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Abstract—The introduction of photovoltaic power systems is
being significantly promoted. This paper proposes the implemen-
tation of a distributed energy management framework linking
demand-side management systems and supply-side management
system under the given time-of-use pricing program for effi-
cient utilization of photovoltaic power outputs; each system
implements a consistent management flow composed of forecast-
ing, operation planning, and control steps. In our framework,
demand-side systems distributed in the electric distribution net-
work manage individual energy consumption to reduce the
residential operating cost by utilizing the residential photovoltaic
power system and controllable energy appliances so as not to
inconvenience residents. On the other hand, the supply-side sys-
tem utilizes photovoltaic power maximally while maintaining
the quality of electric power. The effectiveness of the proposed
framework is evaluated on the basis of an actual Japanese distri-
bution network simulation model from both the supply-side and
demand-side viewpoints.

Index Terms—Energy management, photovoltaic power sys-
tems, forecasting, voltage control, cogeneration.

NOMENCLATURE

Acronyms

EMS Energy management system.
FC Fuel cell cogeneration system.
FIT Feed-in tariff.
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GEMS Grid energy management system.
HEMS Home energy management system.
HV High voltage (6,600[V]).
HVAC Heating, ventilating and air conditioning

system.
K-NN K-nearest neighbor.
LDC Line drop compensator.
LRT Load-ratio control transformer.
LV Low voltage (100-200[V])
LVR Low-voltage regulator.
PV Photovoltaic power system.
SVR Step voltage regulator.
TOU Time-of-use.

Symbols

α Threshold for tap control in voltage regulator.
c Cost conversion coefficients.
D Dataset.
D(·),D(·) Cumulative difference measures between target

voltage and voltage at regulating point.
d(x1, x2) Distance between vectors x1 and x2.
e(·) Function for calculate electricity; e.g.,

ebuy
t (θ t|y) indicates purchased electricity under

profile y at time t with parameter θ t.
ε Dead band parameter for vector-LDC control.
g(·) Function for calculation of gas consumption.
l Line length.
I Set of forecast results in database.
i̇τ (y) Complex vector of secondary current of target

transformer at time τ under profile y.
J(θ |y) Daily cost function of operation parameter set

θ under given scenario y for demand-side EMS.
J Node index set in distribution network.
EY [ · ] Expectation under various scenarios; e.g.,

EY [J(θ |Y)] indicates expected objective func-
tion of operation parameter set θ for demand-
side EMS.

K Number of forecast results (scenarios).
M Positive-definite symmetric matrix (the

Mahalanobis matrix).
M Number of samples in database for demand

forecast.
N Number of samples in database for PV forecast.
NK(xq;D) Index set of K-nearest neighbors of input query

xq in dataset D.
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PMV(θ) Predicted mean vote under parameter θ .
π Prior probability.
Q Candidate set for vector-LDC parameter set.
R(ψ t|y) Objective function of operation parameter set

ψ t under given scenario y for supply-side EMS.
R̃(ψ |y∗) Objective value of parameter ψ under realiza-

tion y∗.
rK(xq;D) Distance between query xq and its K-th nearest

input in database D.
s Tap position of voltage regulator.
Sp
τ (·) Amount of PV curtailment at point p in distri-

bution network.
t ∈ {1, . . . ,T}. Index of time slice.
τ ∈ {1, . . . ,Tt}. Index of dynamic control timing

of GEMS in operation time slice t.
θ0 Initial state of daily operation.
θ = {θ1, . . . , θT}. Daily operation parameter

set for operation of demand-side EMS which
includes FC status (on/off), FC output, pur-
chased electricity/gas, amount of reverse power
flow from PV, and energy flow to advanced
HVAC.

v, v Upper and lower limits of appropriate voltage.
v Scalar value of voltage.
v̇τ (y) Complex vector of secondary voltage of target

transformer at time τ under profile y.
x Input vector used for forecast.
y = (y1, . . . , yT). Forecast target sequence.
ψ t Parameter set of vector-LDC method at opera-

tion time slice t.
ż Complex vector of unit line impedance between

transformer and regulating point.

Subscripts and Superscripts

·t At the time slice t.
·τ At the arbitrary control timing τ .
·e For calculating electricity.
·g For calculating gas consumption.
·i Of the i-th result in forecast result set I.
· j At node j.
·Ld For calculation of electricity demand.
·HW For calculation of hot water demand.
·PV For calculation of PV output.
·LDC For vector-LDC control.
·buy For calculation of purchased electricity.
·rev For calculation of reverse power flow.
·trg Of target.
·ref At the regulating point in distribution network.
·k Of the k-th forecast result.
·q Of query; e.g., xq indicates query input.
·∗ Realization; e.g., y∗ indicates actual sequence.

I. INTRODUCTION

AFTER the Great East Japan Earthquake of 11 March,
2011, the introduction of residential PVs has been pro-

moted significantly under the FIT program in Japan though the
unexpected generation output fluctuation problem depending

on the weather conditions becomes obvious. In this situation,
demand-side energy management that achieves peak shift and
saves non-essential energy consumption will play an important
role [1], [2] in maintaining a stable balance between sup-
ply and demand; controllable residential energy appliances,
e.g., FCs are expected to serve as a useful tool for provid-
ing an energy buffer to achieve efficient PV power utilization
in demand-side energy management. One of the difficulties
in demand-side energy management will be caused by the
diversity in demand patterns due to the varying life styles
of consumers. In situations where uncertainty in renewable
energy sources begins to significantly affect the power system,
the supply-side needs to maintain high power quality while
taking into account the diversity in demand-side management
results and utilizing renewable energy sources maximally. In
order to handle the uncertainty in such a real-world sys-
tem, various forecasting techniques for PV output [3], [4]
and load [5], and robust energy appliance operation meth-
ods [6], [7] have been proposed in the energy informatics
field. Particularly, in recent years, the idea of model pre-
dictive control [8] has been introduced for EMSs. Table I
shows typical implementations of model predictive control for
various EMSs [9]–[20]. As shown in the table, the frame-
work has been applied both for demand-side and supply-side
EMSs; the fact indicates that the framework of model pre-
dictive control is suitable for optimizing the global objective
under the uncertainty of prediction results. However, in gen-
eral, the supply-side and demand-side EMSs usually have their
own objectives. Therefore, a framework for achieving globally
suboptimal energy management under uncertainty according to
the feasible real-world scheme by considering the difference
in objectives for the demand-side and supply-side is required.

Here, the authors propose a framework of distributed EMSs
that comprehensively utilizes outputs of distributed residential
PV power systems to the fullest extent under the policy deter-
mined by given TOU pricing. The framework is consisting of
a group of demand-side EMSs distributed in the electric distri-
bution network and a supply-side EMS that affect each other;
these two systems are briefly characterized as follows.
HEMS Demand-side EMS for consumers, managing control-

lable energy appliances to minimize residential operation
cost (which is defined as the sum of electric power
and gas supply charges in this paper) under the given
TOU menu so as not to disturb residential thermal
comfort.

GEMS Supply-side EMS in a distribution network for volt-
age support and reduction of PV curtailment by utilizing
advanced voltage control devices.

The grid and home EMSs described in this paper are based on
a consistent design principle based on three steps, i.e., fore-
casting, operational plan, and control, for handling uncertainty
in PV outputs and variation in energy consumption patterns.
The primary objectives of these systems are different, so that
individual EMSs basically work for the implementer’s benefit;
however, residential PV outputs largely installed in a distribu-
tion network are expected to be utilized comprehensively by
appropriately considering influence of the forecasting errors in
the systems. In this paper, we introduce a method to derive
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TABLE I
IMPLEMENTATIONS OF MODEL PREDICTIVE CONTROL FOR EMS

several plausible future demand and PV output curves in order
to handle uncertainty in the forecast result, and propose a strat-
egy to enjoy the advantage of this forecasting approach from
the viewpoint of the expected value of the objective function in
demand-side and supply-side EMSs. The proposed framework
is implemented in our distributed EMS simulation model; we
carry out numerical simulations of our EMS scheme based
on a Japanese distribution network model, and evaluate the
effectiveness of our proposed distributed framework from the
viewpoints of the voltage violation, amount of curtailed PV
outputs, and the demand-side operational cost simultaneously.
Major contributions of this paper are briefly described as fol-
lows; (i) an idea of multiple scenario forecast is implemented
for EMSs to treat uncertainty in forecast results, (ii) a demand-
side EMS framework for minimization of operational cost is
introduced, (iii) a supply-side EMS framework for reduction
of voltage violation and PV curtailment is proposed, (iv) com-
prehensive impact of distributed EMS framework is evaluated
from both perspectives of supply-side and demand-side simul-
taneously on the basis of an actual Japanese distribution
network model, (v) effectiveness of advanced voltage control
devices in supply-side EMS for reduction of voltage violation
and PV curtailment is evaluated, and (vi) impact of forecasting
errors in energy management is empirically evaluated.

The paper is composed as follows. In Section II, our pro-
posed framework of distributed EMS is briefly described.
Then, we introduce a framework of demand-side energy man-
agement system for home in Section III. Section IV also
provides a supply-side energy management system for the
distribution network. Simulation results of our proposed dis-
tributed EMS based on an actual Japanese distribution network
are shown in Section V. Finally, Section VI is devoted to some
concluding remarks.

II. FRAMEWORK OF DISTRIBUTED EMS

In this paper, we assume that the demand-side EMSs dis-
tributed in the power grid are introduced by energy consumers
who may enjoy the benefits of sustainable residential opera-
tion cost reduction, and the supply-side EMS is introduced

by a network operator; the operator takes responsibility for
maintaining energy quality and enjoys the benefits of cost
reduction by utilizing residential PV output instead of alterna-
tive power sources with expensive fuel cost. These independent
systems are implemented to achieve their individual purposes
while considering uncertainty in PV outputs and diversity in
demand patterns so as to realize comprehensive utilization of
the residential PV outputs by their ripple effects.

Fig. 1 shows a schematic image of our proposed distributed
EMS framework which aims to reduce the expected voltage
violation on the distribution network, the amount of curtailed
PV output, and the expected operational cost for the con-
sumers while keeping resident’s thermal comfort through a
TOU pricing program. Assume that the grid EMS provides a
TOU pricing program to the consumers, and residential home
EMS derives day-ahead operational plan of residential energy
appliances in order to accomplish their local objectives, i.e.,
the minimization of the expected daily operation cost. Both
grid and home EMSs are based on the following three steps;
forecast, operational plan, and control. In the forecast step, the
expected PV output and the expected energy consumption pat-
terns are forecasted based on the database constructed in each
system. Then, the appropriate operational parameter set for
the forthcoming control period is derived based on the fore-
cast result in the operational plan step. In the control step, the
controllable appliances and devices are dynamically controlled
according to the derived parameter set in order to mitigate the
divergence between the current situation and the forecasting
result.

Our proposed distributed energy management framework,
shown in Fig. 1, works according to the following timeline. In
the demand-side EMS, the quarter-hourly residential PV out-
put and energy consumption for the forthcoming period from
3:00 to 27:00 are forecasted. Operation of several residential
energy appliances is planned for the daily control according to
the given TOU price until 3:00. In the supply-side EMS, the
quarter-hourly total PV output and energy consumption of the
target area for the next one hour are forecasted. Appropriate
operational parameters for the hourly control of the voltage
regulators are derived until the start of the control period.
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Fig. 1. Schematic image of distributed EMS framework. The GEMS aims to reduce the expected voltage violation in the distribution network, the number
of tap controls, and the amount of curtailed PV output. The HEMS aims to reduce the expected operating cost for consumers while maintaining the resident’s
thermal comfort. Assume that the GEMS provides a TOU pricing program to the consumers, and the HEMS derives a day-ahead operational plan for residential
energy appliances in order to reduce the expected daily operating cost. The control results of HEMSs affect the control of the GEMS through the change in
energy consumption and reverse power flow from the residential PV.

Note that the control results of the demand-side EMSs dis-
tributed on the distribution network affect the control of the
supply-side EMS through the change in energy consumption
and reverse power flow from the residential PV.

III. IMPLEMENTATION OF DEMAND-SIDE EMS

Now, we introduce an HEMS framework that is composed
of an HEMS controller, a PV system, an FC system, and an
advanced HVAC; we assume that the advanced HVAC includes
the residential air-conditioning system, the automatic window,
the thermal insulation automatic blind, and the sunlight shield-
ing automatic blind. The proposed HEMS controller aims to
plan a day-ahead schedule for energy appliances (FC status
(on/off) and FC output for each time slice), the purchased
electricity/gas, the amount of reverse power flow from the
PV system, and energy flow to the advanced HVAC for min-
imizing the expected daily operating cost on the basis of the
forecasted PV output and energy consumption under the con-
straint of thermal comfort. Fig. 2 shows the process flow of
the demand-side EMS framework. The following subsections
are devoted to the description of this procedure.

A. PV Forecast

At the forecasting step, we adopt the so-called just-in-time
modeling scheme [21], [22], which achieves a nonparamet-
ric data-driven forecast and provides multiple scenarios as a
set of plausible forecasting results [23] in order to achieve
robust energy management in the presence of the forecasting
errors caused by uncertainty in PV outputs and variation in
residential loads. To implement the aforementioned idea, we
focus on the following K-NN procedure. Let t be an index
of the time slice in a day, yPV = (yPV

t ; t ∈ {1, . . . ,T})

Fig. 2. Process flow of the demand-side EMS framework.

be a sequence of PV outputs, and xPV
t be an input vec-

tor used to forecast the PV output at time t. We also let
DPV

t = {(xPV
n,t , yPV

n,t ); n ∈ {1, . . . ,N}, t ∈ {1, . . . ,T})} be an
input-output dataset used for forecasting the PV output at time
t where N is the number of samples in the database DPV

t .
Here, T stands for the number of time slices to be forecasted;
we focus on quarter-hourly daily profiles, so that T = 96 is
used in our HEMS. We find the K-NNs of the input query
xPV

q from the historical dataset {xPV
n,t ; n ∈ {1, . . . ,N}} stored in

DPV
t , which is described as follows,

NK

(
xPV

q ;DPV
t

)

=
{

n ∈ {1, . . . ,N}; d
(

xPV
q , xPV

n,t

)
≤ rK

(
xPV

q ;DPV
t

)}
, (1)

where d(xPV
q , xPV

n,t ) denotes the distance between the two
input vectors xPV

q and xPV
n,t , and rK(xPV

q ;DPV
t ) indicates the

distance between the query xPV
q and its K-th nearest input

xPV ∈ {xPV
n,t ; n ∈ {1, . . . ,N}} in DPV

t . For calculation of the
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distance between input vectors to extract K-NNs given in (1),
we use the following squared Euclidean distance:

d
(

xPV
q , xPV

n,t

)
=

(
xPV

q − xPV
n,t

)(
xPV

q − xPV
n,t

)�
. (2)

By using the K-NNs, the multiple scenario forecast is achieved
by returning the following set consisting of corresponding
outputs,

{
yPV

n,t ; n ∈ NK

(
xPV

q ;DPV
t

)}
. (3)

Thus, the proposed framework outputs K plausible scenarios of
PV output under the given condition xPV

q . Note that the input
vector xPV

n,t consists of the day length (sunrise-to-sunset), the
sun’s altitude at time t, and nine other weather prediction vari-
ables for t, provided as meso-scale model grid point values,
the numerical weather prediction data provided by Japan mete-
orological business support center (http://www.jmbsc.or.jp/).
The weather prediction variables used in our implementa-
tion are atmosphere pressure [hPa], wind velocity [m/s] (two
directions), temperature [◦C], humidity [%], cloudiness [%]
(three elements), and rainfall [mm]. Note that all input vari-
ables are standardized by adopting linear transformation so
that each variable takes a value between zero and one. These
input variables are selected based on the Akaike’s information
criteria [24].

B. Demand Forecast

We also use the multiple scenario forecast framework for
residential loads. Let yLd = (yLd

t ; t ∈ {1, . . . ,T}), yHW =
(yHW

t ; t ∈ {1, . . . ,T}) be sequences of electricity demand
and hot water demand; xLd, xHW be the corresponding input
vectors; and DLd = {(xLd

m , yLd
m ); m ∈ {1, . . . ,M}}, DHW =

{(xHW
m , yHW

m ); m ∈ {1, . . . ,M}} be input-output datasets used
for forecasting electricity and hot water demand respectively
where M is the number of samples in DLd and DHW. The
plausible forecast results are derived in a similar fashion by
selecting the K-NNs of the query xq; e.g., in the case of
electricity load forecast,

NK

(
xLd

q ;DLd
)

=
{

m ∈ {1, . . . ,M}; d(xLd
q , xLd

m ) ≤ rK

(
xLd

q ;DLd
)}
. (4)

One of the difficulties in forecasting residential load is
its diversity; the depth of the relationship between several
explanatory variables and the demand differs from one house-
hold to another. In this paper, we take a scheme to learn
the relative importance of each explanatory variable which is
mainly acquired at the nearest weather station around the target
house for forecasting the demand. To obtain plausible multi-
ple forecast results for residential loads, we focus on the class
of generalized squared Mahalanobis distance [25], which is
given by

d
(

xLd
q , xLd

m

)
=

(
xLd

q − xLd
m

)
M

(
xLd

q − xLd
m

)�
, (5)

where M is a positive-definite symmetric matrix, the so-called
Mahalanobis matrix. Note that the distance metric used in (5)
is reduced to the Euclidean distance used in (2) if M is a unit

matrix. Because it is important to reflect the effect of temporal
variation in the daily energy consumption behavior quantita-
tively in the aforementioned distance metric, the appropriate
matrix M is learned [23], [26] by using historical datasets DLd

and DHW, respectively. Then, the multiple load scenario fore-
cast is achieved by returning the outputs corresponding to (4)
as follows,

{
yLd

m ; m ∈ NK

(
xLd

q ;DLd
)}
. (6)

On the basis of the aforementioned framework, we derive
plausible K scenarios of the residential electricity load and
those of the hot water demand under the given condition
xLd

q and xHW
q . Note that the input vectors, xLd and xHW, are

composed of quarter-hourly electricity (or hot water) demand
[kWh/15 min] sequence of the previous day, and the hourly
features of sea-level pressure [hPa], surface pressure [hPa],
wind velocity [m/s] (two elements), temperature [◦C], humid-
ity [%], cloudiness [%] (four elements) and rainfall [mm] of
the target day.

C. Demand-Side Energy Management Using Forecast

In our framework, the HEMS controller plans operations for
dominant residential appliances so as to minimize the expected
daily operating cost. We implement scenario-based stochastic
optimization programming [27] by using the multiple-scenario
forecast results of PV and load profiles [28] at the opera-
tional plan step; in this approach, we focus on optimizing
the expected value of the objective function under several
forecasted scenarios rather than the optimization under single
scenario. We follow the setup of previous studies [28], [29]
for appliance configuration and specific formulation policy for
optimization, and focus on the essential optimization strat-
egy in this paper. Let θ t be the set of parameters (decision
variables) which includes the FC status (on/off), FC output,
purchased electricity/gas, amount of reverse power flow from
PV, and energy flow to the advanced HVAC at the time slice t.
We also let θ = {θ1, . . . , θT} be the daily operational plan
which is composed of T feasible parameter subsets from the
viewpoints of the energy and mass balances and the device
states [28]. Assume that we can obtain the actual day-ahead
PV outputs and demands y∗ = {y*PV, y*Ld, y∗HW}, the optimal
operational plan for appliances is denoted as the following
minimizer,

θ∗ = argmin
θ

T∑
t=1

(
ce

t ebuy
t

(
θ t|y∗, θ t−1, . . . , θ0

)

+ cg
t gbuy

t
(
θ t|y∗, θ t−1, . . . , θ0

)

− cPV
t erev

t

(
θ t|y∗, θ t−1, . . . , θ0

))
, (7)

where {ce
t , cg

t , cPV
t } is the cost conversion coefficients,

θ0 indicates the initial state, and ebuy
t (θ t|y∗, θ t−1, . . . , θ0),

gbuy
t (θ t|y∗, θ t−1, . . . , θ0), and erev

t (θ t|y∗, θ t−1, . . . , θ0) are the
purchased electricity, the gas consumption, and the reverse
power flow from PV as functions of θ t under the previous
parameter subset {θ t−1, . . . , θ0} and the realized profile y∗.
However, in general, we cannot access the actual day-ahead

http://www.jmbsc.or.jp/
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profile set y*, so that we focus on the following daily operating
cost function under the predicted scenario yk:

J
(
θ |yk

) =
T∑

t=1

(
ce

t ebuy
t

(
θ t|yk, θ t−1, . . . , θ0

)

+ cg
t gbuy

t
(
θ t|yk, θ t−1, . . . , θ0

)

− cPV
t erev

t

(
θ t|yk, θ t−1, . . . , θ0

))
. (8)

The objective function used in our proposed daily opera-
tional planning method is given as the expectation of the daily
operating cost (8), i.e.,

min EY [J(θ |Y)] � min
K∑

k=1

πkJ
(
θ |yk

)
, (9)

s.t. |PMVt(θ)| ≤ 0.5 (∀t),

where PMVt(θ) is the predicted mean vote [30], which is the
index of the thermal comfort, at the time slice t, and πk is
the prior probability of the scenario yk; in our simulation,
we set the uniform prior, i.e., πk = 1/K(∀k). Specifically,
PMVt(θ) is predicted depending on the status of the advanced
HVAC installed in the house (see the Appendix). Note that the
introduction of the predicted mean vote index makes the opti-
mization problem non-convex and nonlinear; in our problem
setting, exogenous variable which expresses comfortable tem-
perature range derived from PMVt(θ) is introduced to avoid
direct evaluation of the predicted mean vote. In our implemen-
tation, the scenarios are combined in accordance with the order
of distance calculated in the K-NN selection at the forecast
step; we make the k-th set yk by combining the k-th nearest PV
and demand scenarios from the query xq for k ∈ {1, . . . ,K}.

In our framework, residential energy appliances are oper-
ated on the basis of the plan derived on the previous day.
However, the results of the operation will be unsatisfactory
when the PV outputs and demands differ from the forecasted
results. Therefore, the FC output and the amounts of purchased
electricity/gas are adjusted dynamically at the control step; the
dynamic adjustment control is sequentially performed by using
the following minimizer:

θ t = argmin
θ t

Jt
(
θ t|y∗, θ t−1, . . . , θ0

)

= argmin
θ t

{
ce

t ebuy
t

(
θ t|y∗, θ t−1, . . . , θ0

)

+ cg
t gbuy

t
(
θ t|y∗, θ t−1, . . . , θ0

)

− cPV
t erev

t

(
θ t|y∗, θ t−1, . . . , θ0

)}
, (10)

which is derived by employing mixed-integer linear program-
ming. Note that the set of sequential minimizers shown in (10)
do not correspond to the solution of the global optimiza-
tion problem shown in (7) because of situation-dependent
constraints caused by the residential appliances.

IV. IMPLEMENTATION OF SUPPLY-SIDE EMS

Our supply-side management framework is composed of a
GEMS controller and voltage regulators such as an LRT and
an SVR (see Fig. 1). Furthermore, we employ the LVR which

Fig. 3. Process flow of the supply-side EMS framework.

is a pole transformer with an auto tap changer for controlling
the voltage in the low-voltage distribution system as an option
for an advanced GEMS.

Fig. 3 shows the process flow of the supply-side EMS
framework. At the forecasting step, the quarter-hourly
sequence of aggregated PV outputs and electricity demands
of the voltage control target area are forecasted every hour on
the basis of the just-in-time modeling according to (3) and (6).
Note that we focus on hourly profiles in our GEMS.

A. Supply-Side Energy Management Using Forecast

At the control step, the tap ratios of the LRT, SVR, and
LVR are controlled using the framework called the vector-
LDC method [31]. In this method, a regulator monitors its
secondary voltage and current to control the tap dynamically.
Let v̇τ (y∗) and i̇τ (y∗) be the secondary voltage and current of
the target transformer at the arbitrary timing τ under the actual
total PV outputs and demands y∗ = {y*PV, y*Ld}. The voltage
regulator controls the tap position to keep the voltage at the
regulating point vref

τ by monitoring v̇τ (y∗) and i̇τ (y∗). In the
vector-LDC scheme, the voltage at the regulating point vref

τ at
the arbitrary timing τ is estimated according to the following
equation:

vref
τ (l) = ∣∣v̇τ

(
y∗) − lżi̇τ

(
y∗)∣∣. (11)

Note that ż in (11) indicates the unit line impedance and l
is the line length between the transformer and the regulating
point. Let Dτ (ψ t) and Dτ (ψ t) be the cumulative differences
between target voltage vtrg

t and vref
τ with the dead band ε, i.e.,

Dτ (ψ t) = max
{

0,Dτ−1(ψt)+ vref
τ (l)− vtrg

t − ε
}
, (12)

Dτ (ψ t) = max
{

0,Dτ−1(ψt)+ vtrg
t − ε − vref

τ (l)
}
, (13)

where ψ t = {vtrg
t , l} is a parameter set of the vector-LDC

method at the operation time slice t. In our framework, the
tap position sτ at the control timing τ under the parameter ψ t
is controlled according to the values defined in (12) and (13)
as follows,

sτ = G(ψt|sτ−1) =

⎧⎪⎨
⎪⎩

sτ−1 + 1, if Dτ (ψ t) > α,

sτ−1 − 1, if Dτ (ψ t) > α,

sτ−1, otherwise,

(14)



1222 IEEE TRANSACTIONS ON SMART GRID, VOL. 9, NO. 2, MARCH 2018

where α indicates the given threshold; in our implementation,
we use a typical real-world value, α = 30[% · s], for all volt-
age regulators. If the tap position is regulated, the cumulative
voltage differences Dτ (ψt) and Dτ (ψt) are reset to zero.

Now, we focus on the determination of the operational
parameter set ψ t for the time slice t. Assume that the operation
time slice t is composed of τ ∈ {1, . . . ,Tt} dynamic control
timings. Let v j

τ (ψ t|y∗) be the voltage at the node j ∈ J under
the given parameter ψ t and y∗ where J is the index set of
nodes in the distribution network. We also let v j and v j be
the upper and lower limits of the appropriate voltage at the
node j. The optimal LDC parameter is ideally expressed under
the realized y∗ as follows:

ψ∗
t = argmin

ψ t

R
(
ψ t

∣∣y∗)

= argmin
ψ t

⎧⎨
⎩

∑
j∈J

Tt∑
τ=1

h
(
v j
τ

(
ψ t|y∗); v j, v j)

+ c1

Tt∑
τ=1

|sτ+1 − sτ | + c2

∑
p∈P

Tt∑
τ=1

Sp
τ

(
ψ t|y∗)

⎫
⎬
⎭,

(15)

where

h
(
v j
τ ; v j, v j) =

⎧⎪⎨
⎪⎩

v j
τ − v j, if v j

τ > v j

v j − v j
τ , if v j

τ < v j

0, if v j ≤ v j
τ ≤ v j,

and Sp
τ (ψ t|y∗) is the amount of PV curtailment at the point

p ∈ P in the distribution network. The first term in (15) indi-
cates the cumulative amount of voltage violations, the second
term indicates the cumulative number of tap controls derived
in (14), and the third term indicates the cumulative amount
of PV curtailment, respectively. The function R(ψ t|y∗) evalu-
ates the result of the operation under parameters ψ t and y∗, so
that it is calculated on the basis of the power flow simulation.
However we cannot again access the actual y∗, and therefore
we focus on the following expected minimization problem by
using the multiple prediction scenarios {yk},

minEY [R(ψ t|Y)] � min
K∑

k=1

πkR(ψ t|yk), (16)

where πk = 1/K(∀k) is the uniform prior. The function
R(ψ t|yk) in the minimization problem (16) is calculated by
power flow simulation with voltage regulator models, which
in general requires high computational cost.

B. Data-Driven Parameter Selection for
Scalable Implementation

To solve the computational cost problem, we derive the
appropriate parameter ψ t depending on the majority voting
results of the plausible parameter candidates based on the
nearest neighbor of the forecasted profiles {yk} stored in the
database [32]. Let I = {1, . . . , I} be the set of forecast results

in the database and Q = {1, . . . ,Q} be the set of candidates
for the parameter set. Let

DLDC = {(
ỹi,ψq, R̃i

(
ψq|y∗

i

)); i ∈ I, q ∈ Q}
, (17)

be the database of the size I × Q used for the determination
of the LDC parameter, which is composed of a triplet consist-
ing of the historical forecast result ỹi whose realization is y∗

i ,
an LDC parameter set ψq, and the objective value R̃i(ψq|y∗

i )

which indicates the evaluation result of the parameter ψq under
the realization y∗

i , i.e.,

R̃i
(
ψq|y∗

i

) =
⎧⎨
⎩

∑
j∈J

Tt∑
τ=1

h
(
v j
τ

(
ψq|y∗

i

); v j, v j)

+ c1

Tt∑
τ=1

|sτ+1 − sτ | + c2

∑
p∈P

Tt∑
τ=1

Sp
τ

(
ψq|y∗

i

)
⎫⎬
⎭.

(18)

Note that R̃i(ψq|y∗
i ) stored in the database (17) can be cal-

culated from the off-line power flow simulation, so that the
computational cost does not become an issue. In our pro-
posed framework, the nearest profile ỹN1(yk;DLDC) for a forecast
result yk is selected from the database DLDC. Finally, the
parameter ψ t is determined by minimizing the expectation
of the objective function (18) on the basis of the forecasted
scenarios, i.e.,

ψ t = argmin
ψq

EY
[
R̃(ψq|Y)

]

� argmin
ψq

K∑
k=1

πkR̃N1(yk;DLDC)

(
ψq|y∗

N1(yk;DLDC)

)
. (19)

Note that (19) reflects the effect of forecast errors in historical
data and yields the appropriate operational parameter without
using online power flow calculation for a large number of LDC
parameter candidates under multiple scenarios.

We adopt our proposed parameter determination scheme for
LRT and SVR at the operational plan step.

V. NUMERICAL EXPERIMENTS

To evaluate the effectiveness of our proposed distributed
framework linking HEMSs and GEMS from the standpoints
of the residential operating cost, total amount of curtailed PV
output, and cumulative amount of voltage violation, we per-
form some numerical case studies on the basis of 30 days
(January 2008) of real-world PV output and energy demand
profiles with a time step of 10 [s] by using a distribution net-
work model [33] which simulates an actual Japanese 6.6 [kV]
distribution power system (Fig. 4). The model installs an LRT
on the distribution substation, and an SVR on the feeder. We
assume that all the 479 residential customers distributed in
the low-voltage area install residential PV systems. We also
assume that HEMSs are installed in 42 houses at the termi-
nal area of the feeder. In this numerical experiments, thermal
comfort PMVt(θ) in each house is calculated based on ther-
mal simulation by using the residential space model [28], a



FUJIMOTO et al.: DISTRIBUTED ENERGY MANAGEMENT FOR COMPREHENSIVE UTILIZATION 1223

Fig. 4. Schematic image of the simulation model. The model installs an LRT on the distribution substation, and an SVR on the feeder. Assume that all
the 479 residential customers distributed in the low-voltage area install residential PV systems. We also assume that HEMSs are installed in 42 houses at the
terminal area of the feeder; thermal comfort PMVt(θ) in each house is calculated based on thermal simulation by using the residential space model [28], a
typical air-conditioning system model [34], and actual ambient temperature data acquired during the period of focused 30 days.

TABLE II
SIMULATION SETUP

typical air-conditioning system model [34], and actual ambi-
ent temperature data acquired during the period of focused
30 days. Table II shows our experimental setup including sev-
eral dominant parameters, and Table III shows electricity and
gas rate used for derivation of residential operation cost; we
assumed a current real-world TOU menu provided by Tokyo
Electric Power Company Holdings, Inc. In this experiment,

TABLE III
ELECTRICITY AND GAS RATE

demand-side optimization problems are solved by CPLEX
optimizer [35] with the default setting and the off-line power
flow simulation is calculated on the basis of the add-on tool for
MATLAB [36] which was developed under the JST CREST
program [33].

In this simulation, we assess the effect of the distributed
EMS framework in a step-by-step manner; we especially focus
on evaluating the effectiveness of

• the proposed HEMS (pHEMS) by a comparison with the
conventional management (cHEMS), which adopts the
predetermined operation schedule without using forecast
results and performs the dynamic adjustment control,

• the proposed GEMS (pGEMS) by a comparison of the
conventional management (cGEMS), whose operation
follows the predetermined fixed operation parameters,

• low-voltage regulators at the terminal node where the
42 HEMSs are installed for the advanced supply-side
management (pGEMS with LVR),

under the assumption that all 42 houses installing the HEMS
have an FC. In the cHEMS, we assume that the FC generates
electricity from 04:00 to 24:00. In this simulation, we also
evaluate the effectiveness of our EMS framework based on
multiple scenario forecast under K = 5 by comparing with the
latest EMS framework which implements the idea of model
predictive control (with K = 1).
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Fig. 5. Simulation results: daily averages of (a) the cumulative voltage violation, (b) the PV curtailment per household, and (c) operating cost per household.

Fig. 6. An example of demand-side management; profiles of (a) the scheduled FC operation without using forecasting under the cGEMS, (b) the pHEMS
(K = 5) under the cGEMS, (c) the pHEMS under the pGEMS (K = 5), and (d) the pHEMS under the pGEMS with LVR. The cumulative difference between
the expected and realized PV outputs corresponds to the amount of daily PV curtailment occurring in this house.

Fig. 5 shows the simulation results; daily averages of the
cumulative voltage violation at the high voltage nodes and
the low voltage nodes (Fig. 5(a)), daily averages of the
PV curtailment per household connected to the high voltage
nodes (N1-N14) and the focused low voltage nodes (n1-n42)
(Fig. 5(b)), and daily averages of the expected and the real-
ized operating cost per household (Fig. 5(c)). The results show
that the HEMS framework based on model predictive control
(pHEMS with K = 1) achieves to reduce the realized oper-
ational cost 28.298 [yen/day] from the conventional HEMS.
The realized operational cost is slightly improved by our pro-
posed HEMS based on the multiple scenario forecast scheme
with K = 5; the numerical results imply that our proposed
HEMS effectively avoids to the expected cost by consider-
ing the uncertainty of the forecast result. Compared with the
expected operational cost under the assumption that the surplus
PV output is sold as planned in HEMS, the realized opera-
tional cost deviates significantly. The results also indicate that
the average PV curtailment is drastically reduced at the high
voltage nodes (9.96[kWh] → 0.29[kWh]) and the operating
cost is improved by introducing predictive control framework
into the GEMS (pGEMS with K = 1); this is attributed to the
increase of the opportunity that PV selling is enabled. By con-
trast, cumulative voltage violation at the high voltage nodes
is remarkably worsen (683.2[V · s] → 2464.1[V · s]); this is
attributed to lower limit deviation. Our proposed supply-side
framework based on multiple scenario forecast (pGEMS with
K = 5) achieves to reduce the expected risk of voltage viola-
tion (2464.1[V · s] → 0.3[V · s]) by considering uncertainty in

the forecast results. The introduction of the LVRs at the low
voltage distribution network (see Fig. 4) tolerate the active
cost-driven operation plans given in demand-side and support
quality maintenance of the power supply from the viewpoint
of voltage; the results show that PV curtailment, particu-
larly occurred at low voltage nodes, is substantially reduced
(1.97[kWh] → 0.01[kWh]) and imply that the effectiveness
of distributed energy management by utilizing residential PV
output comprehensively.

An example of the demand-side management results, i.e.,
the FC profile, realized/expected PV output, and purchased
electricity is shown in Fig. 6; Fig. 6(a) shows the profiles of
the cHEMS (scheduled FC operation without using forecast-
ing) under the cGEMS, Fig. 6(b) shows those of the pHEMS
with K = 5, Fig. 6(c) shows the profiles of the pHEMS under
the pGEMS with K = 5, and Fig. 6(d) shows those of the
pHEMS under the pGEMS with LVR. Note that the cumula-
tive difference between the expected and realized PV outputs
corresponds to the amount of daily PV curtailment occurring
in this house. Fig. 6(b) implies that the FC is operated accord-
ing to the forecast results so as to reduce the operating cost,
while the PV output is curtailed significantly because the volt-
age in this area remains in a critical state under the cGEMS.
As shown in the figure, the amount of curtailed PV output is
significantly reduced under the proposed GEMS. The results
also suggest that the introduction of the LVR further mitigates
the problem of PV curtailment.

Fig. 7 shows an example of node voltage profiles of the
conventional GEMS and the proposed GEMS with the LVR
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Fig. 7. Voltage profiles of the cGEMS and the pGEMS (k = 5) with LVR under the pHEMS; profiles at (a) HV nodes under the cGEMS, (b) HV nodes
under the pGEMS with LVR, (c) LV nodes under the cGEMS and (d) LV nodes under the pGEMS with LVR.

under the proposed HEMS. Figs. 7(a) and (c) indicate that volt-
age values sometimes exceed the upper limit of the acceptable
range at both high and low voltage nodes under the cGEMS
even when some PV output is curtailed. On the other hand,
Figs. 7(b) and (d) show that node voltage values are controlled
within the acceptable range under the pGEMS by using LVR.
The results show that the proposed GEMS framework controls
voltage within the acceptable range.

We should note that the computational time for optimiza-
tion at the operational plan step in the demand-side EMS is
almost linear with respect to the number of forecast scenar-
ios K. In the numerical experiments, the computational time
is 1, 233[s] (about 21[min]) under K = 5 by using single-
thread processing. A method for LDC parameter derivation
introduced in Section IV-B also realizes fast implementation
of the operational plan step in the supply-side EMS; in the
experiments, the LDC parameter set is derived in several sec-
onds. These results show a scalability of the proposed method
for the real-world implementation.

The simulation results imply that the proposed distributed
EMS framework achieves a synergistic effect for utilization
of the PV output by minimizing the expected operating cost
under the given TOU menu from the demand-side perspective
and by reducing the expected voltage violation risk from the
supply-side perspective.

VI. CONCLUSION

In this paper, we propose a distributed energy management
framework between demand-side EMSs and a supply-side
EMS for comprehensive utilization of distributed residential
PV systems; each EMS is composed of a consistent manage-
ment flow based on forecast, operational plan, and control
steps. In particular, this paper proposes the EMS frame-
work based on multiple scenario forecast and scenario-based
stochastic optimization programming to mitigate the effects
of prediction errors which cannot be corrected in the naive
implementation of the latest EMS framework based on model
predictive control. We also evaluate the effectiveness of a

distributed EMSs under the given TOU pricing by using a
distribution network simulation model from the viewpoints of
operational cost, voltage violation, and total PV curtailment.
The simulation results imply that the proposed EMS frame-
work based on the idea of multiple scenario forecast achieves
a synergistic effect for utilization of the PV output by mini-
mizing expected operational cost under the given TOU menu
from the demand-side perspective and by reducing expected
voltage violation risk from the supply-side perspective.

We have implemented the proposed framework under the
assumption that the timing of parameter updating is prede-
termined individually for each system; further investigation
will be needed to determine the appropriate updating cycle
in distributed EMSs. This paper focused only on the use of
FCs and HVACs in the demand-side EMS; however, various
residential energy appliances should be used for comprehen-
sive utilization of residential PV outputs; verification of the
effectiveness of the distributed EMS framework by using var-
ious residential home appliances will be an important topic,
though it remains as a future work. In the supply-side EMS,
we particularly focused on voltage issue as a constraint on a
comprehensive utilization of the PV output, however, operation
results of demand-side EMS also affect the energy losses in
power systems. Application of our framework by cooperating
with the other kind of GEMS scheme from the viewpoint of
loss reduction will provide an important information for grid
operators. Investigation of the effects of our proposed scheme
from the loss perspective, and development of a method to
cooperate with GEMS for the purpose of loss reduction are
the topics of our research in progress.

APPENDIX

Let M be the metabolic rate [W/m2], W be the effec-
tive mechanical power [W/m2], Icl be the clothing insulation
[m2· K/W], fcl be the clothing surface area factor, ta(θ) be the
air temperature [◦C] under the operation parameter θ , t̄r be
the mean radiant temperature, var be the relative air velocity
[m/s], pa is the water vapor partial pressure [Pa], hc be the
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convective heat transfer coefficient [W/(m2·K)], and tcl be the
clothing surface temperature [◦C]. The predicted mean vote
index PMVt(θ) used in HEMS optimization (9) is explicitly
given as follows:

PMVt(θ)

= (0.303 exp(−0.036 · M)+ 0.028)

·
[
(M − W)− 3.05 · 10−3(5733 − 6.99(M − W)− pa)

− 0.42((M − W)− 58.15)− 1.7 · 10−5M(5867 − pa)

− 0.0014M(34 − ta(θ))− fclhc(tcl − ta(θ)))

− 3.96 · 10−8fcl

(
(tcl + 273)4 − (

t̄r + 273
)4

)]
,

where

tcl = 35.7 − 0.028(M − W)− Icl

(
3.96 · 10−8fcl

·
(
(tcl + 273)4 − (

t̄r + 273
)4

)
+ fclhc(tcl − ta(θ))

)
,

hc =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

2.38|tcl − ta(θ)|0.25,

if 2.38|tcl − ta(θ)|0.25 ≥ 12.1
√

var

12.1
√

var,

if 2.38|tcl − ta(θ)|0.25 < 12.1
√

var,

fcl =
{

1.00 + 1.290Icl, if Icl ≤ 0.078
[
m2 · K/W

]
1.05 + 0.645 ∗ Icl, if Icl > 0.078

[
m2 · K/W

]
.
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