in the system stability

design. The scheduling policy at the MGCC is designed to

stabilize the system under the presence of such disturbance.

The MGCC scheduler takes one of the two actions in the

decision set {0 : serve, 1 : block} as

I(t) =

{

1, QoU request is declined in time slot t
0, QoU request is granted in time slot t.

(4)

1Without loss of generality, we assume the excess supply in a time slot t can
be stored and used to accommodate future QoU requests (i.e., accumulated
into S(t+1)). A QoU request will only be triggered if the local storage and
supply are insufficient to serve the demand.
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Fig. 4. The QoU blocking virtual queue model.

Then the average blocking rate of QoU requests is

p = lim
t→∞

1

t

t−1
∑

τ=0

I(τ). (5)

The MG adopts scheduling policy I(t) to maintain the stability
of the grid and keeps the average QoU blocking rate around

p = δ · λ. For simplicity, we assume one unit of energy per

QoU request in this paper.2

We next introduce a conceptual QoU blocking virtual queue

Z(t), as shown in Fig. 4, which is maintained by the MGCC

control algorithm. It is used to track the number of the

blocking events resulted from the MGCC control actions [10].

Unlike an actual queue, the virtual queue backlog Z(t) may
take negative values. The system equation that governs the

dynamics of the QoU blocking virtual queue is

Z(t+ 1) = Z(t)− δ · α(t) + I(t), for all t. (6)

Proposition 1. If an MGCC control policy I(t) stabilizes the
QoU blocking virtual queue Z(t), the MG will be stabilized

at the average QoU blocking rate p = δ · λ.

Proof: According to the dynamics of the QoU blocking

virtual queue (6), we have

Z(1) = Z(0)− δ · α(0) + I(0)

Z(2) = Z(1)− δ · α(1) + I(1)

...

Z(t) = Z(t− 1)− δ · α(t− 1) + I(t− 1). (7)

Summing up both sides of (7), we obtain

Z(t) = Z(0)− δ ·
t−1
∑

τ=0

α(τ) +
t−1
∑

τ=0

I(τ). (8)

Dividing (8) by t and taking limit t → ∞, we have

lim
t→∞

Z(t)− Z(0)

t
= lim

t→∞

1

t

[

−δ ·
t−1
∑

τ=0

α(τ) +
t−1
∑

τ=0

I(τ)

]

.

(9)

2Alternatively, the exact amount of blocked QoU requests can be considered
by allowing α(t) = max{D(t) − S(t), 0}. Then the control policy I(t)
will be applied to individual units of energy in α(t) and I(t) will assume
real values. The following analysis also applies to this case with some
modifications, but is omitted for brevity.

If Z(t) is rate stable by a control policy I(t), it will be

finite. We have limt→∞

Z(t)−Z(0)
t

= 0, which yields p = δ ·λ
according to Eqs. (3) and (5).

Proposition 1 transforms the QoU control problem into a

queue stability problem, which can be solved with a system

stability design from the control theory point of view. Accord-

ingly, we next devise the control policy with the Lyapunov

optimization method to stabilize the virtual queue Z(t), thus
solving the MG QoU control problem.

III. ADAPTIVE MG QOU CONTROL ALGORITHM

With Proposition 1, we show that the QoU control prob-

lem is equivalent to the virtual queue stability problem. We

then use the Lyapunov optimization technique to develop an

adaptive QoU control algorithm. This algorithm is simple to

implement and does not require a priori statistic information

of the electricity supply or demand processes. It is also robust

to non-independent and identically distributed (i.i.d) and non-

ergodic behaviors [7].

A. Lyapunov Optimization

In Lyapunov stability analysis, a Lyapunov function V :
Rn → R, is an energy-like positive definite function of system

states [8]. A “drift” is defined to be the conditional expectation

of the differences of the Lyapunov function at different time

instances. Roughly speaking, for a network system, if we can

find a suitable control policy that greedily minimizes the drift

in every time slot, the network will be consistently pushed

towards the low backlogs status, which in turn leads to network

stability [6], [11].

We define the Lyapunov function for the QoU blocking

virtual queue stability problem as follows.

L(Z(t)) =
1

2
[Z(t)]

2
, for all t, (10)

which is positive definite since L(Z(t)) > 0 when Z(t) 6= 0
and L(Z(t)) = 0 ⇔ Z(t) = 0. Intuitively, the Lyapunov

function represents the energy of the dynamic system (6). We

then define the conditional one-slot Lyapunov drift as

∆(Z(t)) = E{L(Z(t+ 1)− L(Z(t))|Z(t)}, for all t. (11)

With some algebraic manipulation, we have from (11)

∆(Z(t)) =
1

2
E{[I(t)2 + (δ · α(t))2 − 2δ · α(t) · I(t)] +

2Z(t)(I(t)− δ · α(t))|Z(t)}

≤
1

2
E{(I(t)2 + (δ · α(t))2)|Z(t)}+

E{Z(t)(I(t)− δ · α(t))|Z(t)}

≤
1

2
(1 + δ2)− Z(t)E{δ · α(t)}+

E{Z(t)I(t)|Z(t)}

≤ B − Z(t) · δ · λ+ E{Z(t)I(t)|Z(t)}, (12)

where B = 1
2 (1 + δ2) is a constant.

Note that in the drift upper bound (12), the QoU control

decision I(t) only affects the last term on the right-hand-side.
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Algorithm 1: MG QoU Control Algorithm

1 MGCC initializes the QoU target blocking probability to δ and
virtual queue backlog Z(t) to 0;

2 while TRUE do
3 MGCC accumulates total demand and total supply;
4 MGCC determines the QoU request and compute control

policy by observing the current backlog, as in (14);
5 MGCC updates virtual queue Z(t) according to (6);
6 if QoU Target Varies then
7 MGCC updates δ and reset Z(t) = 0;
8 end
9 end

We can design an algorithm to minimize the drift upper bound

by observing the current virtual queue state Z(t). Minimizing

the right-hand-side of the drift bound (12) at every slot t leads
to the following problem.

min
I(t)

{Z(t)I(t)} . (13)

When the above minimization problem is solved, the stability

of the virtual queue can be ensured. This problem then

has a straightforward threshold-based solution, as given in

Section III-B.

B. Adaptive MG QoU Control Policy

We can solve Problem (13) by observing the current block-

ing virtual queue backlog Z(t). The following adaptive QoU

control policy can be obtained.

I(t) =

{

0, Z(t) ≥ 0
1, Z(t) < 0,

for all t, (14)

which is the optimal solution to problem (13). Specifically,

if the virtual queue is positively backlogged, i.e., Z(t) ≥ 0,
MGCC will choose I(t) = 0, i.e., serving the QoU request.

Otherwise, if Z(t) < 0, MGCC will choose I(t) = 1, i.e.,
rejecting the QoU request. After the decision is made, the

QoU blocking virtual queue Z(t) will be updated as given in

the system equation (6).

Recall that a QoU request with D(t) − S(t) ≥ Emax will

be automatically blocked, denoted as Ia(t) = 1. In this case,

the virtual queue will be increased by Ia(t). This can be

interpreted as a disturbance at time t in the control system.

However, with policy (14), the drift will still be pushed towards

the minimum value and keeps the system stable.

It is worth noting that this algorithm actually solves a

minimum weight matching problem, where weight is defined to

be the virtual queue backlog Z(t). Furthermore, the algorithm
only requires the current virtual queue backlog information;

it does not require any knowledge on future DRER supply

and demand; it also does not require any knowledge on the

statistics of the supply and demand. Therefore this is an online

algorithm that can be easily implemented. The computational

complexity of the algorithm is O(1). The detailed adaptive

QoU control algorithm is presented in Algorithm 1.

Proposition 2. The adaptive MG QoU control policy given in

Algorithm 1 stabilizes the MG system and the average backlog

of the blocking virtual queue is upper bounded by B/ǫmax.

Proof: Let Î(t) be a policy other than the adaptive control
policy I(t) given in (14). By the drift of I(t) (12) and the fact
that I(t) minimizes the drift (12), we have

∆(Z(t)) = B − Z(t)(δ · λ − E{I(t)|Z(t)})

≤ B − Z(t)(δ · λ − E{Î(t)|Z(t)}).

We can choose Î(t) to satisfy the following two conditions.
{

δ · λ − E{Î(t)|Z(t)} = ǫmax, if Z(t) ≥ 0

δ · λ − E{Î(t)|Z(t)} = −ǫmax, if Z(t) < 0,

where ǫmax > 0. The drift by policy I(t) then satisfies

∆(Z(t)) ≤ B − ǫmax · |Z(t)|. (15)

Taking expectation on both sides of (15) and following the

drift definition, we have

E{L(Z(t+1))}−E{L(Z(t))} ≤ B−ǫmax ·E{|Z(t)|}. (16)

Summing up both sides of (16) over K time slots, for t ∈
[0, · · · ,K − 1], we have

E{L(Z(K))} − E{L(Z(0))} ≤

B ·K − ǫmax

K−1
∑

t=0

E{|Z(t)|}. (17)

Removing the nonnegative term E{L(Z(K))} on the left-

hand-side of (17), dividing both sides of by (ǫmax · K) and
taking limit K → ∞, the left-hand-side becomes zero since

the initial state is finite, i.e., E{L(Z(0))} ≤ ∞. We then obtain

the following bound on the average virtual queue backlog as

lim
K→∞

1

K

K−1
∑

t=0

E{|Z(t)|} ≤ B/ǫmax. (18)

Therefore, the system is mean rate stable and the average

backlogs of the queue is upper bounded by B/ǫmax.

IV. SIMULATION STUDY

We evaluate the performance of the proposed adaptive QoU

control algorithm with simulations. We consider an MG with

25 residents, where electricity is supplied by a wind turbine

plant. We use the renewable energy supply data from the

Western Wind Resources Dataset published by the National

Renewable Energy Laboratory [12]. When a QoU request ar-

rives, the MGCC either satisfies the QoU request by requesting

electricity from the macrogrid, or blocks it, according to the

adaptive QoU control policy. Assume the time slot duration is

10 minutes and a time frame of one week. The QoU blocking

probability is set to δ = 0.07, unless otherwise specified.
We first investigate the average QoU blocking probability

with default parameter settings. We model QoU requests as

i.i.d. random variables over time slots, with three different

average rates λ = 0.3, 0.5, 0.7. In Fig. 5, we show the QoU

blocking probability for the first 420 time slots, corresponding
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Fig. 5. Average QoU blocking probability with different QoU request rates.
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Fig. 6. Instant and average virtual queue backlogs.

to a period of 70 hours. It can be seen that all the three

average QoU blocking probabilities converge to the MG target

probabilities after about 150, 90, and 50 time slots respectively.
The higher the QoU request rate, the faster the convergence,

since the algorithm is executed more often for higher QoU

request rates. The converged blocking probabilities are 0.0726,
0.0711, and 0.0704, respectively, which are all very close to

the target blocking probability 0.07. It should be noted that

the algorithm only relies on the current backlog of the virtual

queue, without needing any further statistical information of

the demand and supply. Thus the proposed QoU algorithm is

effective and easy to be implemented.

We next examine the virtual queue backlogs for the case

λ = 0.3. In Fig. 6, we find the algorithm attempts to push

the instant backlog towards zero. The average queue length is

stabilized around 0.4. The queue length is bounded during

the entire period, which ensures that the average blocking

probability is stabilized around the target rate. Recall that the

instant virtual queue backlog can take negative values (see

Section II). For the cases when λ = 0.5 and 0.7, similar results
are observed, which are omitted for brevity.

We also examine the performance of the proposed algorithm
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Fig. 7. Average QoU blocking probability with varying QoUs.
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Fig. 8. Instant and average virtual queue backlogs with varying QoUs.

under time-varying target QoU blocking rates, since the MG

operation strategies may be different during different time

periods. We assume from Monday to Friday, the blocking

probability is set to 0.1, and the blocking probability is

changed to 0.05 to accommodate more entertainment related

electricity consumption in weekends.

In this experiment, we simulate the QoU control policy for

a two-week period. From the results shown in Fig. 7, we

observe that the algorithm keeps on tracking the target QoU

blocking probability and the converged values are 0.1024,
0.0575, 0.1029, and 0.0548, respectively, which demonstrates
that the proposed policy is dynamically adaptive to different

MG operation strategies. At the strategy switching point, there

is a very short period of deviation of the QoU blocking

probability, due to the virtual queue reset for the new grid

operation strategy. However, as time elapses, the average QoU

blocking probability converges to the target rate quickly. It is

also interesting to see that during the period of δ = 0.05 the

backlogs evolves more slowly than that of δ = 0.1, which is

due to the smaller service rate δ as given in the virtual queue
dynamics (6).

We also examined the proposed algorithm under non-
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stationary QoU arrivals. Similar trends are observed and the

results are omitted for brevity.

V. RELATED WORK

SG is regarded as the next generation power grid charac-

terized with two-way flows of electricity and information. In

SG, information technologies and computational intelligence

are integrated throughout electricity generation, transmission,

distribution and consumption to achieve green, reliable, ef-

ficient and sustainable energy goals. Several comprehensive

surveys of SG technologies can be found in [2], [13]–[15].

MG is a new grid structure to group DRERs and local

residential loads, which provides a promising way for future

SG deployment. In [3], the authors reviewed the MG structure

with distributed energy resources. In [4], [16], the integration

of random wind power generation into grids for cost effective

operation was investigated. In [17], the authors proposed a use-

ful online method to discover all available DRERs within the

islanded mode microgrid and compute a good DRER access

strategy. In [18], the authors presented an optimal scheduling

algorithm to minimize the overall cost of electricity and natural

gas for building operation with MG technology. The problem

of optimal residential demand managements is investigated

in [9], [19], by adapting to time-varying energy generation

and prices, and maximizing user benefit. These prior work

aimed at balancing the time-varying energy generation and

user demand, which is one of the most important requirements

of MG management.

Lyapunov optimization is a useful stochastic optimization

method [6]. This method integrates the Lyapunov stability

concept of control theory into the optimization and provides an

efficient framework for solving schedule and control problems.

It has been widely used and extended in the communications

and networking areas [7], [20]–[22]. In two recent papers [5],

[23], the profit maximization problem for renewable energy

utility company was investigated. The Lyapunov optimization

methods were applied to jointly optimize power procurement

and dynamic pricing, while meeting consumer requests.

VI. CONCLUSION

In this paper, we developed an adaptive QoU control algo-

rithm for MG energy scheduling, while stabilizing the QoU

blocking probability. We converted the electricity scheduling

problem into a queuing stability problem by introducing a

QoU blocking virtual queue and proved that the stability of

the virtual queue is equivalent to satisfaction of the QoU

requirements. We applied the Lyapunov optimization method

to solve this problem and developed a minimum weight

matching algorithm. The stability of the system was proven.

Our simulation study showed that the proposed approach is

effective and robust for QoU control in MGs.
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