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Abstract

This paper proposes an energy management system (EMS) for nanogrids to
balance the power supply and forecasted demand in consideration of fore-
casting errors arising from high instantaneous demand. The proposed EMS
employs a power-balancing optimization process for forecasted demand and
a reference power modulation strategy for forecasting errors. This power-
balancing optimization utilizes nanogrid sources, such as photovoltaics, fuel
cells, and batteries, to meet forecasted demand and a supercapacitor charging
process to overcome issues with a low energy density. The proposed reference
power modulation strategy is utilized to allocate power from a hybrid energy
storage system consisting of a battery and supercapacitor in order to com-
pensate for forecasting errors. In addition, this proposed strategy considers
battery and supercapacitor constraints such as the power changing rate and
total power limitations. The power-balancing optimization process also op-
erates at faster sampling rate than the reference power modulation process
in order to improve the computational efficiency. The performance of the
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proposed EMS is evaluated using real data obtained from the Korea Electric
Power Exchange.

Keywords: Nanogrid, energy management system, hybrid energy storage
system

1. Introduction

Recently, interest in small distributed power sources, such as photo-
voltaics (PVs), wind turbines, fuel cells, and energy storage systems (ESSs),
has increased due to the growing demand for a self-sufficient electricity sup-
ply for households and commercial buildings [1-4]. Electrical self-sufficiency
is important for several reasons, including increased energy security, reduced
dependence on fossil fuels, and the ability to control energy costs, while also
mitigating the impacts of blackouts and reducing greenhouse gas emissions.
These power systems are commonly referred to as microgrids [5, 6]. More
recently, researchers have explored the use of nanogrids for single homes and
buildings, which are smaller versions of a microgrid that are designed for even
greater efficiency and flexibility [7-9]. A nanogrid is a decentralized, small-
scale power grid that provides electricity to isolated communities, remote
areas, and microgrids. Nanogrid components typically include renewable
power sources, ESSs, power electronics, and power management systems, as
well as a variety of household loads, such as TVs, electric ovens, washing
machines, heating/air conditioning, and refrigerators. Nanogrids have been
widely employed for future single-house/building power distribution systems
[10]. An accurate definition of nanogrids was presented in [7] to differenti-
ate them from microgrids. Nanogrids are associated with various technical
considerations, including the choice between stand-alone and grid-connected
configurations and the selection of AC or DC link buses [7]. Stand-alone
nanogrids are isolated electrical systems that are not connected to a larger
grid and thus rely on local power sources to meet power demands. Grid-
connected nanogrids, on the other hand, are connected to the main grid and
can export excess power to the grid when available. This makes them an ideal
solution for urban and suburban areas where the main grid is easily accessi-
ble. It is more important to enhance the stability of stand-alone nanogrids
than the grid-connected nanogrids, and many studies have been conducted
on this [11-13].

The power supply and demand must be balanced to ensure the stability



and reliability of a stand-alone nanogrid system. In this respect, a suitable
energy management system (EMS) is crucial because it is responsible for
monitoring, controlling, and optimizing the power flow within a grid sys-
tem to meet power demands while maximizing the utilization of local power
sources [14-16]. An EMS for a stand-alone nanogrid must consider not only
power scheduling between power sources (e.g., PVs, fuel cells, and ESSs)
and demand but also the optimal economic use of each power source [17—
19]. By utilizing forecasted demand and PV power generation, an optimiza-
tion process can determine the economically optimal power flow from the
power sources to meet the load demand. However, forecasting demand in a
nanogrid can be challenging because there are significant uncertainties associ-
ated with nanogrids, including PV production, energy consumption patterns,
and weather conditions [10]. Though many forecasting methods have been
proposed and tested, including linear regression, neural networks, support
vector regression, and fuzzy models, forecasts cannot be completely accu-
rate [20]. In addition, high instantaneous demand in a nanogrid can make
demand forecasting even more difficult, with high-power electronics such as
hair dryers, microwaves, and electric ovens leading to sudden increase in the
power demand [21]. This type of demand can be difficult to deal with be-
cause it is unpredictable and can arise every few seconds. Real-time EMSs
have been developed to compensate for these forecasting errors [22-24]. How-
ever, previously studied real-time EMSs are performed on a minimum time
scale of minutes due to the amount of algorithmic computation, so that it is
difficult to address the previously mentioned forecast errors including high
instantaneous demand.

In nanogrids, real-time compensation for forecasting errors necessitates
the availability of fast and readily controllable power sources [9, 25, 26]. In
this context, PVs may not be suitable as a power source for a nanogrid
because of their nonlinearity and the unpredictable variation in irradiance.
Similarly, batteries are commonly used as ESSs due to their high energy
density and low cost [27], but they are not suitable for all situations due to
their limited lifespan and low power density. Various factors, such as the
temperature, cycling depth, and power changing rate (i.e., the rate at which
the battery’s charge or discharge power changes), affect battery aging [28].
In particular, research has shown that charging or discharging the battery
at a high rate can generate excess heat and cause electrochemical reactions
that degrade the battery’s internal components, leading to a shorter lifespan
[29]. Therefore, it is necessary to limit the power changing rate to extend the



lifespan of a battery, but doing so means it cannot be used to compensate
for forecasting errors arising from high instantaneous demand. In [30], it was
experimentally proven that a slow power changing rate in a battery leads to
a dynamic mismatch between the battery power and residual power. Thus,
if only batteries are used to compensate for forecasting errors,instantaneous
dynamic mismatches cannot be avoided. Therefore, another form of ESS with
a faster power changing rate is needed to overcome the forecasting errors.

Supercapacitors are ESSs that store energy in an electric field rather
than in a chemical reaction like a battery. They have a high power density,
long cycle life, and fast charging capabilities [31, 32]. Supercapacitors are
commonly used in applications that require rapid charge and discharge cy-
cles such as regenerative braking in electric vehicles and peak power shaving
in renewable energy systems [33, 34]. However, their relatively low energy
density makes them unsuitable when seeking to compensate for continuous
forecasting errors [35, 36]. Many researchers have thus proposed hybrid ESSs
(HESSSs) to overcome the limitations of batteries and supercapacitors [37-42].
These systems offer both high energy and power densities, rendering them
an ideal solution to compensate for continuous forecasting errors, including
those arising from high instantaneous demand. For example, a current mod-
ulation method for fuel cells, batteries, and supercapacitors was proposed
using model predictive control in [37]. The authors of [38] proposed a HESS
that utilizes a low-pass filter and a fuzzy logic controller to allocate power
between a battery and supercapacitor. In [39], two modulation methods for
a HESS consisting of a battery and a supercapacitor, optimization-based
strategy (A-control) and rule-based strategy (filtering) were compared taking
into account the voltage limitations of the supercapacitor. To improve the
lifespan of a battery bank in a standalone PV-based microgrid, a multi-level
HESS was developed, incorporating both a battery and a supercapacitor in
[40]. In [41], an adaptive filtration-based current-sharing strategy was pro-
posed to increase the lifetime of a battery for HESS consisting of battery and
supercapacitor. [42] used supercapacitors to compensate the power balance
due to the slow dynamic behavior of a diesel generator startup phase. In
[43], a PI controller based low-pass filter was applied to allocate the HESS
consisting of a battery and supercapacitor. The authors of [44] proposed
a variable bandwidth low-pass filter method to allocate power between the
battery and supercapacitor. However, most existing filter-based power allo-
cations do not directly account for constraints associated with the aging and
physical limitations of battery and supercapacitor.
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In designing an EMS for a nanogrid, it is essential to not only determine
power scheduling in accordance with the forecasted demand and available
power sources, but also compensate for forecasting errors. Optimal power
modulation for a HESS is necessary to compensate for forecasting errors
arising from high instantaneous demand while also taking into account the
constraints of batteries and supercapacitors. Furthermore, addressing the low
energy density of supercapacitors is also necessary. Nevertheless, no previous
study has considered all of these issues for a nanogrid EMS. Therefore, in
this paper, we propose an EMS for a nanogrid that employs power scheduling
to meet the forecasted demand and account for forecasting errors, including
those originating from high instantaneous demand. The proposed EMS con-
sists of a power-balancing optimization process for forecasted demand and a
reference power-modulation strategy for forecasting errors. It is impossible
to accurately predict the demand for a nanogrid because residents differ in
their life pattern every day. Thus, we indirectly approximate the forecasted
demand based on hourly usage data for household appliances obtained from
the Korea Electric Power Exchange. The forecasted demand is then met
in the power-balancing optimization process using nanogrid power sources
such as PVs, fuel cells, and batteries and includes a charging process for the
supercapacitor to address its low energy density. This supercapacitor charg-
ing process is driven by a proposed trigger strategy. The proposed reference
power modulation method allocates power from a HESS, consisting of a bat-
tery and a supercapacitor, to compensate for forecasting errors in real-time.
This method has been designed considering constraints such as the power
changing rate of the battery and supercapacitor and the total power limit.
We also evaluate the proposed reference power modulation method through
simulation and compare it with existing filter-based schemes. In addition,
the reference power modulation operates at a sampling rate of seconds, while
power-balancing optimization occurs at a sampling rate of minutes. This dif-
ference in the sampling rate allows forecasting errors, including those arising
from high instantaneous demand,to be managed efficiently. This approach
improves the computational efficiency of the EMS by reducing the frequency
of optimization required for the power-balancing process.

2. Problem formulation

The architecture of a typical DC nanogrid is depicted in Fig. 1, consisting
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Figure 1: Block diagram of a DC nanogrid with a controller and associated
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Figure 2: Block diagram of the DC nanogrid structure.

of a PV system, a fuel cell, an ESS, the residential load, and a gateway [7].
The PV system and fuel cell are capable of meeting the power demands of
the residential load. The ESS typically comprises a battery, which is capable
of storing the excess power generated by the PV system and discharging it
as required to meet the residential demand. The residential loads include
household appliances such as a TV, washing machine, microwave, refrigera-
tor, and other home appliances. The gateway is a power connection between
other nanogrids or the national grid [7]. The gateway also has the ability to
disconnect from external power sources, allowing the nanogrid to operate in



stand-alone mode. The nanogrid controller receives power demand informa-
tion from the residential loads and optimally commands the desired power
to power sources and ESS. Then, DC-DC converters connected to each com-
ponent are regulated to accurately track the desired power. The nanogrid
DC wiring block diagram is presented in Fig. 2. The power supply sources
PV and fuel cell, and ESS are connected to the residential load by DC-DC
converters. However, because the nanogrid functions on DC voltage and
the external power sources on AC voltage, it must be converted at AC-DC
when the power passes. Therefore, the gateway is connected to the AC-DC
converter.

Simulations were performed to explore the impact of forecasting demand
errors on the EMS in a DC nanogrid system. First, make the following
assumptions:

1. The nanogrid is assumed to be stand-alone and is not connected to

other grids.

2. The ESS is assumed to be only a lithium-ion battery and the energy

density is sufficient to meet the residential load.

3. The battery and fuel cell have a limited power changing rate [32].

4. Forecasting errors exist, including high instantaneous demand from the

residential load.

5. To balance the power supply and residential demand, we formulate an

optimization problem, which takes into account the forecasted demand
data provided in minutes.

The main objective of this simulation is to balance the power sources and resi-
dential demand. The PV, fuel cell, and battery are used as supply power. The
power dispatch strategy prioritizes the use of the PV over the other sources
because it is renewable and inexpensive. Therefore, the power-balance opti-
mization problem is defined as follows [17, 19]:

Jimin Y Pi(tw) — Ps(tm)
tme{1,....,T}
st. P+ P =P, (1)
Po+ Py + Py = Pry+ Ppepr,
P, — P, =0,

where each of the power flow parameters is summarized in Table 1. t,, is the
time index in minutes. The optimization is conducted for 24 hours a day,
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Table 1: Power parameters

Notations Description
P Fuel cell power
P Fuel cell power to the load
P PV power to the load
Py Battery power to the load
P PV power to the battery
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Figure 3: Forecasted demand for the nanogrid and PV power (3 kW) in
Seoul, South Korea.
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Figure 4: High instantaneous demand power generated from hours 18 to 23.

thus T" is 1440. Py is the forecasted demand, which is obtained offline [45].
Pr, ery s the forecasting error, which is obtained online by subtracting Py, s
from the actual demand. Ppy is the PV power.

The simulations are preformed using MATLAB/Simulink. Fig. 3 shows
the forecasted demand and PV power in Seoul, South Korea obtained from
the Korea Electric Power Exchange [45, 46]. Fig. 4 shows the forecasting
errors, including the high instantaneous demand that occurs between hours
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Figure 5: Simulation results for power balancing between the power sources
and demand for Case 1: (a) original figure and (b) enlargement of the point
at which high instantaneous demand is injected.

18 and 23. Two simulation cases are run: Case 1 has an optimized sampling
time of 1 min, which is the same as the forecasted demand data sample,
while Case 2 has a sampling time of 0.01 s. Fig. 5 shows the simulation
results for power balancing optimization (1) for Case 1. The total power
is represented by the sum of P, P;, and P,, while the total demand is
represented by the sum of the forecasted demand and forecast errors. In Fig. 5
(a), the total power meets the total demand but, in Fig. 5 (b), a delay can be
observed in the total power following the total demand. This is because the
optimization occurs on a minute scale, whereas high instantaneous demand
occurs within seconds [30]. To address this delay, Case 2 is run with a
shorter optimization sampling time. Fig. 6 displays the simulation results
for power-balance optimization (1) for Case 2. Even though the optimization
sampling is more frequent to compensate for the forecasting errors, there is
an instantaneous mismatch between the total power and total demand due
to constraints associated with the power changing rate of the battery [30].
Therefore, it is important to develop an advanced EMS to address the above
issues.
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Figure 6: Simulation results for power balancing between the power sources

and demand for Case 2: (a) original figure and (b) enlargement of the point
at which high instantaneous demand is injected.

Table 2: Average power consumption and average daily utilization time for
various household appliances

Appliance Power (W) Daily utilization time (min.)
TV;—1 154.4 344.9
Washing machine;—o 958.1 94.1
Clothes dryer;—3 1355.1 125.6
Fan;—4 46.1 427.7
Air conditioner;—s 1666.4 346.6
Rice cooker;—g 1056.4 75.7
Microwave;—7 1090.9 22.4
Electric oven;—g 1716.5 53.1
Humidifier;—g 38.2 355.1
Dehumidifier;—¢ 271.6 257.0
Air purifier;—q1 48.5 735.7
Refrigerator;—12 42.2 1440
Kimchi refrigerator;—13 19.2 1440
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3. Nanogrid system modeling

3.1. Household daily demand forecasting

The power demand is expressed as the use of home appliances. There are
two types of load demand in the data: interactive and background demand.
Interactive demand comes from home appliances that a consumer can turn
on or off as needed, such as TVs, microwaves, washing machines, and air
conditioners. Background demand is associated with home appliances that
remain on constantly, such as refrigerators and freezers. It is impossible to
accurately predict the demand for a nanogrid because residents differ in their
life pattern every day. Therefore, we indirectly approximate the forecasted
demand based on the ”Survey Report on the Supply of Household Appliances
(2019)” from the Korea Electric Power Exchange [45].

The average power consumption and average daily utilization time for
household appliances are presented in Table 2, where only the refrigerator and
kimchi refrigerator were considered as background demand. Each household
appliance is denoted by a subscripted number i. To determine the forecasted
hourly utilization of each appliance, the following equation is used:

Qi, R;] = DUT; /60, (i=1,...,13) (2)

where DUT; is the daily utilization time of each interactive demand appli-

ance, (); is the quotient, and R; is the remainder. @); is then written as

= s+ 1, ifR, >0

g, = @ikl C(i=1,...,13) 3)
Qi7 if R7 =0

Fig. 7 presents the hourly utilization rate for all household appliances ob-
tained from [45]. In Fig. 7, each of the 24 elements over time can be rep-
resented as a vector 7;. It is assumed that the time corresponding to the
maximum rate value in 7; is utilization time. The vector 7; is sorted in
descending order with size Q;, as follows:

m; = maxg,(7;), (i=1,...,13) (4)

where 7, € R** and m; € R9. At R, = 0, the power consumption for 60
minutes is input at the times corresponding to m;. However, at R; > 0, the
power consumption for 60 minutes is input at the times corresponding to the
rest elements of m; except for the final element. The power consumption for
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Figure 7: Hourly utilization rate for all household appliances [45].

R; minutes is then input at the time corresponding to the final element of
mry. The results of the forecasted daily demand for all household appliances
are shown in Fig. 8. The total forecasted daily demand can be obtained from
the sum of the forecasted daily demand for each appliance, as shown in Fig. 9.
Fig. 9 shows the start time of each appliance’s operation.

3.2. Local power sources

Local power supply sources are required to efficiently use residential dis-
tributed power generation in a nanogrid [7]. These can be divided into re-
newable (e.g., PV generators and wind turbines) and non-renewable power
generators. Renewable power generators only require initial installation cost,
thus they provide inexpensive power. Indeed, the penetration rate of resi-
dential PV systems has increased worldwide due to their simple installation,
unmanned power generation, and small-scale power generation [12]. How-
ever, PV generators are not controllable, and the output power is affected
by the solar irradiance levels. Therefore, the amount of power generated by
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a PV system is pre-implemented for forecasting purposes [20]. In this study,
the renewable energy source for the simulated nanogrid is assumed to be
a PV generator, and actual data for Seoul, South Korea is obtained from
the Korea Electric Power Exchange [46]. The nanogrid system is assumed
to have a PV generator with total generation capacity Ppy, for which the
following constraints holds:

Povmin < Pey(t) < Ppv max (5)

where Ppy min and Ppy max are the minimum and maximum power generation
capacity of the PV generator, respectively.

The nanogrid is also assumed to have access to a fuel cell as a non-
renewable power generator for backup power. Polymer electrolyte membrane
fuel cells are relatively small, light, and easy to build, making them suitable
for residential use. However, forecasting errors arising from high instanta-
neous demand can lead to a sharp drop in voltage, which is perceived as a
fuel shortage, so the power slope of the fuel cell must be limited for reli-
ability [37]. The nanogrid system is assumed to have a fuel cell with total
generation capacity Pr and power changing rate A Pr, for which the following
constraints hold:

PF.min S PF(t) é PF.max (6)

APF.min S APF(t> S AF)F.max (7)

where Pg pin and Pp . are the minimum and maximum power generation
capacity for the fuel cell generator, respectively, and A Pg i and A Pg nax
are its minimum and maximum power changing rate, respectively.

Based on these considerations, it is difficult to deal with the forecasting
errors associated with high instantaneous demand using only a PV system
and fuel cell, thus a HESS is an essential component of a nanogrid system.

3.8. Hybrid energy storage systems

While PV power is mainly produced at noon, most of the household de-
mand occurs in the evening (see Fig. 3). For this reason, power mismatches
occur between PV power and residential demand. Therefore, a battery should
be integrated into the PV system to compensate for this. This battery sys-
tem can operate in bidirectional mode to store PV power and export power

14



to meet demand. A typical battery has a higher energy density and a lower
cost compared to other types of ESS. However, it also has a low power den-
sity, limited lifetime and low power changing rate [28-30]. If only a battery
is employed as an ESS in a nanogrid system, its limited power changing rate
can significantly reduce its lifespan, especially when faced with high instan-
taneous demand. To increase the battery’s lifespan, the total power Pz and
power changing rate APy of the battery are limited in accordance with the
following constraints:

PB.min S PB<t) S PB.max (8)

APB.min S APB<t) S A1DB.max (9)

where Pgin and Pgpgax are the minimum and maximum battery power,
respectively, and A Pg in and APy max are the minimum and maximum power
changing rate for the battery, respectively.

A supercapacitor stores electricity through electrons at the electrode-
electrolyte interface, so it has a high power density and a rapid charg-
ing/discharging rate. In addition, a supercapacitor is referred to as an infinite
lifetime storage device because it has a significantly longer lifespan compared
to other types of ESS [47]. Due to these characteristics, a supercapacitor can
be used to compensate for forecasting errors related to high instantaneous
demand. In the present study, the nanogrid system is assumed to have a
supercapacitor with total generation capacity Ps and power changing rate
APy the following constraints hold:

PS.min S PS(t) S PS.max (10)

A-PS.min S APS(t) S A-PS.rnax (11)

where Psnmin and Pspax are the minimum and maximum supercapacitor
power, respectively, and APsin and APs . are the minimum and max-
imum power changing rate for the supercapacitor, respectively. Though the
supercapacitors have many advantages, their low energy density makes it dif-
ficult to continuously provide high power over long periods [35, 36]. Hence,
there is a requirement for an algorithm that can efficiently modulate the
power between the battery and supercapacitor to meet forecasting errors.
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4. Proposed energy management strategy for the nanogrid

4.1. Power-balancing optimization for forecasted demand

The power-balancing optimization process proposed in this study bal-
ances the power delivered by the power sources and the forecasted demand
and controls the charging process of a supercapacitor. The power balance
between the power sources and forecasted demand can be achieved by for-
mulating the following general optimization problem:

Jg g{% Z PE(tm) — Ps(tm)
tme{l,....,T}
s.t. (5) —(9)
P; + Ps = P,
P+ P3s+ Py = Pry,

PI_PQZOa

(12)

In (12), P is set to be negative to fully consume the PV power. The op-
timization problem is solved in MATLAB using the "quadprog” function,
which calculates the optimal power flow for P, P3;, and P, with equality
constraints to meet forecasted demand Py ;. In (12), the power flow of the
supercapacitor is not taken into account. Given the low energy density and
high leakage current of supercapacitors, it is important to consider their
charging and discharging constraints. The frequent use of supercapacitors
also leads to charging situations. Hence, if the state of charge (SOC) of
a supercapacitor is below the lower limit, it needs to be charged. Thus,
a supercapacitor charging process is incorporated into the proposed EMS.
The charging process includes the general optimization problem because the
power balance process is maintained while charging the supercapacitor. The
power balance optimization problem with supercapacitor charging can be
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Algorithm 1 Proposed trigger strategy for the EMS
1: function P;, Vi =1,...,6 =TRIGGER(SOCsyp, PL.crr)
2: Define the desired SOC for the supercapacitor SOCyp.des, the lower limit for the
supercapacitor SOC SOCjyp. jower, charging time T, sampling time T, and the upper
limit for the forecasting errors Pr, crr.upper-

3: Time = Time+Tys; trigger =0

4: if SOCyup > SOCsup.1ower and trigger == 0 then
5: Time =0

6: Solve the objective function J,

7 else if SOC,, < SOCsup.iower OF trigger == 1 then
8: trigger =1

9: Solve the objective function J.
10: if Tc < Time or SOCsyup.des < SOC4y, then
11: trigger =0
12: else if Pp ¢y > Pr.crrupper then

13: trigger =0

14: end if

15: end if

16: end function

formulated as follows:

Cmi 2 _
Jc.mllgl Z Pi(ty) — Ps(tm)

P tme{l,...T}
st. (5)— (10)
PS + P5 = vau

P2+P3+P4:PL.J0, (13)

Pl—PQ—PGZO
Te

- Z Pﬁ S SOCsup - SOCsup.deS
t=0

where F; is the power flow from the fuel cell to the supercapacitor, SOCy,;, is
the actual SOC of the supercapacitor, SOCqp.qes is the desired SOC for the
supercapacitor, n and T'c are the charging efficiency and charging time of the
supercapacitor. The fuel cell is used as a charging source for the supercapac-
itor. The final inequality constraints in (13) is added to the supercapacitor
charging optimization problem. This inequality makes it possible to meet
the desired SOC for the supercapacitor SOCq,p.des at set time 7.

In the proposed power-balancing optimization process, there are two op-
timization problems: J, and J.. These optimization problems should be
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considered on a case-by-case basis. Therefore, we propose the trigger strat-
egy summarized in Algorithm 1. Where the main point is to change the two
optimization problems in accordance with the state trigger or SOC of the
supercapacitor. If Pp ... occurs during the charging of the supercapacitor,
the supercapacitor charging optimization problem should be changed into
a general optimization problem because the supercapacitor cannot charge
and discharge simultaneously. This case is solved by line 12 in Algorithm
1. However, forecasting errors associated with high instantaneous demand
Py v are not addressed by the proposed power-balancing optimization pro-
cess. Because this process operates on a minute scale and only the battery is
used to meet the demand. Therefore, an additional fast-running algorithm
using the supercapacitor is required to meet these forecasting errors in the
proposed EMS.

4.2. Reference power modulation strategy for forecast errors

The main objective of the proposed reference power modulation is to
effectively distribute the power modulation of the HESS (consisting of the
battery and the supercapacitor), ensuring that the forecasting errors are
compensated. In recent years, many researchers have investigated power
allocation using a HESS. The most widely used allocation method is to use
a low pass filter as follows [38, 41]:

PB.des.c = —Ppes.cw + Pperrw (14)
PS.des.c T PL,err - PB.des.c

where Pg 4es.. and Ps g are the desired battery and supercapacitor power,
respectively, and w is the filter gain. The filter based allocation method can
allocate into low and high frequency components for battery and superca-
pacitor. However, the value of w cannot be set to fulfill the inequalities (9)
and (11) when random forecasting errors occur. The reason for this is that
the power changing rate of both APg . and APs, varies in accordance with
P; orr. In order to extend the HESS lifetime, it is essential that the reference
power modulation is conducted while satisfying the inequalities in (9)-(11).
Therefore, the proposed reference power modulation is designed as follows:
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Figure 10: Proposed reference power modulation process for a parallel bat-
tery and supercapacitor HESS topology.

Pp wax — Pppre, it Pppre > PBmax
PB,des = PBmin — Pepre, if Pppre < Ppmin
max{APg maxsign(a), APp minsign(a) }sign(«), else
o = Ppery — PBpre
Ps pre + APsmax, if B> Pgpre
Ps.des = § Pspre + APsmin, if 8 < Pspre
B, else

/8 = PL.err - PB.des

(15)

where Pp,,. is the previous value of Pp ges, Pspre is the previous value of
Ps 4es, and the signum function is:

1, ifx>0
sign(z) =490, ifx=0 (16)
-1, ifz<0.

The battery and supercapacitor discharging power are updated to Ppg. ges
and Pp4.s at each time step, respectively. The proposed reference power
modulation (15) is designed to satisfy the power changing inequalities (9)
and (11) for all time. In addition, the inequality (8) is also satisfied because
there are saturation of Pg i, and P .y in Pp.ges. Note that the inequality
(10) cannot be considered in cases where the high instantaneous demand is
greater than the maximum supercapacitor power. In such situations, the
HESS would not be able to compensate for the forecasting errors. Hence, we
assume that the total generation capacity of the supercapacitor is sufficient
to compensate for these errors.
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Algorithm 2 Proposed power modulation for the HESS

1: function Pg 4es, Ps.des =POWER MODULATION(Pp, ¢pr)

2: Define the minimum and maximum battery power Pp ,in and Pp.naz, the mini-
mum and maximum power changing rate for the battery APp min and APp max, the
minimum and maximum power changing rate for the supercapacitor APg i, and
APg max, the previous value of desired battery power Pg .., the previous value of
desired supercapacitor power Pg p,., and sampling time T.

3 a = PL.erT - PB.pre

4 if PB.pre > PB.nae then

b¥ PB.des = PB.maac

6.

7

8

else if Pp e < Pp.min then
PB.des = PB.min

: else
9: if APp maxsign(a) > APp minsign(a) then
10: PB.des = PB.p’r'e + A]:)B.max T
11: else
12: PB.des = PB.pre + AF’B.min T
13: end if

14: end if (get the desired battery power Pp ges)

15: ﬁ = PL.err - PB.des
16: if 8> Pgpre then

17: PS.des = PS.pre + AF)B.lrnax : Ts
18: else if 8 < Pg . then

19: PSAdes = PS.pre + AF)B.lrnin ' Ts
20: else

21: Ps.ges = ﬂ

22: end if (get the desired supercapacitor power Ps_ges)
23: end function

Fig. 10 shows the process for generating HESS converter control, where
Ip and Ig are the current for the battery and supercapacitor, respectively,
and Vg and Vg are the terminal voltage for the battery and supercapacitor,
respectively,. First, the proposed reference power modulation (15) is used
to generate the desired power signals Pp ges, and Pgges. Algorithm 2 pro-
vides the pseudo-code for the proposed method. In Algorithm 2, the desired
battery power that satisfies the battery inequality constraints (9) and (8) is
generated at line 14. The desired supercapacitor power that satisfies the su-
percapacitor inequality constraints (10) is generated at line 22. The desired
power signals are changed by HESS voltages to desired current signals for
current control. These signals are passed through each control loop using the
PI controller. Subsequently, a PWM signals are generated for the DC-DC
converters to track the desired current signals.
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Figure 11: Simulation results for the filter-based power modulation method:
(a) power for each component, (b) power changing rate for the battery and
supercapacitor, and (c) enlarged view of the y-axis of (b).

4.8. Performance analysis of the proposed reference power modulation

To provide a clearer and more intuitive understanding of the proposed
reference power modulation, a simulation analysis is performed using MAT-
LAB/Simulink to compare it with the filter-based method [38, 41, 48]. As-
sume that there are high instantaneous step functions and inequalities (8),
(9), and (11), with the following parameter values: APg i = —1000 W/s,
APB.max = 1000 W/S, PB.min = —1000 W, PB.max = 1000 W, APS,min =
—6000 W/s, and APg . = 6000.

Fig. 11 presents the simulation results for the filter-based power mod-
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ulation method (14). Fig. 11 (a) shows the desired power of the battery
and supercapacitor, the high instantaneous demand power, and the mini-
mum and maximum boundaries for the battery power. In Fig. 11 (a), it
can be confirmed that the high instantaneous demand is met by the sum of
the desired battery and supercapacitor power. The desired battery power
considers the boundary of (8). This is because there is usually a satura-
tion function in the desired battery output. However, the influence of the
saturation function leads to a slight delay in the desired battery power is
observed within the time intervals of 6 to 6.67 s and 18 to 18.38 s. Fig. 11
(b) shows the power changing rate for the battery and supercapacitor. It
is noteworthy that the power changing rate for the supercapacitor becomes
very large momentarily. This occurs because the conventional method does
not consider the constraints (11). Fig. 11 (c) depicts the zoomed-in view
of Fig. 11 (b). It is observed that the power changing rate for the battery
depends on the high instantaneous demand. Thus, the conventional method
has difficulty maintaining constraints (9). Fig. 12 presents the simulation
results for the proposed reference power modulation method. Fig. 12 (a)
shows the desired power of the battery and supercapacitor, as well as the
minimum and maximum power boundaries for the battery, alongside the
high instantaneous demand power. The results validate that the allocation
of the battery power takes into account the boundaries in (8). If the battery
power is constrained by (8), the supercapacitor is employed instead. High in-
stantaneous demand is eventually met by the sum of the desired battery and
supercapcapacitor power. Fig. 12 (b) displays the power changing rate for
the battery and supercapacitor, and their respective minimum and maximum
boundaries for power changing rate (9) and (11). The power changing rates
of the battery and supercapacitor operate within the boundaries in (9) and
(11), respectively. This technique can extend the lifespan of the battery and
supercapacitor while taking into account the physical restrictions on power
changes. In conclusion, the proposed reference power modulation method
can effectively allocate power between the battery and supercapacitor, while
satisfying the constraints (8), (9), and (11).

5. Performance analysis

5.1. Simulation setup

A block diagram of the proposed total energy management controller in
the nanogrid system is depicted in Fig. 13. Energy management optimization
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Figure 12: Simulation results for the proposed reference power modulation
method: (a) power for each component and (b) power changing rate for the
battery and supercapacitor.

is used to ensure the power balance between supply (i.e., PV, fuel cell, and
battery) and forecasted demand. As the data for the forecasted demand is
available on a minute scale, the energy management optimization should op-
erate using minute-scale sampling At,,. In contrast, forecasting errors occur
every few seconds, so they are compensated by the battery and supercapac-
itor in the proposed reference power modulation process with second-scale
sampling At,. To control the power from the local power sources and HESS,
DC-DC converters are connected in parallel to these devices. For the HESS,
bidirectional DC-DC converters are employed for the charging/discharging
process of the battery and supercapacitor.

A simulation is conducted using MATLAB/Simulink to verify the per-
formance of the proposed methods. The forecasted demand and PV power
as shown in Fig. 3. The PV power data are obtained from the Korea Elec-
tric Power Exchange for August 28, 2022, based on a facility capacity of 3
kW. The PV power and forecasted demand data are provided in hours and
minutes, respectively, thus they are optimized using the proposed power-
balancing optimization process. The simulation was only performed for hours
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Figure 13: Block diagram of the nanogrid components and the proposed
energy management controller.
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Figure 14: Forecasted demand for a nanogrid and PV power in Seoul, Korea
(hours 18 to 23).

18 to 23 hours due to computing power and data storage limitations. There-
fore, the forecasted demand and PV power are actually used for only hours 18
to 23 data as shown in Fig. 14. The forecasting errors arising from the high
instantaneous demand are the same as displayed in Fig. 4. These data are
provided in seconds, so the power balance is conducted using the proposed
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Figure 15: Simulation results of the energy balancing between HESS and
forecast errors including high instantaneous demand: (a) original figure, (b)
enlarged view of the transient response, and (c) enlarged view of charging
the supercapacitor.

reference power modulation process.

5.2. Results and discussion

Fig. 15 shows the results of the power-balancing process for HESS and
forecasting errors arising from high instantaneous demand using the proposed
reference power modulation. The total power (blue line) derives from the
battery and supercapacitor power. As shown in Fig. 15 (a), the total power
compensates for the forecasting errors. Fig. 15 (b) presents an enlarged view
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Figure 16: Simulation result of the trigger for supercapacitor charging.

of Fig. 15 (a) for the forecasting error occurring at 18:30:02. In the transient
response, the power of the battery and supercapacitor is allocated to extend
the battery life on the basis of the battery power changing rate (1 kW/s).
The proposed reference power modulation method can allocate power of the
battery and supercapacitor considering the battery power changing rate. The
remaining demand is then covered by the supercapacitor after correcting the
forecasting errors with the battery power. Fig. 15 (c) presents an enlarged
view of Fig. 15 (a) when charging the supercapacitor. In this case, it can
be seen that the proposed trigger strategy is activated due to the lack of the
supercapacitor SOC, as shown in Fig. 16. Fig. 17 (a) and (b) show the SOC
of the battery and supercapacitor, respectively. The supercapacitor SOC is
consumed faster than the battery SOC due to its low energy density and self-
discharge properties. Therefore, the supercapacitor is charged periodically
each time that trigger is activated. In Fig. 15 (c), the supercapacitor is
charged for 300 s (19:05:29 to 19:10:28), during which its SOC in Fig. 17 (b)
increases from 30 to 70 %.

Fig. 18 shows the optimization results of power-balancing between the
forecasted demand and power sources using power-balancing optimization.
The total power (green line) derives from a combination of battery, super-
capacitor, and fuel cell power. Fig. 18 (a) shows that the total power meets
the forecasted demand. There is a discrepancy between the total power and
forecasted demand because the high instantaneous demand is also met by
the battery and supercapacitor. The total power actually meets both the
forecasted and high instantaneous demand. Fig. 18 (b) shows an enlarged
view of Fig. 18 (a) from 18:00:00 to 19:00:00. The PV power produced be-
fore 18:18:00 is higher than the forecasted demand as shown in Fig. 14, thus
the PV power is sufficient to meet the total forecasted demand during this
period. The remaining PV power after meeting the forecasted demand is
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Figure 17: HESS SOC results (a) battery SOC and (b) supercapacitor SOC.

used to charge into the battery. After 18:18:00, the produced PV power is
lower than the forecasted demand, thus the forecasted demand must be met
by both the PV and total power. The PV power is hardly produced around
20:00:00 as shown in Fig. 14. Almost only sum power is used to meet the
forecasted demand at this time as shown in Fig. 18 (c¢). Fig. 18 (d) shows
an enlarged view of Fig. 18 (a) from 18:57:36 to 18:59:42. Power-balancing
optimization on a minute scale is employed to meet the forecasted demand.
In Fig. 18 (d), optimization is conducted twice at 18:58:00 and 18:59:00. Be-
cause power-balancing optimization is conducted each minute, no optimiza-
tion occurs between 18:58:00 and 18:59:00. However, the proposed reference
power modulation (15) operates in seconds and quickly compensates for the
forecasted errors operated in seconds. As a result, despite the forecasted
errors, the total power meets the forecasted demand.

Fig. 19 shows the power-balancing results for the total power and total
demand. The total power (blue line) consists of the battery, supercapacitor,
fuel cell, and PV power, while the total demand (green line) consists of the
forecasted demand and forecasting errors. Fig. 19 (a) shows that the total
power meets the total demand. There are discrepancies twice between the
total power meets the total demand because the supercapacitor is charged
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Figure 18: Simulation results for the energy balancing between the power
sources and forecasted demand: (a) original figure, (b) enlarged view from
18:00:00 to 19:00:00, (c) enlarged view from 19:18:00 to 19:54:00 (3800 to
4100 W), and (d) enlarged view from 18:57:36 to 18:59:42.
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Figure 19: Simulation results for the energy balancing between the HESS
and high instantaneous demand: (a) original figure, (b) enlarged view from
18:24:00 to 19:24:00, and (c) enlarged view from 19:48:00 to 21:30:00.

from 19:05:29 to 19:10:28 and 21:01:12 to 21:06:11. Figs. 19 (b) and (c¢) show
an enlarged view of Figs. 19 (a) from 18:24:00 to 19:24:00 and from 19:48:00
to 21:30:00. It can be seen that the forecasted demand and forecasting errors
are met by the proposed EMS method. The power-balancing optimization
process, which operates on a minute scale, is responsible for the forecasted
demand. The reference power modulation, which operates in seconds, is
responsible for the forecasting errors. As a result, total power meets total

demand throughout the period.
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6. Conclusion

This study proposed an EMS for use in nanogrids. The proposed EMS
employs a power-balancing optimization process for forecasted demand and
a reference power modulation strategy to account for forecasting errors. The
power-balancing optimization process uses nanogrid power sources (i.e., a
PV, fuel cell and battery) to meet the forecasted demand, while supercapac-
itor charging is employed to address its low energy density. The proposed
reference power modulation strategy is utilized to allocate power from the
HESS, which consists of a battery and supercapacitor, in order to compen-
sate for forecasting errors arising from high instantaneous demand. This
proposed power modulation strategy takes into account the constraints of
the battery and supercapacitor, such as their power changing rate and total
power limitations. The results showed that the proposed EMS achieves an
optimal power balance between the power sources and residential demand
without delays or instantaneous mismatches.
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Highlight

® This paper proposes a cascaded structure energy management system (EMS) for
nanogrid to balance power for both forecasted demand and forecast errors including
high instantaneous demand.

® The proposed EMS comprises a power balancing optimization process for forecasted
demand and reference power modulation strategy for the forecast errors. The power
balancing optimization utilizes nanogrid sources, such as PV, fuel cell, and battery, to
meet forecasted demand as well as a supercapacitor charging process for addressing
low energy density characteristics.

® The proposed reference power modulation strategy is utilized to allocate power from
the HESS comprising a battery and supercapacitor, in order to compensate forecast
errors. In addition, this proposed strategy is performed considering battery and
supercapacitor constraints such as their power changing rate, total power limitation.

® The power balancing optimization and reference power modulation operate at different
sampling rates, with the latter operating at a faster rate to improve the computational
efficiency.
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