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Scheduling of Wireless Metering for Power Market
Pricing in Smart Grid
Husheng Li, Lifeng Lai, and Robert Caiming Qiu

Abstract—Remote metering is a key task in smart grid to col-
lect the power load information for the pricing in power market.
A wireless communication infrastructure is assumed for the smart
meter network. The dynamics of the power market are assumed to
be a Markov decision process (MDP) by modeling the power load
evolution as a two-state Markov chain. The fundamental elements
of theMDP are discussed and the optimal strategy is obtained from
dynamic programming. Due to the curse of dimensions, the myopic
strategy is proposed to significantly simplify the algorithm. The va-
lidity of the proposed scheduling algorithm is demonstrated using
numerical simulations. For example, for price insensitive power
users, the average price and power generation errors are reduced
by 60% and 40% using the myopic approach, compared with the
simple round robin schedule, in certain circumstances.

Index Terms—Power market, scheduling, smart grid, wireless
communications.

I. INTRODUCTION

I N RECENT years, the study on smart grid has attracted
more and more attentions. The Energy Independence and

Security Act of 2007 (EISA) defines the smart grid as “a mod-
ernization of the Nation’s electricity transmission and distribu-
tion system to maintain a reliable and secure electricity infra-
structure that can meet future demand growth” [1]. A key step in
modernizing the current power grid is to add more intelligence
to the power system usingmodern information technologies like
telecommunications, which is becoming a new research area in
the communities of communications and networking.
Among the many tasks in the information infrastructure of

smart grid, smart metering is an important component, which is
defined by EISA as follows: “The full measurement and collec-
tion system that includes meters at the customer site; commu-
nication networks between the customer and service provider,
such as an electric, gas, or water utility; and data reception and
management systems that make the information available to the
service provider” [1]. With the infrastructure of smart metering,
the power system can obtain the information of power consump-
tion/demand in the system such that it can better schedule the
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Fig. 1. An illustration of the power system within a bus range.

power generation and distribution via locational pricing for bal-
ancing the power generation and load. Due to the large number
of smart meters, it is impossible to use optical fibers as the
medium of communication due to its high expense. People are
proposing to use wireless communications or power line com-
munication systems for the information exchange between the
smart meters and control centers.
An example of the smart metering system is given in Fig. 1,

which shows the situation within one bus range.1 The smart me-
ters collect the power loads of different users and send to an ac-
cess point (AP), where we assume that wireless communication
is used. The information will be sent to the power market which
monitors and controls multiple buses. Locational prices will be
decided and fed back to the power users.
In this paper, we focus on the scheduling policy in the MAC

layer of wireless smart meter networks.2 In contrast to many
traditional data networks, the smart meter network in smart grid
has the following challenges:
• There typically exist a huge number of smart meters. Then,
scheduling is very important due to the large volume of
traffic and limited bandwidth.

• The realtime requirement for the data transmission is very
high since the power grid is a highly dynamic system.
Delay could incur instability to the power market.

• The scheduling must take the characteristics of the power
systems into account. The traditional scheduling algo-
rithms that either maximize the throughput or minimize
the average delay may not be valid in smart grid.

1A bus means a common structure connecting multiple local electrical de-
vices. Buses in different regions can be connected by transmission lines.
2The scheduling problem also exists if power line is used for the communi-

cation of smart meters.
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To address the above challenges, we will first introduce the
impact of power market mechanism like locational marginal
price, as well as a simple model of power load variation, based
on which we will study the scheduling algorithm. Then the per-
formance will be analyzed using both analytic and numerical
methods. To the authors’ best knowledge, this is the first study
on the scheduling issue in smart meter networks for power mar-
keting.
The remainder of this paper is organized as follows. Ex-

isting related studies will be discussed in Section II. The
system model, including the models of power market, smart
meter networks and power load variation, will be introduced
in Section III. A scheduling algorithm will be proposed and
analyzed in Section IV. The numerical results and conclusions
are provided in Sections V and VI, respectively.

II. RELATED WORK

There have been plenty of studies on the scheduling issues in
wireless communication networks. For elastic traffics, sched-
uling is used to improve the throughput. The optimal sched-
uling algorithm was obtained in [2], which is based on a cen-
tralized control. To make the scheduling feasible in practical
systems, people have studied the distributed scheduling [3]–[7],
including the algorithm and the performance bound. For delay
sensitive data traffics, the deadline based scheduling algorithm
has also been extensively studied [8]–[10].
Note that the above studies are for the purpose of pure data

communication like file downloading. Another area with much
less studies is the sensor switching problem for control networks
[11]–[14]. In these studies, it is assumed that there are multiple
sensors for monitoring a dynamic system while only one sensor
can be accessed at a time. Then, it is studied how to schedule
the sensors in order to estimate the system state or stabilize the
system. The study is within the framework of hybrid systems
[13], in which a part of the system (the switching part) is dis-
crete and the remainder (the dynamic system part) is continuous.
Although the power grid can also be considered as a (nonlinear)
dynamic system, most studies in the sensor switching problems
are focused on linear dynamic systems.
A general introduction on modern power market can be found

in [15]. Various aspects of the power market have been studied
for the operation of power grid. To list a few, the locational
marginal price of power has been studied in [16], [17], [19],
in which the power market is modeled through an optimization
problem; the prediction of power system load, which affects
the power pricing, is studied in [20]; the risk management, like
hedging and pricing, in the power market is discussed in [21].
Note that the impact of pricing signal delay on the power market
stability has been analyzed in [22], based on the model of power
market dynamics in [23]. However, in [22], the delay is assumed
to be a constant and does not concern the details of networking.

III. SYSTEM MODEL

In this section, we introduce the system model, which in-
cludes the models for the power pricing, networking and power
load variation.

A. Locational Marginal Price in Power System

We consider a power grid with buses. Each bus has one
generator and power users. User at bus is denoted by .

Fig. 2. An illustration of the PJM five-bus system [24].

The total load at bus is denoted by . The unit cost of power
generation at generator is denoted by and is assumed to
be a constant. There exist transmission lines among the
buses. The generation shift factor3 to line from bus is de-
noted by , provided that bus is connected to line .
The maximal power that line can convey is denoted by .
An example of a five-bus power grid is given in Fig. 2, which
will be used in the numerical simulations. The topology is the
same as the PJM model in [24]. The power costs of generations
are labeled at each bus; e.g., at bus D, the cost is $35/kW. The
transmission capacity of each line is also labeled; e.g., the max-
imum power that line AD can support is 300 MW.
The fundamental goal of power grid operation is to match

the generation and load using the minimal total cost within the
constrains transmission line limit. Hence, the power scheduling
in the power grid can be casted as the following constrained
optimization problem [15],4 [16], [17], [19], [25]:

(1)

where is the power generation at bus . Obviously, the ob-
jective function is the total cost of the power generation. The
first constraint means the balance of the generation and load.
The second constraint means that the power transmitted over
any transmission line should not overpass the upper limit. Note
that the optimization problem is always feasible since we do not
put any constraint on the power generation.
In this power market, the locational marginal price (LMP) at

bus is given by [17]

(2)

where can be considered as the common price of the
energy, which is essentially the Lagrange factor of the first con-

3Here the generation shift factor means the change of a transmission line
power due to the change of generation at another bus. For example, if gener-
ator changes its power by , the power flowing through line is changed
by .
4Note that we do not consider the lower and upper limits for the power gen-

erations. It is easy to incorporate them into the framework.
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straint in (1) and is price due to the congestion over the
transmission line, which is given by

(3)

where is the bus that generator is associated with and
is the Lagrange factor of the second constraint in (1).

We denote by the vector of the locational marginal prices
.

In this paper, we assume that the information of , i.e.,
the power demands in different buses, is collected via the smart
metering infrastructure, in order to compute the power price and
adjust the power generation. In practice, the total power demand

can be roughly predicted by using the historic data.
Particularly, when there are many nondominant power users, the
prediction could be precise due to the law of large numbers; then
the demands from users via the smart metering infrastructure
can be used to better tune the power load information.Many pre-
diction approaches, such as ARMAmodels or GARCHmodels,
can be used [20]. It is still an open problem how to integrate the
historic prediction and the reports from smart metering, which
will be our future study.

B. Networking Infrastructure

We consider a single cell communication infrastructure for
each bus range in the power system. We assume that wireless
network is used for the smart meter networks, which is justified
by the fast deployment and inexpensive cost of wireless com-
munications. People have proposed to use WiMAX [26] or LTE
[27] for the communications of smart meters. Wireless commu-
nications are particularly useful for highly populated area since
one base station can serve many power users. It may also be
necessary to use wired communications, e.g., for large facto-
ries, due to the importance and security concerns. For simplicity,
we consider only wireless communications in this paper. In the
future, we can consider hybrid communication systems which
consist of both wireless and wired infrastructures for smart me-
ters.
Note that the proposed algorithms and discussions are valid

for generic time scales. In practice, we consider the time scale
of seconds for the dynamics of power market, since renewable
energy generations make the power system more dynamical. A
smaller time scale is impractical due to the inertia of the power
system. If the time scale is larger, the APs have sufficient time
to collect the data from all power users, thus waiving of the
necessity of scheduling. However, in the order of seconds, the
scheduling becomes critical when the number of power users is
large, since an APmay not be able to collect the data of all users.
1) Wireless AP: For simplicity, we consider only one AP in

each bus range and assume that this AP can cover all the smart
meters within the range of the bus. We will extend to the case
of multiple APs and multiple hops for networking in the fu-
ture. The AP is located at the substation and is connected to the
power market using optical fibers. The task of the AP is to col-
lect the information of each smart meter and broadcast the cur-
rent power price to all smart meters. Since the major challenge
is the information collection due to the large number of smart
meters, we ignore the procedure of the power price broadcast

and assume that the price can be delivered to all smart meters
immediately, which simplifies the analysis.
2) Smart Meters: Each power user is equipped with a smart

meter. Each smart meter can perfectly measure the power con-
sumption of the corresponding power user. We assume that each
smart meter is equipped with a wireless transceiver, which can
exchange information with the AP. We denote by the proba-
bility that the transmission of smart meter succeeds.
We consider the timing structure illustrated in Fig. 3. We

assume that there is a period, called fixed scheduling period,
lasting for time slots, during which the smart meters within
the same bus range report to the AP one by one. Then, a dy-
namic scheduling period lasts for time slots, during which
the scheduling is stochastic and is determined by the system
state. The reason why we set up a fixed scheduling period is
to make sure that every smart meter can report at least once per

time slots.

C. Load Variation

A key issue in the smart grid is the variation of power load
at each smart meter. The power load at each power user could
be dependent on the current power price and the local utility
function of power consumption. There have been many studies
on modeling the power load, e.g., using heuristic regression
models [20] in traditional power systems, which does not take
the power price into account. However, the power consumer
should be aware of the power price in the future smart grid, thus
making the traditional models invalid. Therefore, we propose a
newmodel for the power load. Similarly to [28], we assume that
the reward of power user is given by

(4)

where is the utility function of user , is the loca-
tional power price, is the power consumption and is a
random parameter of the utility function, which represents the
random demand for power of the user. Obviously, the reward
of power consumption equals the utility minus the payment for
power. On assuming that the power user is rational, the power
consumption of user maximizes the reward, i.e.,

(5)

which can be computed by the user given and .
In this paper, we assume that the utility function is a de-

creasing function of when the power consumption is
fixed. For simplicity, we model the as a Markov chain with
two states,5 i.e., high demand and low demand
, as illustrated in Fig. 4. The state transition probability is

denoted by where and are either or . We as-
sume that all information about the load variation has been per-
fectly estimated and known by the system. Note that the power
load in practice should be much more complicated. However,
the Markov model simplifies the analysis and provides insight
for the design in practical systems. Moreover, many studies
have used Markov model to model the demand and supply in

5Note that the two state model simplifies the analysis and derivation. Theoret-
ically, the algorithms proposed in this paper can be extended to the generic case
of arbitrary number of states. However, for practical applications, the compu-
tational complexity will be exponentially increased. Hence, some approximate
algorithms such as approximate dynamic programming can be used.
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Fig. 3. An illustration of the timing structure in the smart meter networks.

Fig. 4. An illustration of the two-state Markov chain for power demand.

power market [29]–[31]. Hence, it is reasonable to use Markov
model in our study. For more complicated power load models,
we can use more states or use semi-Markov chain, which does
not change the design principle and the analysis methodology.
Moreover, we assume that the power demands of users are mu-
tually independent. This is reasonable in a short time scale when
the environment (say, temperature) is constant, since the only
factors affecting the power demands are the personable activi-
ties.

IV. SCHEDULING ALGORITHM

In this section, we study the optimal scheduling algorithm
based on the Markov decision process (MDP) [32]. We first in-
troduce the optimal scheduling strategy. Then, we simplify it to
a myopic policy due to the curse of dimensions.

A. Elements of MDP

Since the random process of load evolution is assumed to
be Markovian, the theory of MDP can be applied to study the
optimal strategy of scheduling for smart meters. In the context
of smart meter network, the MDP has the following elements:
• Decision maker: We assume that optical fiber networks are
used to connect the substations of different buses. On as-
suming that the communication over optical fiber is instan-
taneous and error free, the substations can be considered
as a centralized decision maker, which jointly decides the
scheduling at each bus.

• System state: The overall system state consists of the local
power load state of each smart meter (H or L). However,
due to the limited communication bandwidth, not all the
load states of all power users are known to the decision
maker. Therefore, the MDP is partially observable. Then,
for each smart meter, its local state can be represented by

, where , is the load state at the newest
observation and is the time (measured in
time slots) elapsed since the newest observation. If smart
meter is in the state , the probability that its current
load state is , also called belief, is given by

(6)

where is the load state of smart meter at time
slot . The belief in (6) can be easily computed using
the Markov transition probabilities . Then, the
system state with the partial observation is given by

.
• State Transition: If the action at bus is to schedule smart
meter to transmit, the local state of smart meter turns
from to ( , 1) with probability , to
( , 1) with probability and to
with probability (recall that is the probability of
transmission success). If smart meter is not scheduled, its
local state becomes .

• Action Space: In each time slot, the decision maker
chooses one smart meter from each bus to report the load.
Therefore, there are totally possible actions. We de-
note by the action taken at time
slot , in which stands for the smart meter scheduled
at bus in the -th time slot.

• Cost: There could be many definitions of the system re-
ward, e.g., the sum of the Lagrangian of the optimization
problem in (1), which incorporates both the power cost and
the generation-load mismatch. In this paper, we consider a
more intuitive one, i.e., the discrepancy between the true
price and the estimated price . Then, the cost function
is given by

(7)

Note that the optimization is over only time slots.

B. Optimal Strategy

The optimal strategy for the scheduling in smart meter net-
work can be solved by applying dynamic programming (DP)
[32]. We denote by , the cost-to-go
function, which is defined as the minimal sum of expected cost
between time slot and the final time slot , conditioned that
the system state at time slot is , i.e.,

(8)

where is the expected cost at time slot , which is given by

(9)

where the expectation is with respect to the randomness of
powermarket and price.When , we set the cost-to-go
function to be zero.
The optimal strategy is then characterized by the following

Bellman’s equation:

(10)

where is the system state at the next time slot. Here
is the conditional expectation of cost at time , when the system
state at is and the corresponding action is ; it is a function
of and . By solving the Bellman’s equation, we can obtain
the minimal expected cost, as well as the optimal actions.
When the number of power users is small, e.g., there are only

a few power users like large factories, it is straightforward to
solve the Bellman’s equation using linear programming [32].
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However, when the number of power users is large, the number
of states is prohibitively large, thus making it impossible to
solve the Bellman’s equation. Therefore, we seek help from the
myopic strategy in the next subsection.

C. Myopic Strategy

When the number of smart meters is large, we need to sim-
plify the scheduling algorithm, as we have explained. A simple
approach is to adopt a myopic algorithm,6 in which the sched-
uler only optimizes the current cost and does not consider the
future state transition. In the context of scheduling for smart me-
ters, the myopic strategy minimizes the expected discrepancy of
the current price. For obtaining the myopic strategy, we propose
the following assumption:
Assumption 4.1: For any bus , if the loads of all other buses,

, are fixed, the absolute value of the LMP error is an
increasing function of the absolute value of the error of load
estimation .
This assumption is reasonable since, intuitively, an increasing

demand should increase the prices.
The key information conveyed in Assumption 4.1 is that the

more precise the load information is, the less error the price has.
Therefore, we propose a myopic scheduling strategy: the smart
meter which has the largest expected change of power load in
the corresponding bus will be scheduled. Note that, for smart
meter at time slot , the expected change of power load, as a
metric, is given by

(11)

where is the time elapsed since the previous time being sched-
uled, is the state of meter in the previous time being sched-
uled, is the previous power load report of meter
and is the optimal power consumption when the
state is and the price is . The algorithm is summarized
in Procedure 1.

Procedure 1 Procedure of The Myopic Strategy

1: for Each time slot do

2: for Each bus do

3: Compute the beliefs in (6) for every smart meter.

4: Compute the metrics using (11) for every smart meter.

5: Schedule the smart meter having the largest metric.

6: end for

7: end for

D. Special Case

Note that the proposed myopic scheduling strategy may not
optimize the instantaneous reward since the price is not neces-
sarily determined by the expected power load errors of smart
meters. Now, we consider the following special case:

6Actually, the proposed scheduling algorithm may not optimize the cost in a
single time slot. However, we still call it myopic since it does not consider the
future state evolution.

• The power consumption of each user is dependent on only
its state and is independent of the power price.

• For the same state, the power consumption is the same for
all smart meters.

• The state transitions are common for all users and are sym-
metric for the two states, i.e., .

The first assumption is valid when the power consumer has
strict requirement of power consumption and cannot adapt the
power consumption to the power price. The second assumption
is valid when all power consumers are identical or very similar.
It is easy to verify that this scheduling algorithm is equivalent
to a round robin one when the transmission failure rate is zero.
For this simplified case, the following proposition shows that

the proposed myopic scheduling algorithm can be simplified;
moreover, it can optimize the sum of costs when there are no
more than two smart meters in each bus, i.e., the myopic strategy
not only minimizes the current cost but also minimizes the long-
term cost. The proof is given in Appendix A.
Proposition 4.2: For the special case, the metric in the my-

opic strategy is simplified to

(12)

When , the myopic algorithm minimizes the sum of costs
in (7).

E. Performance Bound

It is prohibitively difficult to obtain the explicit expression for
the performance of the myopic scheduling algorithm in terms of
the price errors. For simplicity, we consider the objective func-
tion in the optimization (1), i.e., the total cost of the genera-
tors for satisfying the constraints of generation-load balance and
transmission line capacity. The following proposition provides
an upper bound for the generation cost error based on the as-
sumptions in Section IV-D.
Proposition 4.3: The generation cost error is defined as

(13)

where are the power generations based on the collected
load reports and are the optimal power generations when
all true load reports are known in the power market. Given the
assumptions in Section IV-D, the expectation of the generation
cost error is upper bounded by

(14)

where

(15)

where is the probability that the power consumption state
changes from H to L after time slots, and is the difference
of power demand between the high and low demand states.
The proof is simple and given in Appendix B. An intuitive

explanation is: the term is an upper bound for the expec-
tation of the load report excess for each substation. The waste
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TABLE I
GSF VALUES IN THE FIVE-BUS MODEL

Fig. 5. Errors of price, generation and demand for different numbers of users
per bus: the price insensitive case.

of the power cost equals the product of the load report excess
and the prices including the common price and congestion price.
When the state transition probability of the power consumption
is sufficiently small, the analysis in Appendix B can also be used
to obtain an asymptotic approximation of the cost waste. We
omit the analysis in this paper due to the limited space.

V. NUMERICAL SIMULATION

In this section, we use numerical simulations to demonstrate
the performance of the scheduling algorithms studied in this
paper. The five-bus model, illustrated in Fig. 2, is used for sim-
ulation. In this model, (five buses) and (we as-
sume that the transmission lines are all bidirectional). The power
generation costs and the limits of transmission lines are all la-
beled in the figure. The GSF values of different buses to dif-
ferent transmission lines are provided in Table I. The transmis-
sion failure probabilities are all set to . The dynamics
of power loads, the scheduler and the power price making are
implemented in Matlab codes.

A. Myopic vs. Round Robin: Price Insensitive Case

In Figs. 5 and 6, we assume that the power consumers are
insensitive to price prices. Their power consumptions are deter-
mined by only the current states, being independent of the cur-
rent power prices. The number of power users per bus ranges
from 10 to 90. We assume that the low power consumptions
of all users are 20 MW while the high power consumptions of
users are 40 MW, except one in each bus, whose high power

Fig. 6. Performance gain for different numbers of users per bus: the price in-
sensitive case.

consumption is 200 MW.7 We set time slots. We
also assume that the state transition probabilities of the power
consumption are given by .
Fig. 5 shows the average errors of price, power generation,

and power demand versus different numbers of users per bus.
Here the error is difference between the price/generation/de-
mand using the scheduling algorithm and that obtained from
complete information of the power demand (by assuming a per-
fect communication infrastructure with sufficiently large band-
width). Note that the average error for vector is defined as

, where is the estimation using the reports of smart
meters and the norm is an Euclidean one.We observe that the er-
rors incurred by the myopic strategy are always less than those
of the round-robin strategy. An interesting observation is that
the price errors are zero for both strategies in multiple situa-
tions. This is because that the prices are discontinuous in the
LMPmechanism [19]. Therefore, different reports on the power
loads may result in the same power prices. Therefore, in certain
system states, the precision requirement of power demand re-
ports can be relaxed because higher precision does not neces-
sarily generate more precise power prices. Note that this con-
clusion holds for only the power price. For other quantities like
the power generation and power demand, the average errors are
always nonzero and the myopic approach is uniformly better
than the round robin policy. The ratios of the errors are plotted
in Fig. 6.8 We observe that the errors of the power generation
and power demand can be reduced by at least 30%. For the best
case, the price error can be reduced by more than 60%.

B. Myopic vs. Round Robin: Price Sensitive Case

The five-bus system is simulated for price sensitive users in
Figs. 7 and 8. The configurations are the same as those in Figs. 5
and 6 except that the power consumption is dependent on the
power price. We assume that the utility function for user
is given by , where is a two-
valued random variable representing the user state of power
demand, thus yielding the optimal power consumption

. We assume that the low value of is 200 MW$

7We assume that the power users are large factories whose power consump-
tions are large. Each user can also be considered as a set of real users in a large
area if the AP can schedule multiple users simultaneously.
8We define the ratio to be 1 if the errors are both zero.
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Fig. 7. Errors of price, generation, and demand for different numbers of users
per bus: the price sensitive case.

Fig. 8. Performance gain for different numbers of users per bus: the price sen-
sitive case.

for all users and the high value of is 400 MW$ except for
. We observe that the performance gains are

similar to the price insensitive case.

C. Myopic vs. Round Robin: Scheduling Multiple Users

In Figs. 9 and 10, we tested the performance when the number
of users is large, i.e., ranges from 100 to 1000. Meanwhile,
we assume that 50 users can be scheduled for communications
simultaneously. The power consumptions are assumed to be 1
MW and 2 MW for the low and high states, respectively, except
that 20% of the users have a high power consumption of 10MW.
All other configurations are the same as those in Figs. 5 and 6.
We observe that the performance gain in this scenario is even
larger than that of the previous situations.

D. Myopic vs. DP

In Figs. 11 and 12, we compare the performance of the my-
opic approach and the DP based optimal strategy. We assume
that the power consumption is insensitive to the power price.
Therefore, the system state is dependent on only the report
status of each user. Since the number of system states equals

, we consider only buses A and B in the five-bus
model (thus ) and assume . We set
in Fig. 11 and in Fig. 12. Therefore the number of
system states are 256 and 1296, respectively. For both cases,
we assume that the low power consumptions are both 100
MW and the high consumptions are 200 MW and 500 MW

Fig. 9. Errors of price, generation, and demand for different numbers of users
per bus: simultaneous scheduling.

Fig. 10. Performance gain for different numbers of users per bus: simultaneous
scheduling.

Fig. 11. Comparison between the DP and myopic approaches when .

for the two users in each bus, respectively. We vary the power
consumption state transition probabilities ,
0.8, 0.9, 0.95.
In Fig. 11, we observe that, when the state transition proba-

bility is small, the average price error incurred by the my-
opic approach is almost the same as the DP, which implies that
the myopic approach is almost optimal. When is large, the
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Fig. 12. Comparison between the DP and myopic approaches when .

Fig. 13. Performance comparison for different .

performance loss of the myopic approach is slightly increased,
which is upper bounded by 20%. Note that the DP strategy opti-
mizes only the price errors. The myopic approach achieves even
better performances for the power generation and demand errors
than the DP strategy. For in Fig. 12, the performance
loss of the myopic scheme is almost negligible.
In Fig. 13, we show the relative errors of different (nor-

malized by the error of ). We observe that, as in-
creases, the error is decreased. However, when increases,
the performance saturates soon.

VI. CONCLUSIONS

We have studied the scheduling of wireless metering for the
power market pricing in smart grid. The pricing mechanism in
the power market has been formulated as a linear programming
problem, in which the LMPs are equal to the Lagrange factors
and the power demands of different buses are collected by the
smart meter network. The framework of MDP has been applied
to optimize the scheduling policy. To address the curse of di-
mensions, a myopic approach has been adopted to reduce the
computational cost. Numerical simulations have shown that the
myopic approach can reduce 60% price errors and 40% power
generation errors in certain circumstances, compared with the
simple round robin scheme. The DP based optimal strategy has
also been compared with the myopic one for small size systems,

which has demonstrated that the myopic approach is near-op-
timal for the price error and achieves even better performances
for power generation and demand errors than the DP based ap-
proach.

APPENDIX A
PROOF OF PROP. 4.2

Proof: We first prove that the metric in the myopic strategy
is simplified to (12) for the special case, which is straightfor-
ward. For smart meter , since the power consumption is de-
pendent on only the internal state, the power consumption dif-
ference equals zero if the state does not change. Therefore, the
metric in (11) is simplified as

(16)

Then, we prove that the myopic strategy minimizes the in-
stantaneous cost when . We focus on bus . We denote by
that the absolute value of the difference between the power

consumptions of the two states. We denote by the state
change (with respect to the state in the previous scheduled time
slot). When , the state of smart meter has changed
and incurs a error with absolute value ; otherwise, the state is
not changed. We denote by the square of the error
of LMP vectors when the absolute value of the load estimation
error at bus is given by and the load estimation errors at the
other bus are given by . Fix the load estimation errors at the
other bus. Without loss of generality, we suppose ,
due to the symmetry. When scheduling smart meter 1, the ex-
pected square norm of the LMP vector error is given by

(17)

For example, the first term means that the power consump-
tion of user 1 has changed while that of user 2 has not. Since
smart meter 1 is scheduled and the change is reported to the
center, the estimation error of the power consumption is zero.
The second term means that the power consumption of user 1
has not changed while that of user 2 is changed. Since smart
meter 1 is scheduled and the change is reported to the center, the
estimation error of the power consumption is . The remaining
two terms follow the same argument.
When scheduling smart meter 2, the expected square norm of

the LMP vector error is given by

(18)

Then, the difference between (17) and (18) is given by

(19)
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Due to Assumption 4.1, we have .
Since , we have

. Therefore, the difference in (19) is negative, i.e.,
the expected square norm of LMP vector error is smaller when
smart meter 1 is scheduled. This concludes the proof of the
claim that the proposed myopic algorithm minimizes the instan-
taneous cost.
In the sequel, we prove that the optimality of the proposed

myopic algorithm for minimizing the sum of cost when .
We first equalize the Markov process of the power consump-
tion state to a Markov process characterizing the change of the
state. In the equivalent Markov process, we have two states,
C (changed) and U (unchanged). Then, the scheduling is to
choose one smart meter to check its current state in the equiva-
lent Markov process. If the corresponding state is C, then there
is a cost reduction since the error of power load estimation is re-
duced (otherwise, the old value of the power consumption will
be used); if the corresponding state is U, there is no cost reduc-
tion since the old value of the power consumption is still valid.
Then, we notice that the scheduling problem has the same

structure as the channel selection problem in multichannel
cognitive radio systems [33]. In cognitive radio systems, each
channel is modeled as a two-state Markov chain with states B
(busy) and I (idle). A user is unable to uncover the states of all
channels due to its limited capability of sensing. It can only
choose one channel to sense. If the sensed channel is idle, the
user is able to transmit over it and receive reward; otherwise,
the user receives no reward since it is unable to transmit. It is
easy to verify the equivalence of the structures of the problems
of scheduling in smart meter networks and channel selection in
cognitive radio. For the problem of channel selection in cog-
nitive radio, Q. Zhao has proved the optimality of the optimal
myopic strategy for maximizing the sum of rewards [33]. This
concludes the proof due to the equivalence of the two problems
and the optimality for minimizing the instantaneous cost of the
proposed myopic algorithm.

APPENDIX B
PROOF OF PROP. 4.3

To prove the conclusion in Prop. 4.3, we need the following
Lemma on the sensitivity of convex optimization [34].
Lemma B.1: Consider the following perturbed version of

convex optimization ( and in the original
optimization problem)

(20)

Then, we have

(21)

where is the optimal value of the optimization problem
while and are the Lagrange factors for the inequality and
equality constraints.
Then, we prove Prop. 4.3 using the above lemma.
Proof: As we have explained, the common price of energy,
, equals the Lagrange factor of the equality constraint,

i.e., (note that it has only one dimension since there is only
one equality constraint), and the congestion prices, ,

are the Lagrange factors of the inequality constraints due to the
transmission line capacity, i.e., .
Then, according to Lemma B.1, the generation cost error is

upper bounded by

(22)

where is the load error at bus . It is easy to verify that
is upper bounded by in (15). Therefore, we have

(23)

This concludes the proof by substituting and
into (23).
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