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Abstract

The proper operation strategy is of great importance for photovoltaic-battery (PVB)
systems to achieve desirable performance. Therefore, it’s necessary to identify and
evaluate the characteristics of different operation strategies for engineering application.
In this study, three operation strategies including the dynamic programming (DP)-based
strategy and two widely used rule-based strategies, namely the maximizing self-
consumption (MSC) strategy and time-of-use (TOU) strategy, are compared
comprehensively for the grid-connected PVB system of an office building. Several

important performance aspects, including battery charge/discharge process, techno-
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economic performance, energy distribution, battery aging and impacts on utility grid,
are analyzed and compared. The results show that the DP strategy has greater flexibility
than the rule-based strategies to adapt to different PV-load distributions and electricity
pricing mechanisms, and has the advantage of achieving better economic performance
and reducing burden on the grid. Although the economic performance of the MSC
strategy is relatively poor, it has the highest self-consumption rate (SCR) and self-
sufficiency rate (SSR), thereby having the advantage of using PV generation in timely
manner to suit load demand. In addition, the MSC strategy results in the least battery
aging, while having the greatest negative impact on the utility grid. The TOU strategy
only outperforms the MSC strategy in economic performance under the condition of
relatively low battery cost (<1600 CNY/kWh) and causes the most battery aging as well.
The findings in this work can provide guidance for decisionmakers to determine the

proper management strategy for practical grid-connected PVB systems.
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Greek symbols

cost (CNY)

total energy (kWh)

battery rated capacity (kWh)

global solar radiation intensity on the horizontal plane (W/m?)
beam solar radiation intensity on the horizontal plane (W/m?)
diffuse solar radiation intensity on the horizontal plane (W/m?)
solar radiation intensity incident on PV array (W/m?)
photocurrent (A)

diode reverse saturation current (A)

PV current (A)

Boltzmann constant (J/K)

life cycle number of the battery

total discharge hours of the battery

power (kW)

electron charge constant

ratio of direct radiation of inclined plane

PV module series resistance (€2)

PV module temperature (°C)

Time (h)

PV voltage (V)

unit capacity cost of the battery (CNY/kWh)

initial investment per unit capacity of the battery (CNY/kWh)
maintenance cost per unit capacity of the battery (CNY/kWh)

average cost of PV power generation (CNY/kWh)
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Abbreviations

DP

installation tilt angle (°)
battery calendar aging
battery cycle aging

total battery aging

PV curve-fitting parameter
binary number (0 or 1)
efficiency (%)

reflectance of the ground

time step

battery

charge

load demand

discharge

export

grid

import

maximum

minimum

photovoltaic

reference value

total value

energy flow from battery to load / grid
energy flow from grid to battery / load

energy flow from PV to battery / load / grid

dynamic programming




ERP
FiT
LCR
LP
MSC
MILP
MPPT
PV
PVB
SCR
SoC
SOH
SSR
TOU

ZEB

electricity retail price
feed-in-tariff

load coverage ratio

linear programming
maximizing self-consumption
mixed integer linear programming
maximum power point tracking
photovoltaic
photovoltaic-battery
self-consumption rate

state of charge

state of health

self-sufficiency rate
time-of-use

zero energy building

1. Introduction

A growing concern has been paid to building sector due to its rapid increasing
energy consumption and the negative environmental effects [1]. As one of the biggest
energy consumers, the building sector accounts for about 40% of the total energy
consumption and more than 30% of total CO> emissions worldwide [2, 3], which calls
for the need of technology innovations [4], efficiency improvement and sustainability
development of buildings [5]. In recent decades, the concept of zero energy buildings

(ZEB) has widely been accepted [6], and implemented with the application of various
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energy-efficiency measures including renewable energy technologies [7]. Driven by
global energy and environmental issues, and the requirement of sustainable
development, renewable energy grew almost three times faster than fossil fuels and
nuclear energy in the past five years [8], among which solar energy is the most
developed and used one. Due to the outstanding advantage of low cost [9], eco-
friendliness, and easy integration with buildings [10, 11], solar photovoltaics (PV) has
been the most commonly used renewable energy technology in the building sector [12].
However, since PV output is highly affected by weather conditions, it has the
shortcoming of intermittence and instability. As a result, batteries are usually adopted
to store surplus PV generation to increase the PV self-sufficiency [13] and self-
consumption [14]. Since the charge and discharge of the battery can be controlled
flexibly, the PV-battery (PVB) system improves greatly the energy regulation initiative
of end consumers who can manage the energy flow actively based on certain operation
strategies [15]. In this context, a proper operation strategy is of great importance to
achieving the desirable performance of PVB systems [16].

Plenty of studies have been conducted to explore appropriate operation strategies
for PVB systems based on different objectives [15]. The strategy that aims at
maximizing self-consumption (MSC) of the PV generation is one of the most
commonly used operation strategies for PVB systems, especially for distributed PV
systems [17]. The MSC strategy is a simple energy management strategy that tries to

consume the PV generation with the maximum allowable rate as timely and completely



as possible [15]. Braun et al. [ 18] analyzed the effects of batteries on self-consumption,
and concluded that proper deployment of batteries increased greatly the local
consumption of PV generation. Based on the purpose of maximizing the PV self-
consumption and reducing the energy exported to the grid, some researchers explored
the optimization approach for PV size [19] or energy storage capacity [20]. Luthander
et al. [21] conducted a detailed review of existing research on PV self-consumption in
buildings, and found that the relative self-consumption could be improved by 13-24%
with collocating battery size properly. Sharma et al. [22] performed an optimization of
the size of batteries for a typical net zero energy home with rooftop PV in South
Australia based on the MSC operation strategy. According to Ref. [23], the self-
consumption rate (SCR) could be increased by 20-50% with proper batteries installed.
Zhang et al. [17] performed a detailed techno-economic analysis of a grid-connected
household PVB system under the condition of MSC operation strategy. The MSC
strategy was also used together with the limit of the state of charge (SOC) of batteries
to reduce battery degradation [24]. In that study, the maximum limit of the SOC of the
battery was set as a constraint condition to ensure battery safety. It is expected that the
MSC strategy will be more popular with the continuous decrease of financial subsidies,
especially for distributed systems. It can be found from above literature survey that the
MSC operation strategy has been widely used for both capacity optimization and
performance assessment of the PVB system. However, researchers usually focused on

the superiority of the MSC strategy in maximizing the SCR of PV generation, while



seldom evaluated comprehensively other aspects of the strategy, such as economic
performance, energy flow distribution, battery aging and impacts on utility grid.

In order to promote the application of PVB systems and incentivize demand-side
participation in energy management, the feed-in-tarift (FiT) and the time-of-use (TOU)
tariff were introduced in many countries [25]. Some researchers explored the design of
TOU tariff mechanism [26, 27]. In Ref. [26] the optimization approach for designing
the TOU rate was discussed, and Ref. [27] designed the TOU tariff using Gaussian
Mixture Model. As a result, achieving economic benefit through the FiT and the
electricity price difference between the peak-valley periods has become another
important goal for prosumers [28], which is called the TOU strategy. Gitizadeh et al.
[29] and Hassan et al. [30] conducted the battery capacity optimization based on tariff
incentives. Ratnam et al. [31] revealed that the majority of customers with PVB systems
made annual savings when provided with FiTs. Zhang et al. [32] conducted an
optimization study on scheduling the residential PVB systems under the conditions of
both TOU tariff and step tariff. In the study of Liu et al. [33], both single-criterion and
multi-criterion optimizations were performed by comprehensively considering
technical, economic and environmental performances of the PVB system with the TOU
strategy adopted. In that study, the energy limit exported to the grid was also considered
to reduce the negative effects on the grid. In their following study [34], experiments on
a PVB system under the MSC strategy and the TOU strategy were carried out to explore

the system performance and validate the energy management models developed for



simulation of hybrid renewable energy systems in a typical high-rise building in Hong
Kong. The TOU operation strategy also has relatively simple control rules which
involve charging the battery with the utility grid during valley price periods, ready for
discharge in peak price periods for load demand, aiming at achieving economic benefit.
Therefore, the TOU operation strategy was also widely used and accepted by both
researchers and consumers. However, characterized by the economic advantage, the
TOU operation strategy was usually treated partially with rare discussion on other
aspects of performance, and seldom compared with other operation strategies.

Both MSC strategy and TOU strategy are rule-based strategies, which have great
practicability, and have therefore been used widely in engineering practice. However,
limited by the their own “rules”, these two strategies cannot realize some operation
requirements of the consumers. Therefore, some optimization methods have also been
used for determining the suitable energy management strategy for PVB systems [15,
35]. Heuristic methods, especially the genetic algorithm (GA) and the particle swarm
optimization (PSO), were usually used for optimal design of renewable systems [35].
Ghorbani et al. [36] adopted a GA-PSO and multi-objective PSO (MOPSO) method to
optimize an off-grid battery-wind-battery system based on the purpose of achieving the
lowest total present cost and loss of power supply probability. Some researchers
adopted GA or PSO to solve the optimization problems for hybrid distributed energy
systems which involved PV panels, wind turbines [37], heating and cooling systems

[38], energy storage [39], and biomass energy [40]. GA and PSO are mainly used for



optimal sizing or placement of distributed energy systems [35], whereas are very
difficult to be used for optimization of the dynamic operation process of energy systems.
Moreover, when used for a relatively complex system, those methods are time-
consuming, and susceptible to converging in the local optima. Instead, mathematical
programming methods, such as the linear programming (LP) and the dynamic
programming (DP), are usually used for optimization of scheduling of energy systems
[15, 35]. Nottrot et al. [41] optimized the battery dispatch of a PV grid-connected
system using the LP algorithm for minimizing the net-peak load. Georgiou et al. [42]
used the LP algorithm to optimize the energy storage schedule of a battery in a PV grid-
connected system for nearly zero energy buildings. Yang et al. [43] conducted techno-
economic and environmental optimization of a household PVB system using the mixed
integer linear programming (MILP) method. Javadi et al. [44] adopted a stochastic
MILP method to model the self-scheduling problem of a household PVB system, and
discussed the effects of different demand response programs on utilizing the system for
best results. The LP is an effective method to optimize the scheduling of PVB system:s,
especially in a short time period such as several hours or one day. When used for
complex systems or solving large time scale optimization problems, such as more than
one year or the whole lifetime period, a large number of decision variables are needed
for LP, which leads to a complicated solving process and requires very long computing
time. In addition, the LP can only be used for linear problems, which limits its

application. As a result, another useful mathematic programming method, the dynamic
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programming (DP) method, which has attracted much attention for optimizing
management of renewable energy systems in recent years [45, 46]. Chen et al. [45] used
the DP method to optimize the operation of a combined heat and power system, and
Bahlawan et al. [46] used the method for optimization of the sizing and operation of a
hybrid energy plant. Bernasconi et al. [47] adopted the DP algorithm to determine the
optimal cash flow for a residential PVB system, and confirmed the meaningful
economic benefit of the proposed prediction method. In Ref. [48], the DP method was
used to decide the state of charge (SOC) schedule of the battery to find the trade-off
between consumer energy cost and battery health. Ming et al [49] carried out a daily
optimal generation scheduling of a hydro-PV plant to meet the load demand and
minimize water consumption. Mahmoudimehr et al. [50] developed a novel multi-
objective DP method for performance management of a solar thermal power plant. The
DP algorithm is a powerful tool for solving multistage optimization problems, where
the decision is made from a decision set based on the adopted optimization criteria [51].
This is an effective method to make a series of interrelated decisions in an optimal way
for a dynamic system [51]. Every step in which the DP method solve the problem just
need to find the optimal value at the current step, which makes the solving process
much simple. Compared with other optimization methods, including GA, PSO and LP
(or MILP), the DP method has several obvious advantages: (1) DP is suitable for both
linear and nonlinear problems; (2) DP can achieve the global optimum; (3) when used

for complex systems or solving large time scale optimization problems, DP has a much
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shorter computing time. Therefore, the operation strategy of PVB system that is based
on the DP method will also be discussed in this study. The features of the DP-based
strategy will be identified clearly and assessed comprehensively.

From the literature review above, it is found that various operation strategies have
been proposed based on different algorithms and objectives for PVB systems. A
comparison of operation strategies in terms of different performance achievements is
crucial to determine the best energy management scheme in engineering practice. There
are several researchers who have compared the performance of different strategies.
Zhang et al. [52] introduced three strategies, including the MSC strategy, the dynamic
price load shifting strategy, and the hybrid operation strategy, to assess the grid-
connected PVB system in terms of self-sufficiency rate (SSR) and net present value
(NPYV). In that study, the dynamic price load shifting strategy is similar to the TOU
strategy, which charges the battery at low price and discharge at high price. The
electricity price changed every day and was determined 24 h ahead. The hybrid strategy
combined the MSC strategy and the dynamic price load shifting strategy together. It
was found that the MSC strategy and the dynamic price load shifting strategy had a
similar performance as the electricity price was not large enough, and the hybrid
operation strategy was the best for achieving desirable performance. Angenendt et al.
[24] compared two forecast-based operation strategies and the MSC strategy with SOC
limit and exported energy cut-off limit. In that study, the SOC limit and the exported

energy cut-off limit were set to reduce battery degradation and grid burden. Two
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forecast strategies including the perfect forecast and the persistence forecast, were
adopted to analyze the effects of energy prediction on operation performance. It was
indicated that the forecast-based strategies can increase the battery lifetime and reduce
the operation cost by up to 12%. Mulleriyawage et al. [53] developed an economic
optimization strategy based on the FiT for a residential battery storage system, and
compared the strategy with the MSC strategy. It was stated that the developed strategy
outperformed the MSC strategy in terms of both total cost and PV curtailment
avoidance.

In previous studies, researchers focused on finding strategies to solve problems in
their discussed situations, and highlighted the advantages of the proposed strategies.
Only one or two characteristics, especially the technical and economic performance,
are generally discussed in previous research, which sometimes leads to narrower
conclusions. Other performance aspects such as energy distribution, battery degradation
and impacts on the grid were seldom analyzed in those studies, consequently rarely
achieving overall assessment of each strategy. Moreover, all of the past comparative
studies of strategies are conducted for residential buildings. As a matter of fact, due to
the great timing alignment between PV generation and the load demand of office
buildings, PVB systems are also particularly suited for application in office buildings.
In this study, three operation strategies which can be widely used for any PVB systems,
including the DP-based strategy and two rule-based strategies, namely the MSC

strategy and the TOU strategy, will be discussed and compared comprehensively in
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terms of the annual performance used in office buildings. The comparisons are made
considering several important aspects of performance, which include battery
charge/discharge performance, techno-economic performance, energy flow distribution,
battery aging and impacts on the utility grid, aiming at achieving an overall and
comprehensive assessment of each strategy. The findings of this study are intended to
provide a guidance for decisionmakers to determine the most suitable operation strategy
for PVB systems in engineering practice.
2. Methodology
2.1 System configuration

As shown in Fig. 1, the grid-connected PVB system is mainly composed of PV
array, energy storage system (battery bank), utility grid, building (load), DC/AC
inverter, MPPT controller and charge/discharge controller. The MPPT controller is the
maximum power point tracking controller which ensures the maximum PV output. The
PV generated electricity can flow to the load, the battery, or the grid according to the
specific requirement. The charge/discharge controller regulates the charge and
discharge process of the battery. The utility grid can supply electricity to the load and
the battery bank, and receive electricity from the PV array and battery bank as needed.
It is worth noting that in this study, there is no limit to the power that can be exported

to the utility grid.
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Fig. 1 Schematic of the grid-connected PVB system

2.2 Modelling and performance indicators
2.2.1 Building load

In this study, a typical 3-floor office building in Changsha, a typical city in the hot-
summer and cold-winter area in China, was selected as the target building. The
geometric model of the building was established in SketchUp, as shown in Fig. 2, and
then imported into EnergyPlus for simulation. The dimension of the building is 49.9 m
(length) % 33.3 m (width) x 12 m (height). The thermal parameters of building
envelopes were determined based on “Design Standard for Energy Efficiency of
Public Buildings” (GB50189-2015), as given in Table 1. The occupied area per person
and the equipment heat loss per unit area (including lighting and office facilities) were
set as 12 m?/person and 20 W/m?, respectively. The schedules of indoor occupants and
office equipment in each day are given in Table 2. The weather data of the typical

meteorological year of Changsha were used for building energy simulation.
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Fig. 2 Building model (middle office building)

Table 1 Thermal parameters of the building envelopes

Parameters Thermal resistance (m?<K/W)
External wall 1.95
Roof 2.52
Floor 1.53
Window 0.47

Table 2 Schedule of occupants and equipment

Time 0:00-6:00 6:00-8:00  8:00-18:00  18:00-22:00 22:00-24:00

Weekdays 5% 30% 95% 30% 5%
Occupancy

Weekends 5% 5% 30% 5% 5%

Weekdays 15% 50% 95% 50% 15%
Equipment

Weekends 10% 10% 40% 10% 10%

2.2.2 PV modules

In this study, PV panels were installed on the roof of the building and the total
rated installation capacity was 116.5 kW. The four-parameter equivalent diode model

was used to generate the I-V curve of the PV module, as given by Eq. (1) [54].

Ipv: IL_Io'|:eXp(%<VDV+IDVRS)J_]} (1)

VALY

where /,, and V), are PV current (A) and voltage (V) respectively, ¢ is electron charge
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constant, k£ is Boltzmann constant (J/K), 7 is the PV curve-fitting parameter, R, is
the module series resistance (Q), | is the photocurrent (A) which is expressed by Eq.
(2) and T% is the module temperature (°C) which is calculated by Eq. (3).

G
L,ref
GT ref

I T ’
= 3)
Io,ref Tc,ref

where G; is the solar radiation intensity incident on PV array (W/m?), GT'ref is the

2

L:|

solar radiation intensity under reference condition (1000 W/m?), |Lyref is the module
photocurrent under reference condition (A), |Ovref is the diode reverse saturation
current under reference condition (A), chref is the module temperature under reference
conditions (25 °C). According to Eq. (1) ~ (3), the I-V curve is associated with |L’ref ,
|Oyref , 7 and R, which can be calculated using the algorithms given in Ref. [54].
A MPPT controller ensures the maximum power output of the PV system, as given
by Eq. (4):
P, =max(l, V) 4)

The installation tilt angle («) was set as 34° which is considered the optimal tilt

angle for PV installations in Changsha. The solar radiation intensity on the tilt plane is

calculated by Eq. (5).

G. =GR +G, (1+020305J+Gp(1—0205aj )

where Gy is the beam solar radiation intensity on the horizontal plane (W/m?), R, is the

ratio of beam radiation of the inclined plane, Gy is the diffuse solar radiation intensity
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on the horizontal plane (W/m?), G is the global solar radiation intensity on the
horizontal plane (W/m?), p is the reflectance of the ground which is set as 0.2.
2.2.3 Batteries

The battery is modeled based on the state of charge (SOC), which is defined as the

ratio of stored energy of the battery to its rated capacity, as given in Eq. (6).

soc(t+1)=soc(t)+gm_(1_8)w ©6)
E, Eo74is

where Pb’ch is the charge power (kW), Pb,dis is the discharge power (kW), 7y is the
charge efficiency (96%), 74is 1s the discharge efficiency (96%), At is time step for
calculation (At=I1 h for this study), Eb is the battery rated capacity (kWh), . is the
binary number, 1 represents battery charge and 0 represents battery discharge..

There are two types of battery aging: calendar aging and cycle aging. Calendar
aging is associated with SOC and temperature. In this study, temperature is assumed to
be constant. The calendar aging at the #" time step can be calculated by Eq. (7) [53].

B (1) =6.6148x10° x SOC (t)+4.6404x10°° (7)

Hence, the total calendar aging up to a given time (7)) can be expressed by Eq. (8).

T
ﬂcal (T) = Zﬂcal (t) (8)
t=1
The cycle aging at the /" time step is given by Eq. (9).
Ao (1) —0.5x 2Ol AL ©)
cyc E b

where P, is the battery power (charge / discharge power), and LCyC is the life cycle

number of the battery. The cycle aging up to a given time (7)) is calculated by Eq. (10)
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[53, 55].

> |R(®)]- At

By (T)=0.5><—t:1L = (10)

oy
As a result, the total aging of the battery to a given time (7) is expressed by Eq. (11).
Baa (T) =B (T)+ By (T) (11
The battery state of health (SOH) is defined as the ratio of current usable capacity
to the initial total battery capacity. Generally, when the battery aging reaches 1, the SOH
is 0.8. Therefore, SOH is given by Eq. (12).
SOH (T):l—O.Zxﬂtota, (T) (12)

The major parameters of the lithium-ion battery used in this study are listed in Table 3.

Table 3 Specifications of the lithium-ion battery used in this study

Parameters Value

Charge/discharge efficiency 0.96

Life cycle number 4000

SOChin 0.2

SOCrnax 1

Maximum charge/discharge rate 0.2C
2.2.4 Electricity price

The time-of-use (TOU) tariff scheme was adopted in this study. According to the
electricity market of Changsha, there are four electricity price periods in each day,
defined as valley-price period (0:00-7:00, 22:00-24:00), flat-price period (7:00-8:00,
11:00-15:00), high-price period (8:00-11:00, 15:00-19:00) and peak-price period

(19:00-22:00), as shown in Fig. 3. The surplus renewable electricity energy can be
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exported to the grid with a feed-in-tarift (FiT) of 0.42 CNY/kWh.
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Fig. 3 Daily electricity retail price (ERP)

2.2.5 Techno-economic indicators

Self-consumption rate (SCR) and Self-sufficiency rate (SSR) are the most widely
used indicators to assess the PV consumption and its contribution to the load demand,
respectively. SCR focuses on the consumption of PV power generation, which is defined
as the ratio of the PV power supplied to load and batteries to the total PV generation,

as expressed by Eq. (13).

Ep_d + Ep_b

SCR = (13)

pv

where Ep,d is the total PV generation supplied directly to load (kWh), Ep,b is the
total PV generation supplied to batteries (kWh), Epv is the total PV generation (kWh).
SSR represents the ratio of the total PV generation that used directly by load and

stored by batteries to the total load demand, which is given by Eq. (14).

E_,+E
SSR:M (14)

de

20



where Eg, is the total load demand (kWh).
In this study, the load cover ratio (LCR) is defined as the ratio of energy supplied

by the PVB system to the load, which is given by Eq. (15).

Ep_d +E 4

LCR = (15)

de

where E, 4 is the total energy supplied by batteries to the load (kWh), which is the
sum of total energy charged by PV and grid.
This study is conducted in terms of the annual operating performance of the PVB

system. The total annual cost can be given by Eq. (16).

8760

Ctotal = Z(C:)v +Cl§ +Ct _Ct ) (16)

g,im g,ex
t=1

(1) C;V is the cost derived from the PV system at the /" time step, as calculated

by:

C, =P, -At-x,, (17)
where P;v is the PV power at the /" time step (kWh), Xy 1s the average cost of PV
generation (CNY/kWh).

(2) Cg is the cost caused by battery degradation at the 1 time step:

C; :ﬁtotal (t)XbEb (18)

M time step, as given by Eq. (11), X, is

where S (t) is the battery aging at the
the unit capacity cost of the battery (CNY/kWh) including the initial investment and
maintenance cost, as given by Eq. (19).

Xb :(Xinv+xmai)XEb (19)
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where X, is the initial investment per unit capacity of the battery (CNY/kWh), X
is the maintenance cost per unit capacity of the battery (CNY/kWh), Eb is the battery

capacity (kWh).

3) C;,im is the cost for importing electricity from the utility grid at the #" time
step:

=Pt

g,im

t
Cg,im

-At-ERP(t) (20)

where P! isthe power imported from the grid at the /" time step (kW), ERP(?) is the

g,im

electricity retail price at time step .

4) C;Yex is the revenue from exporting electricity to the grid at the #" time step:

Cyex =Py o -AL-FiT(t) (21)

g.ex g.er

t
where P,

is the power exported to the grid at the 7" time step (kW), and FiT is the
feed-in-tariff (FiT) at time step # (CNY/kWh).
2.3 Operation strategies

Three operation strategies, including the DP-based strategy, the MSC strategy and
the TOU strategy will be described in this part. The operational performance of the PVB
system throughout the year will be simulated based on these strategies, with a temporal
resolution of one hour.
2.3.1 DP-based strategy

The DP algorithm is a sequential optimization method for solving multistage
optimization problems based on the optimality principle of the Bellman equation. Its

basic idea is as follows: according to the optimal solution from the first stage to the #-1
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stage and all possible solutions (the decision set) from the 7-1 stage to the ¢ stage, the
optimal solution from the first stage to the ¢ stage can be calculated based on the
predetermined optimization objective. Then the final optimal solution of the whole
process is obtained until the recursive exit is reached. DP emphasizes that whatever the
initial state and decision are, the remaining decisions have to constitute the optimal
strategy concerning the state of the first decision. As a result, the final optimization
result of the problem is the accumulated optimum of the values selected in each step,
which can ensure the global optimality.

In this study, the state of charge (SOC) of the battery is used as the control variable.
At any time step ¢, all the possible SOCs of the battery form a series of uniformly
discretized states (SOC;...SOC!"” ... SOC"). The decision set for any time step is given
as {0.2:0.02:1}. The allowable state at the next time step (z+1) is dependent on the
power constraints, and can be expressed by Eq. (22).

lim
SOC/ + h_At

min ? max !

lim
max(SOC SOC| — PbE Atj <SOC,,, <min (soc

b

j (22)

b

According to the principle of DP, the final SOC at a certain time step should be
determined for achieving the minimum total operation cost from the first time step to
the current time step. The operation cost in any time interval (¢) can be calculated in
two situations:

Situation I: Py, — P;v —P'>0 (Importing electricity from the grid)

f, =[ P.—Pi, —(SOC_, —SOC,)-E, /At |- ERP(t)+C;, +Cy  (23)

Situation I: P, — P;V — P! <0 (Exporting electricity to the grid)
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f, =[ PL —Ps —(SOC,, —SOC,)-E, / At |- FiT(t)+C}, +C; (24)
where CLV and C; are the cost of the PV system and the cost caused by battery
degradation, respectively, as given by Eq. (17) and Eq. (18).

The parameters in above models are subject to the following constraints:
(1) Power balance:

Pe=P,+R +P, (25)
where P, is the demand electricity load (kW), P, is the battery power (kW) (P, >0
represents battery on discharge, P!<0 represents battery on charge), and Pgt is the
electricity power exchanged with the grid ( Pgt >0 represents power imported from the
grid, Pgt <0 represents power exported to the grid) (kW).

(2) Battery charge/discharge rate limit:
R <R (26)
where P'™ is the charge/discharge rate limit of the battery, as given in Table 3 (0.2C).
(3) The state of charge (SOC) limit:
SOC,,;, <SOC, <SOC,__, (27)
where SOC_;,, and SOC, ., are the minimum and maximum SOC of the battery,

respectively, as given in Table 3.

The flow chart of the DP method is shown in Fig. 4.
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Output
min{Fi=g70'}

End

Fig. 4 Flow chart of the DP optimization strategy

2.3.2 Rule-based strategies

(1) MSC strategy

As mentioned previously, the MSC strategy is a basic and widely used energy
management strategy for PV-integrated energy systems, which aims to use as much PV

generated electricity for load demand and battery charge as possible. Its basic principle
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is as follows: when PV power generation is larger than the load demand, surplus PV
energy charges the battery first, and then excess energy is exported to the grid. When
PV generation is less than the load demand, the battery discharges first to meet the load
demand. If both the PV and battery cannot meet the load demand, electricity will be
imported from the utility grid to cover the unmet load. A flow chart illustrating the MSC
strategy is given in Fig. 5.
(2) TOU strategy

The TOU strategy is adopted to obtain economic benefit by taking advantage of
the difference between the peak and valley electricity prices. The key point of the TOU
strategy is to charge the battery during the valley price period using utility electricity,
and then discharge electricity from battery to the load during high/peak periods. The

flow chart of TOU strategy is given in Fig. 6.
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ERP(t),FiT, Ep, etc.

Inputs: Pp!, Pee, | t=t+1

Pp-dt =mi n(vat, Pdet)
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Pg-d' = Max(Pge'-Ppy'~Pb,dis, 0)

A

Ppg = max(Pp,-Pee, 0)

-

Y

Pgd = max(Pge-Ppy', 0)

Fig. 5 Flow chart of the MSC operation strategy
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Fig. 6 Flow chart of the TOU operation strategy
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3. Results and discussion

This section will give a detailed comparison of the grid-connected PVB system
under the three operation strategies in terms of several important performance aspects,
including the battery charge/discharge processes, techno-economic performance,
energy distribution, battery aging and impact on the utility grid.

3.1 Scheduling results
3.1.1 Battery charge | discharge analysis

Fig. 7 shows the distribution of PV power and load demand, and the variation of
battery SOC on two typical consecutive days under the three operation strategies. From
the figure, it is seen that the PV generation and the load demand match very well in
time, demonstrating that office buildings are very suitable for PV application. The
charge/discharge processes of the three operation strategies are obviously different. As
for the MSC strategy, the battery charge/discharge was only determined by the
difference between the PV power and the load. When the PV power was larger than
load, battery charges, otherwise it discharges. Moreover, the charge/discharge rate was
proportional to the PV-load difference. As for the TOU strategy, except for charging
when the PV power was larger than load, the battery was also charged at the maximum
rate by the grid to be fully charged as soon as possible during the valley price period
(23:00-1:00 the next day). During high or peak price periods, the battery discharged to
meet the load which was not covered by the PV generation (9:00-11:00, 16:00-22:00).

Unlike the two rule-based operation strategies (MSC and TOU), which usually charge
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or discharge as fast as possible once the PV-load difference or the appropriate ERP
periods occur, DP-based strategy controls flexibly the energy flow between the PV,
battery and load to obtain the minimum cost for the whole year. In order to achieve as
low cost as possible, the battery will also charge during the valley price period and
discharge during the high and peak price periods, which is similar to the TOU strategy.
However, the charge and discharge time of DP strategy is not the same as that of TOU
strategy. For example, the battery started charging at 23:00 for the TOU strategy, while
at 4:00 the next day for the DP strategy. This is because the DP strategy takes into
account the coupling effects of all the hours behind, while the TOU strategy only
considers the current time step. From Fig. 7, it is found that the charge/discharge rate
of the DP strategy is different from those of the two rule-based strategies (MSC and
TOU). This is because the charge/discharge rate is closely related to the total cost, as
given by Eq. (23) and Eq. (24), which should be determined through economic
optimization based on the whole year in the DP method, while for the rule-based

strategies (MSC and TOU), it is determined only by the PV-load difference.
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Fig. 7 Distribution of PV power and load demand and the variation of SOC over two
typical consecutive days under the three operation strategies (Pge is the demand load,

Py, is the PV generation power)

More details about the energy dispatch are given in Fig. 8, which displays the
power flow of the battery and the grid over the two typical consecutive days for the
three operation strategies. Fig. 8 highlights another difference between the DP strategy
and the two rule-based strategies. For example, at 10:00, the battery power and the grid
power for DP strategy was 12 kW (battery on discharge) and -16.7 kW (exporting
energy to the grid), respectively, while the PV power (56.5 kW) was larger than the load
demand (51.8 kW). This indicates that the DP strategy will control flexibly the battery
to discharge energy to the grid to obtain economic benefit through FiT even if the PV
power is larger than the load demand. This effect is strikingly different from the two
rule-based strategies (MSC and TOU) which only export surplus PV energy to the grid.
Fig. 9 and Fig. 10 show the battery charge/discharge process determined by the DP

strategy under conditions of different FiTs and different battery costs. It is evident from
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the two figures that the charge/discharge process changed with different FiTs or battery
costs. On the other hand, according to the principles of the two rule-based strategies
(MSC and TOU) described in section 4.2, the charge/discharge processes will never be
affected by the FiT and battery costs (x»). Hence, it can be concluded that the DP
strategy has greater flexibility than the rule-based strategies to adapt to various PV-load

distributions and pricing mechanisms.
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Fig. 8 Power flow over two typical consecutive days under the three operation
strategies (Pqe 1s the demand load, P, is the PV generation power, Py is the battery

charge/discharge power, Pg is the grid imported/exported power)
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Fig. 9 Effects of FiT on charge/discharge process determined by the DP strategy
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Fig. 10 Effects of battery cost (CNY/kWh) (x») on charge/discharge process

determined by the DP strategy

3.1.2 Techno-economic performance

Fig. 11 depicts the total annual cost variation with battery size under the three

operation strategies. It is clear that the total annual cost of the DP strategy was the

smallest, and that of the MSC strategy was the largest. With the increase of battery size,

the total annual costs for both the DP and MSC strategies increased, while that of the

TOU strategy decreased. Moreover, the cost growth rate for the DP strategy was larger
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than that of the MSC strategy. This indicates that the battery capacity is an important
factor affecting the total operation cost of the PVB system, especially for the DP
strategy. Fig. 12 and Fig. 13 show the effects of FiT and battery cost on the total annual
cost under the three operation strategies, respectively. From Fig. 12, it is evident that
the total annual costs for all the three strategies decreased with the increase of FiT. The
total annual cost for the DP strategy dropped the most from 108919 CNY to -274771
CNY (negative value means it is profitable), which demonstrates that the economic
performance of the DP strategy is more sensitive to FiT than the two rule-based
strategies. Fig. 13 shows that the total annual costs for all the three strategies increased
with battery cost increasing. When the battery cost increased to around 1600 CNY/kWh,
the total annual cost for the TOU strategy was larger than that of the MSC strategy,
indicating that the TOU strategy outperforms the MSC strategy in terms of economic

performance only under the condition of relatively low battery costs.
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Fig. 11 Variation of the total annual cost (Ciowr) With battery size (E») under the

three operation strategies
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Fig. 13 Effects of battery cost (x») on the total annual cost (Ciowr) under the three

operation strategies

Variations of the three technical indicators (SCR, SSR, LCR) for the three strategies
are shown in Fig. 14 - 16. It is indicated in Fig. 14 and Fig. 15 that both SCR and SSR
of the MSC strategy were much larger than those of the TOU strategy and DP strategy.
They increased significantly with increasing battery size, while for TOU strategy and
DP strategy, there was very little change. This is because the MSC strategy aims to use

and store PV-generated energy in as timely a manner as possible, while the TOU
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strategy and DP strategy determine the PV power uses (supplied to load, charging
battery, or exported to grid) according to both PV-load distribution and electricity price.
As Fig. 16 shows, the LCR of the TOU strategy was the largest, while that of the MSC
strategy was the smallest, which indicates that the battery stores more energy imported
from the grid under the TOU strategy. It is also found that the LCR remained almost
constant as the battery size reached a certain value for both TOU and DP strategies,
whereas for the MSC strategy, it increased continuously with increasing battery size. It
can be expected from the increasing trend presented in Fig. 16 that the LCR of the MSC
strategy will be larger than the LCR of the other two strategies (TOU and DP) as the
battery size increases continuously. This is because larger battery size will store more
surplus PV energy under the MSC strategy, while the energy distribution under the TOU
and DP strategies is constrained by the objective of achieving economic benefit, which,

consequently, limits the energy stored by the battery.
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Fig. 14 Variation of self-consumption rate (SCR) with battery size (£») under the

three operation strategies
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Fig. 16 Variation of load cover rate (LCR) with battery size (Ep) under the three

operation strategies

3.2 Analysis of energy flow

Fig. 17 shows the breakdown of energy source (PV, battery, and grid) supplied to
the load under the three operation strategies. It is clear that the PV generation supplied
to the load was the same for each of the three strategies, while the battery-stored energy

supplied to the load was the largest for the TOU strategy and the smallest for the MSC



strategy. This demonstrates that more energy provided by PV and the grid will be stored
in the battery for the TOU strategy than the other two strategies, leading to higher LCR,
as shown in Fig. 16. The uses of the total PV-generated energy, the total battery-stored
energy and the total imported energy from grid under the three strategies are shown in
Fig. 18, Fig. 19, and Fig. 20, respectively. Fig. 18 shows that the PV-generated energy
that exceeds the load demand was more likely to be exported to the grid for both the
DP and TOU strategies, while MSC strategy tended to use the excess PV energy to
charge the battery. This is because the DP strategy and TOU strategy try to obtain
economic benefit by exporting electricity to the grid with FiT. From Fig. 19, it is
observed that the battery-stored energy for both the MSC and TOU strategies was all
supplied to the load, while part of the battery-stored energy (7432.66 kWh) was
exported to the grid for the DP strategy. This indicates again that the DP strategy will
export flexibly the battery-stored energy to the grid to gain economic benefit through
FiT, as discussed in section 3.1. The energy imported from the grid was all supplied to
load for the MSC strategy, as shown in Fig. 20. This is because the MSC strategy only
uses the excess PV energy to charge the battery. As for the DP strategy and TOU strategy,
a significant portion of the imported energy from the grid was used to charge the battery
—37021 kWh for DP strategy and 36623 kWh for TOU strategy. This is because both
the DP and TOU strategies tend to charge the battery during valley price times and
discharge during high/peak price times to obtain economic benefit through the valley-

peak (high) price difference.
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Fig. 19 Uses of total battery-stored energy under the three operation strategies
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Fig. 20 Uses of total energy imported from grid under the three operation

strategies

3.3 Battery aging and impact on the utility grid
3.3.1 Battery aging

Fig. 21 shows the battery aging and SOH under the three operation strategies. It is
found that both the calendar aging and cycle aging of the MSC strategy were the
smallest and those of the DP strategy were slightly smaller than those of the TOU
strategy. The SOH for the DP strategy, the MSC strategy, and the TOU strategy was
0.969, 0.979, and 0.967, respectively. This demonstrates that the TOU strategy causes
the largest reduction of battery health, slightly larger than that of the DP strategy, and
the MSC strategy has the least impact on battery health. The reasons for this effect are
displayed in Fig. 22 and Fig. 23, which show the total annual discharge energy and
discharge hours, and the distribution of SOC under the three strategies, respectively. It
is clear in Fig. 22 that the TOU strategy has the largest total discharge energy (39143

kWh) and the shortest discharge hours (2296 h), while the MSC strategy has the
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smallest total discharge energy (19058 kWh) and the longest discharge hours (2814 h),
which means that the TOU strategy has the largest discharge depth and the MSC
strategy has the smallest. As a result, the TOU strategy will cause the most severe cycle
aging of the battery and the MSC strategy causes the least. From Fig. 23, it is found
that the average SOC (the small box) for the TOU strategy was the largest (0.8) and that
for the MSC was the smallest (0.46). Moreover, the SOC at the median line for the DP
strategy, the MSC strategy and the TOU strategy was about 0.63, 0.2 and 1, respectively,
which means that for most of the time the SOC is at a high value for the TOU strategy
and a small value for the MSC strategy. Consequently, according to Eq. (7), the TOU
strategy causes the most significant calendar aging of the battery, and the MSC strategy
causes the least, as presented in Fig. 21. From Fig. 22 and Fig. 23, it can also be found
that both the total discharge energy and the average SOC for DP and TOU strategies
were close, which means the difference of battery aging caused by these two strategies

will not be obvious, as given in Fig. 21.

0.18 T T 0.99
i -ﬂcal cyc
0151 {0.98
o 012 T
[
= i 40.97
> 3
> 0.09} P
3 2
= I 10.96 ©
@ 006} @
0.0869
0.0773
0.0673 i
003 0.95
0.00 . . . 0.94
DP MSC TOU
Strategies

Fig. 21 Battery aging and SOH under the three operation strategies
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3.3.2 Impact on the utility grid

Fig. 24 shows the annual total energy imported from and exported to the grid under

the three operation strategies. Both the total imported energy and exported energy for

the MSC strategy were less than those for the DP strategy and TOU strategy, which

have a similar imported and exported energy. This is because both the DP strategy and

TOU strategy tend to import energy from the grid during the valley price periods and
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export energy to the grid during the higher price periods. In order to analyze the impact
of each operation strategy on the grid, the total imported energy and exported energy in
each electricity price period are presented in Fig. 25. It is clear from Fig. 25(a) that the
imported energy for both the DP and TOU strategies were the largest in valley price
period and decreased significantly in the higher price periods (high and peak price),
whereas the largest imported energy for the MSC strategy occurred in high-price period.
This reveals that the MSC strategy put much more burden on the grid compared to both
the DP and TOU strategies. From Fig. 25(b), it is easily observed that the exported
energy of both the DP and TOU strategies was larger than that of the MSC strategy,
which is due to the DP and TOU strategies trying to export energy to grid to obtain
economic benefit through FiT. The larger exported energy during high and peak periods
is good for reducing the power supply burden of the grid, demonstrating that the DP
strategy and TOU strategy have the advantage of achieving grid-relief than the MSC
strategy. It is also found from Fig. 25(a)-(b) that the imported energy of the DP strategy
was much less than that of the TOU strategy during the peak-price hours, while the
exported energy of the DP strategy was more than that of the TOU strategy in the high
and peak price periods. This indicates that the DP strategy has the biggest advantage of

reducing burden on the utility grid among the three strategies.
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Fig. 25 Annual total energy imported from and exported to the utility grid in each
ERP period under the three operation strategies (valley period: 0:00-7:00, 22:00-
24:00; flat period: 7:00-8:00, 11:00-15:00; high period: 8:00-11:00, 15:00-19:00, peak

period: 19:00-22:00)
4. Conclusions

In this study, three operation strategies, including the DP based strategy, the MSC
strategy and the TOU strategy, were compared comprehensively for the PVB system
used in an office building. Several important performance aspects, such as battery
charge/discharge performance, techno-economic performance, energy flow distribution,
battery aging and impacts on the utility grid, were discussed and evaluated. It was found
that the three strategies differ greatly in each aspect of performance. The findings can
provide a guidance for stakeholders and engineers to optimize the management of grid-
connected PVB systems. Several conclusions can be drawn as follows:

(1) Constrained by the rules of the strategy itself, the MSC strategy and TOU
strategy control the battery charge/discharge process just based on the current PV-load
difference and the electricity price. In contrast, the DP strategy determines the
charge/discharge process considering the coupling effects of all stages and controls
flexibly the power flow to obtain the minimum cost. The DP strategy has greater
flexibility than the two rule-based strategies (MSC and TOU) to adapt to different PV-
load distributions and electricity pricing mechanisms.

(2) The DP strategy has the best economic performance among the three strategies.

The TOU strategy only outperforms the MSC strategy in economic performance under

45



the condition of relatively low battery cost (<1600 CNY/kWh). Both the SCR and SSR
of the MSC strategy are much larger than those of the TOU strategy and DP strategy.
The LCR of the MSC strategy increases significantly with increasing battery capacity,
while that of the TOU and DP strategies remains almost constant as battery capacity
reaches around 450 kWh.

(3) The DP strategy exports appropriately the battery-stored energy to the grid to
gain economic benefit through FiT, even if the PV generation is larger than the load
demand. The TOU strategy causes the most significant battery aging while the MSC
strategy causes the least. The battery aging caused by the DP strategy is slightly smaller
than that caused by the TOU strategy due to their close total charge energy and annual
average SOC. The DP strategy has the biggest advantage of reducing burden on the
utility grid and the MSC strategy puts the greatest burden on the utility grid.

The proper energy dispatch strategy for PVB systems in engineering practice
should be determined in accordance with specific requirements and in-depth
consideration of the significance of each aspect of performance. The timing match of
PV generation and load demand is an important factor affecting the battery capacity and
the scheduling strategy of the system. Therefore, in future work, the coupling
optimization of sizing and scheduling of PVB systems under different timing match
conditions of PV generation and load demand will be investigated.
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