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ABSTRACT

The proper scheduling of residential demand-side
flexible resources, such as static batteries and flexible
loads, is crucial for mitigating the impacts of intermittent
and fluctuating residential rooftop PV generation on
utility grids. Previous studies have often overlooked the
benefits of different stakeholders involved in the optimal
scheduling process. To address these gaps, this study
proposed a comprehensive framework for the many-
objective optimal dispatch of residential PV-battery-
flexible load systems, considering the interests of users,
grid operators, and governments. Specifically, a day-
ahead optimal dispatch model with six objective
functions relevant to the three stakeholders' benefits
was developed. The effectiveness of the framework was
validated through case studies, which demonstrated a
significant improvement in system performance
compared to the maximizing self-consumption strategy.
The proposed framework can provide valuable guidance
for the optimal scheduling of residential PV-battery-
flexible load systems in practice.

Keywords: residential PV-battery-flexible load systems,
demand-side  management, optimal scheduling,
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1. INTRODUCTION

Developing renewable energy generation
technology is an important way to achieve the goal of
carbon neutrality. The government has introduced a
large number of favorable policies to promote the
application of photovoltaic (PV) power generation and
wind power generation. More and more PV panels are
installed on the roofs of residential buildings,
transforming buildings from traditional consumers to
prosumers. The increasing proportion of PV generation
would have a significant impact on the stable operation

of utility grids. How to manage the demand-side flexible
resources of residential buildings to decrease the
influence of intermittent PV generation on the grid is a
great challenge.

A common way to manage the demand-side flexible
resources of residential buildings is to perform the day-
ahead optimal scheduling with some certain
optimization objectives to obtain the optimal operation
schemes. The energy costs were selected as optimization
objectives to conduct the scheduling optimization in
numerous studies [1-3]. Moreover, some literature was
to maximize occupant’s thermal comfort [4,5]. Few
studies also focused on the impacts of household
electricity consumption on utility grids [6]. However,
these studies only focused on one or two optimization
objectives. A comprehensive consideration of various
optimization objectives is necessary, due to the optimal
dispatch involving the benefits of various stakeholders,
including end-users, grid operators, and national
governments.

2. METHODOLOGY

A typical residential home energy system, called PV-
battery-flexible load system, is introduced first. Then, the
proposed optimization models to perform the day-ahead
optimal scheduling of PV-battery-flexible load systems is
described in details.

2.1 Atypical residential PV-battery-flexible load system

A typical resident PV-battery-flexible load system is
shown in Fig. 1. Distributed PV generation and battery
banks are configured to satisfy household electricity
loads, including flexible loads and inflexible loads. The
system is connected with utility grids and can exchange
power with the grid. Moreover, the flexible loads include
thermostatically controlled loads (TCLs) and deferrable
loads, which can be scheduled to provide grid services.
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Fig. 1. A typical residential PV-battery-flexible load
system.

2.2 Optimization models

A many-objective nonlinear optimization model was
developed to perform the day-ahead optimal scheduling
of PV-battery-flexible load systems. The details of the
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2.2.2  Objective functions

Moreover, six optimization objectives were
selected in the developed optimal model considering the
benefits of end-users, grid operators, and national
governments. The optimization objectives are to
minimize household’s daily operation costs, user
dissatisfaction, the peak-valley difference, CO;
emissions, and to maximize the self-consumption rate
(SCR) and self-sufficiency rate (SSR) of PV generation, as
described below.

The daily operation costs were calculated by Egs.
(2)-(6), where Eq. (3), Eq. (4), Eq. (5), and Eqg. (6) are to
calculate the operation costs of PV, the costs of battery
degradation, electricity bills, and the bonus from feeding
the distributed PV generation into utility grids,
respectively.
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where Cuy, Cpar s Cyrigim» and Cgrigex are the
operation costs of PV, the costs of battery degradation,
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model, including the optimization variables, objective
functions, and constraints are introduced in this section.
2.2.1 Optimization variables

The optimization variables of the model are TCLs'
temperature setpoints, deferrable loads’ start-up time,
and battery’s charging/discharging power, as presented

in Eq. (1). In this equation, Tg5" is the decision variable
regrading TCLs’ temperature setpoints; 754" and

¢ are the turn-on moment and turn-off moment of

TCLs, which depend on occupants. Since the operation of
TCLs is featured by ‘part-time-part-space’ in China, which
is not throughout the day, the occupant behaviors of
TCLs usage were considered in this study. Moreover,
T5hift is the decision variable on the start-up time of
deferrable loads. P,,; isthe decision variable about the
charging/discharging power of battery banks, and N is
the total amount of timesteps.

Pbat(l)'---'Pbat(N)] (1)

electricity bills, and the bonus from selling power; P7>™
and Epo™ are the rated capacity of PV arrays and
batters; €,, and €4, are the unit capital cost of PV
and batteries; €4;, and FiT are the electricity price
tariffs and the feed-in-tariff; Pyrigim and Pyrigex
are the power imported from utility grids and the power
fed into utility grids; T is the number of timesteps; L’C’;C
is the life time of PV arrays.

User’s dissatisfaction was expressed by Egs. (7)-
(10), according to Ref. [7]. Egs. (8)-(10) is to calculate the
dissatisfaction ¢, caused by changing TCLs
temperature setpoints, while Eq. (32) is to calculate the
dissatisfaction @gp;r; from the shifting of deferrable
load’s start-up time.
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where w¢y and wgpire are the weights; Tgqry and
Teng are the turn-on moment and turn-off moment of



TCLs; ;. denotes the degree that the optimal TCL’s

temperature setpoint TS5 (7) deviates from occupants

. . set,pre , —mset;max set,min
desired setting value T, i Tia and T,

are the upper and lower limits of occupant preference of

TCUs temperature setting; T5iff is the optimized

start,pre
deferrable load’s turn-on moment; Tshiftp

occupants desired turn-on moment, 73,¢7™** and

T?ﬁ?ﬁ’mm are the upper and lower limits of flexibility

window.

The peak-valley difference of net power profiles was

peak
formulated by Eq. (11), where Rgrid

valley
Pgrid

is

is the peak power

of net power profiles and is the valley power of

net power profiles.
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The SCR of PV generation was calculated by Eq. (12),
where  Ep,_joqq is the PV generation that was
consumed by loads, and Ey,, is the total PV generation.

Epy

E,,_
F,(X) = max (””—“’“d> (12)
The SSR of PV generation was formulated by Eq.

(13), where Ej,qq is the total loads of household.

Fs(X) = max (M) (13)
Eload
The daily CO, emissions were expressed by Eq. (14),
where ¢ is the CO, emission coefficient of the power
purchased from utility grids, and Eg iq_j0qa is the
electricity consumed by loads among the power
purchased from utility grids.

Fe(X) = min(d’ ' Egrid—load) (14)
2.2.3 Constraints

The constraints of the model include occupant
behaviors constraints and energy balance constraints,
which are described as follows.

The occupant behaviors constraints include the
limits on the optimization variables regarding TCLs'
temperature setpoints and deferrable loads’ start-up
time, as presented by Eqg. (15) and Eqg. (16). In these

equations, [TSeH™™, TSELMAX] s the TCL's temperature

setpoint range that occupants are used to setting;

[ start,min start,max
shift » “shift

used to using deferrable household appliances, such as
WMs, clothes dryers, and dishwashers. The limits on the

optimization variables of battery’s charging/discharging

power are shown in Eq. (17), where Pbdcff'max and

]is the periods that occupants are

chmax . . .
Byai are the maximum discharging power and

charging power of the battery. Moreover, occupant
behaviors of flexible household appliances use, such as
daily use frequency, start time of operation, and
operation duration, were used as operation constraints
of flexible loads. The parameters relevant to occupant
behaviors were determined by statistical analysis based
on the historical operation of flexible loads.

set,min set set,max
thl = thl (T) < thl (15)
start,min start start,max
shift = Tshift < Tsnift (16)
dis,max chmax
Pbat = Pbat(T) < Pbat (17)

The energy balance constraints were formulated by
Eq. (18). In this equation, Pg.q(7) is the power that
households exchanged with utility grids; B, (1) is the
power of PV; Py ,.(t) is the power of batteries; P..;(T)
is the power of TCLs; Psi}l‘ift(r) is the power of
deferrable loads; Pjyfex(7) is the power of household
inflexible loads. Py, (7) , Ppq:(7), P (1), Psiﬁift(r) ,
and Pi,f0x(t) were calculated by the models of PV,
battery banks, TCLs, deferrable loads, and inflexible
loads. The details are described as follows.

Pgrid (T) = Ppat(7) + Py (7) + Psi;:ift(r)
+ Pinflex(T) - va(T)

The output power of PV was calculated by Egs. (19)-
(21) [8].

(18)

va(T) = Gg(7) 'Apv “Nste - Nr(T)

(19)
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nr(®) =1+y - (Thmodaute(®) — Tsrc) (20)
Thmoduie(T) = Ten(T) + G4(7)
_ (TNOCT - 20) (21)
800

where P, is the power of PV generation; G is the
solar radiation; Ay, is the areas of installed PV arrays;
Nsrc is the power generation efficiency of PV arrays
under standard test conditions (STC); nr is the
correction factor, representing the power loss deriving
from PV module temperature rising; 7Ninverter IS
inverter’s conversion efficiency; y is PV modules’
power temperature coefficient; Tpoquie 1S PV modules’
operation temperature; Tgre is PV modules’
temperature under STC;, T,, is the ambient
temperature, °C; Tyocr is PV modules’” Nominal
Operating Cell Temperature (NOCT); T is time slot. The



forecasted meteorological data was obtained from the
local Meteorological Administration through an
Application Program Interface (API).

For the model of battery banks, it can be expressed
by Eq. (22) [9], where SOC is the state of charge of the
battery. Eg. (23) is the operation constraints of the
battery. Moreover, the degradation of the battery was
formulated by Egs. (24)-(26) [10], which is the results of
battery’s charging and discharging. The degradation
would cause the decreasing of the state of health (SOH)
of the battery, which can be calculated by Eq. (27)

SOC(r) = SOC(z — 1)
- Pbat(T) *Nen
+ +(1
[ o (22)
_ T[) Pbat(T) . AT

nom
Nais * Epat

SOCmin < SOC(L) < SOCpas (23)

Boot (1) = Brat (1) + Byag (7) (24)

BE%(r) = [6.6148 X 1076 x SOC (1)

Bt (D)
=0.5 _
|- PE(2) — (1 —m) - Pis ()] - (26)
L By
SOH(7) = 1 — 0.2 x Bt (7) (27)

where Pp,: is battery’s charging/discharging power;
Nen IS battery’s charging efficiency; 145 is battery’s
discharging efficiency; m is a binary variable; At is
time intervals; SOCp;, is the minimum value of
battery’s SOC, while SOC,4, is the maximum value of
that; PAS™*  and  pEM™MAY gre the  maximum
discharging power and charging power of the battery;
Lo is the total degradation of the battery; £5% and
,B;zg are the calendric aging and the cyclic aging; L?%
is the life time of the battery; Ej{" is the rated capacity
of the battery.
TCLs in residential buildings mainly include air
conditioners (ACs) and water heaters. The operating
power of ACs can be formulated by Egs. (28)-(32) [11].
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EIR(1) = [0.0193 - T, (7) + 0.3259] - EIR,1o, (32)

where PI? is AC’s operating power; 754"t and 774
are the turn-on moment and turn-off moment of ACs;
P™ and P;Cff are the AC’s operating power in ON and
OFF states, respectively; U,. is a binary variable that 1
denotes that ACs operate in ON state and 0 denotes that
ACs operate in OFF state; T, is the indoor air
temperature; TS¢t is AC’s temperature setpoint; &,

is the thermostat dead-band; kq, k,, k3, k4, and ks
are model parameters; T, isthe outdoortemperature;
G is the solar radiation; EIR is AC's energy input ratio
and can be calculated by Eq. (32) [12].

Similar to the model of ACs, the model of electric
resistance water heaters (EWHs) was expressed by Egs.
(33)-(36).
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where P, isthe EWH’s operating power; 75t and

72 are the turn-on moment and turn-off moment of
EWHs; P27, is the EWH’s operating power in ON state;
Ugwn is a binary variable that 1 denotes that EWHs
operate in ON state and O represents that EWHSs operate

in OFF state; T,, isthe hot water temperature; TS¢ is

1, T, (t) < TE (v) —

end
33
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EWH’s temperature setpoint; J,,, is the thermostat
dead-band; ki, ky, k3, ki, and kg are model
parameters; T,,, is the ambient temperature; P, is
the heat loss caused by hot water consumptions.

In addition to the TCLs, the model of deferrable loads
was formulated by Egs. (37) and (38), according to their
operation characteristics.

i1 tart ._start
[P;hift' T € [Tonife, Tonise + AT stht]
») tart tart
in p Lshift' T € [Tohipe + ATsmftr Tohife T ATshlft + ATshlft]
Psm‘ft(T) =Y. 37)
' tart im-1 _start
Piniser T € [TShife + ATsmft + o ATl Tohi + ATsmft +o+ ATsmft]
0, other
ATShlft Z ATstht (38)
where Pl is the operating power of deferrable After the optimal model was formulated, the

loads; Pi’,’ﬁft is deferrable load’s operating power at
operation stage m with operation mode i; Arsi',:?ft is the
duration of operation stage m with operation mode i;
TShift is the time that deferrable loads start to work;
Aréhiﬁ is the total duration of the operation mode i.

Additionally, the power profiles of inflexible loads
were predicted using the persistence forecast method
[13]. This method involves calculating the average daily
power profiles of inflexible loads from the past few days,
which then serves as the forecasted power profiles of
inflexible loads. Additionally, separate datasets were
considered for weekdays and weekends, as the power
consumption of inflexible loads varies between these
two categories.

2.3 Solution methods

reference-point-based Non-dominated Sorting Genetic
Algorithm (NSGA-IIl) [14] was employed to solve the model
with the Pareto solution set obtained. The Technique for
Order Preference by Similarity to an Ideal Solution (TOPSIS)
approach was used to pick out the final solution from the
Pareto solution set. The details processes of the solution
methods are presented in Fig. 2.
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Fig. 2. Processes of the solution method.

Table 1. Occupant behaviors of flexible loads.

3. CASE STUDY

A typical rural family in hot-summer and cold-winter
zone of China was chosen in this study. The operation
data of the household flexible loads, including two room
ACs, an EWH, a washing machine, and a dishwasher,
were monitored with the power consumption profiles of
the household also measured. The pilot test began in July
2022 and lasted for two months. The monitored data was
used to develop the flexible load models and identify
occupant behaviors. Based on these identified models,
the day-ahead optimal scheduling was performed.

3.1 Input data

Based on the monitored operation data of the
flexible loads, occupant behaviors were identified by the
statistical analysis methods, as listed in Table 1.
Furthermore, the ambient parameters and electricity
tariffs are presented in Fig. 3(a) and Fig. 3(b),
respectively. The monitored power profiles of inflexible
loads and the average power profiles of inflexible loads
are illustrated in Fig. 3(c).

set,min set,max start,min start,max
Flexible [Teei v Teer ] [Tshift » Tshife ]
loads ] ] ]
AC1 AC2 EWH Washing machines Dishwashers
Values [22, 28 oC] [24, 29 oC] [60, 70 oC] [5:00, 8:00] [19:00, 6:00]
@ = W12 | operation strategies in this section. Two cases were set
12 i Ou s with the details described below.
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Fig. 3. (a) Environment data; (b) Electricity tariffs; (c)
The monitored electricity profiles of inflexible loads and
the average power profiles of inflexible loads.

3.2 Results and discussion

The demand-side management strategy of the PV-
battery-flexible load system was discussed under various

® (Case 1. The PV-battery-flexible load system
operates under a traditional rule-based operation
strategy, namely maximizing self-consumption
(MSC) strategy. This case was used as a baseline.
® Case 2: The PV-battery-flexible load system
operates under the optimal strategy, which was
obtained via solving the developed many-objective
optimal models.
3.2.1 Demand-side management of the PV-
battery-flexible load system under the rule-
based operation strategy

The operation of the PV-battery-flexible load system
under the MSC strategy is illustrated in Fig. 4. The battery
charges during the periods from 7:30 to 11:00, when the
PV generation is sufficient, along with SOC increasing.
When the SOC reaches the maximum, the battery stops
charging with the surplus PV generation fed into the



utility grids. The electricity stored in the battery is
released during the periods from 18:50 to 22:00, when
the PV generation cannot meet household electricity
loads. After all the stored electricity is discharged,
households purchase electricity from the utility grid to
satisfy the electricity demands. In addition to the battery,
the flexible loads operate at normal conditions. AC1
operates with the temperature setpoint setting at 26 °
C, while AC2 temperature setpoint sets at 25 °C. the
EWH operates with the temperature setpoint keeping at
65 °C. The WM and the dishwasher are turned on at
6:30 and 19:00, respectively. Under the MSC operation
strategy, the daily operation costs, peak-valley
difference of net power profiles, SCR, SSR, and CO;
emissions are 5.46 CNY, 5782.72 W, 53.06%, 63.17%, and

11.72 kg CO,.

6 100
o] »juj.u‘.i.imm.n..
3 2

20
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Fig. 4. Operation of the PV-battery-flexible load system
under the MSC strategy.

3.2.2 Demand-side management of the PV-
battery-flexible load system under the
optimal strategy

The operation of the TCLs in the PV-battery-flexible
load system under the optimal strategy is displayed in
Fig. 5. It is observed that the temperature setpoints of
TCLs are adjusted continuously to maximize the
optimization objectives. However, the temperature
setpoints always keep within the thermal comfort of
occupants. Moreover, the WM and the dishwasher are
switched on at 6:59 and 0:44, respectively. The operation
of the PV-battery-flexible load system under the optimal
strategy is presented in Fig. 6. The charging/discharging
power of the battery is managed. It charges in the
daytime, when the PV generation is sufficient, and the
surplus PV generation is fed into the utility grids. The
battery charges at night, when there is no PV generation.
Almost all the peak loads during the high price periods
can be met by the battery. The loads after 23:00 are
satisfied by the utility grid, owing to the fact that the
electricity stored in the battery is consumed. Under the
optimal operation strategy, the daily operation costs,
peak-valley difference of net power profiles, SCR, SSR,

and CO; emissions are 3.36 CNY, 4771.04 W, 55.91%,
68.80%, and 9.61 kg CO,. However, user’s dissatisfaction
is raised to 0.16 due to the adjustment of TCLs'
temperature setpoints and the shifting of deferrable
loads.
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Fig. 5. Operation of flexible loads in the PV-battery-
flexible load system under the optimal strategy.
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Fig. 6. Operation of the PV-battery-flexible load system
under the optimal strategy.

3.2.3 Comparative analysis of the demand-side
management of PV-battery-flexible load
system under the rule-based strategy and
the optimal strategy

A comparative analysis on the performance of the
PV-battery-system was conducted under diverse
operation strategies, as illustrated in Fig. 7. It is observed
that the optimal operation strategy performs better in
daily operation costs, peak-valley difference, SCR, SSR,
and CO; emissions aspects than the MSC strategy. The
daily operation costs, CO, emissions, and the peak-valley
difference are decreased by 38.4%, 18%, and 17.5%
under the optimal strategy, when compared with the
MSC operation strategy. The reasons are that the
electricity consumption of TCLs is decreased under the
optimal strategy, thus the electricity imported from the
utility grids is reduced, contributing to a reduction of CO,
emissions. Moreover, since some peak loads are shifted



to valley-price periods, which can be found via
comparing Fig. 4 and Fig. 6, the electricity bills are
decreased. Furthermore, the optimization of TCLs’
temperature setpoint, deferrable loads’ working time,
and the charging/discharging power contributes to the
peak cutting and valley filling. Hence, the peak-valley
difference is smaller under the optimal strategy.
Compared with the MSC strategy, the SCR and SSR under
the optimal strategy are increased by 5.4% and 8.9%,
respectively. More loads are shifted to the daytime when
PV generation is sufficient under the optimal strategy.
Therefore, the PV generation consumption is increased
under the optimal strategy. However, user’s
dissatisfaction is raised to 0.16 under the optimal
strategy, which is caused by the adjustment of TCLs
temperature setpoint and the shifting of deferrable
loads’ working time.

Obji

Obj6

Obj1: Daily operation costs

Obj2: User’s dissatisfaction

Obj3: Peak-valley difference
Obj4: SCR

Obj5: SSR

Obj6: CO, emissions

—e— MSC strategy

=#= Optimal strategy

Objd(x50)

Fig. 7. Comparison of the system performance under
various operation strategies.

4. CONCLUSIONS

A many-objective optimal model was developed for
the day-ahead optimal scheduling of residential PV-
battery-flexible load systems, with six optimization
objectives relevant to the benefits of diverse
stakeholders considered. A case study was conducted to
validate the many-objective optimal model based on the
monitored real-life operation data. Comparative studies
about the operation of the system under the optimal
strategy and the MSC strategy was also conducted.
Results indicate that the daily operation costs, CO;
emissions, and the peak-valley difference are decreased
by 38.4%, 18%, and 17.5% under the optimal strategy
with the SCR and SSR increasing by 5.4% and 8.9%, when
compared with the MSC operation strategy. In our future
work, the real-time optimal scheduling of residential PV-
battery-flexible load system will be carried out.
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