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Abstract: The penetration rates of intermittent renewable energies such as wind and solar energy
have been increasing in power grids, often leading to a massive peak-to-valley difference in the net
load demand, known as a “duck curve”. The power demand and supply should remain balanced in
real-time, however, traditional power plants generally cannot output a large range of variable loads to
balance the demand and supply, resulting in the overgeneration of solar and wind energy in the grid.
Meanwhile, the power generation hours of the plant are forced to be curtailed, leading to a decrease
in energy efficiency. Building demand response (DR) is considered as a promising technology for the
collaborative control of energy supply and demand. Conventionally, building control approaches
usually consider the minimization of total energy consumption as the optimization objective function;
relatively few control methods have considered the balance of energy supply and demand under
high renewable energy penetration. Thus, this paper proposes an innovative DR control approach
that considers the energy flexibility of buildings. First, based on an energy flexibility quantification
framework, the energy flexibility capacity of a typical office building is quantified; second, according
to energy flexibility and a predictive net load demand curve of the grid, two DR control strategies
are designed: rule-based and prediction-based DR control strategies. These two proposed control
strategies are validated based on scenarios of heating, ventilation, and air conditioning (HVAC)
systems with and without an energy storage tank. The results show that 24–55% of the building’s
total load can be shifted from the peak load time to the valley load time, and that the duration is
over 2 h, owing to the utilization of energy flexibility and the implementation of the proposed DR
controls. The findings of this work are beneficial for smoothing the net load demand curve of a grid
and improving the ability of a grid to adopt renewable energies.

Keywords: building energy conservation; energy flexibility; demand response; grid-integrated
buildings; supply-demand coordinated control

1. Introduction
1.1. Literature Review

In September 2020, the Chinese government announced that China will strive to reach
its peak CO2 emission targets by 2030 and to achieve its carbon neutrality targets before
2060 under the Paris Agreement; similar CO2 emission targets have been proposed by other
countries [1]. Currently, national statistics show that coal-fired energy systems account for
more than 70% of the total primary energy consumption in China [2]. Thus, ways to achieve
CO2 emission targets and protect the planet are prominent concerns. Developing and using
renewable energy is considered the mainstream solution [3]. However, as renewable energy
sources such as photovoltaic (PV) and wind energy have been rapidly developing in recent
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years, new problems have arisen, including mismatches in power grids [4,5], blackouts
in extreme weather conditions [6], and overgeneration and curtailment of PV and wind
energy [7,8]. On average, the PV and wind curtailment rates in China in 2020 were 2%
and 3%, respectively, which seems the generally average level, although rates remain high
in northwest China [9]. The curtailment of renewable energy is framed as an energy loss
since clean and free energy is wasted. Many reasons have been identified for PV and wind
curtailment [8], such as energy inflexibility, insufficient planning coordination, transmission
constraints, and institutional factors regarding the grid.

A duck-shaped curve (see in Figure 1) known as a “duck curve” has been appearing
in recent years to describe the mismatch level of the grid. The duck curve (i.e., the net
load demand curve) shows the total actual electricity load demand while deducting the
renewable energy generation, usually PV generation [10]. When a large proportion of solar
energy penetrates the grid, the duck curve becomes steeper, causing a mismatch problem
(i.e., duck curve problem) between the power supply and demand sides. This problem
threatens the utilization of renewable energy, energy efficiency, and the stability of power
systems. Owing to the high penetration of renewable energy, the power of traditional
plants, such as coal- and gas-based plants, is decreasing, resulting in an increasing number
of such being considered as peak-load regulation power plants, meaning they work at
low annual utilization hours and low energy efficiency. On average, the annual utilization
hours decreased to 3064 h in China by 2020 [11]. Therefore, many approaches have been
employed aiming to solve the duck curve problem, i.e., to smooth the net load demand
curve. Widely used technologies in such approaches include demand response (DR) [12],
energy storage devices [13], and power plants with variable output [5].
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Demand Response (DR) is defined as “changes in electric use by demand-side re-
sources from their normal consumption patterns in response to changes in the price of
electricity or to incentive payments designed to induce lower electricity use at times of high
wholesale market prices or when system reliability is jeopardized” [15]. In the aforemen-
tioned technologies, building DR has been deemed as a promising way to address the duck
curve problem, owing to its considerable energy flexibility potential for building energy
systems and occupant behaviors, especially for heating, ventilation, and air conditioning
(HVAC) systems [4,12]. When implementing a DR program, a smart and practical DR
control strategy is important. Price-based DR control strategies have been widely used
in previous studies. Gohar and Mohammed [16] used a price-based control strategy to
efficiently shift the peak load to a valley load time in phase change material-enhanced
buildings, and other price-based DR control methods have achieved similar results [17–20].
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However, price-based DR is based on a dynamic electricity price scheme that is not executed
in many countries. In China, for example, the electricity market is non-liberalized and a
time-of-use policy is in use; thus, incentive-based DR is the most popular DR control strat-
egy [21]. Other advanced DR control approaches have been studied. Zhou and Zheng [22]
proposed several smart DR controllers, aiming to enhance the energy flexibility of high-rise
office buildings. Chapaloglou et al. [23] proposed a load pattern recognition algorithm for
the peak load shaving of island-size power systems based on load forecasting.

Through the literature studies, we found that the energy flexibility capacity of build-
ings determines the ability and effectiveness of DR programs. Buildings with high energy
flexibility have a higher degree of involvement with the grid response. The energy flexibil-
ity in buildings can be classified as either passive or active. Generally, passive flexibility
systems comprise a thermal mass integrated with building HVAC systems, whereas active
flexibility is based on installing extra storage devices. From an economic benefit perspec-
tive, using passive flexibility resources is cheaper and causes the initial investment and
maintenance fees to be relatively low [24], whereas the initial capital costs of active ap-
proaches such as energy storage devices are relatively high. In our previous study [25],
approximately 13% and 37% of the peak load could be shaved within 2 h by using a build-
ing thermal mass alone and as combined with a water storage tank for HVAC systems,
respectively. Using a thermal mass and storage tank, Tang et al. [26] obtained similar results
for building clusters.

Most studies for HVAC systems have focused on daily peak load reduction; for
example, the common peak load time occurs at approximately 14:00–16:00 [27], and the
approaches for optimizing HVAC systems to reduce peak loads have been widely studied,
including approaches based on using temperature resetting, energy storage devices, and
optimal controllers [22]. Windstead et al. [28] investigated the peak load reduction potential
of HVAC and refrigeration systems (including 80 air handling units and 40 refrigerators) in
a commercial building using a temperature resetting approach. They concluded that over
60 kW (15% of the total peak load) could be shifted. Shen et al. [29] used HVAC units of
residential buildings to provide grid services. In their study, the DR load aggregator had
full authority to remotely control HVAC units based on customer preferences.

Through an extensive literature review, it can be seen that the previous studies present
effective results for reducing the peak load and maximizing the economic benefits of
building owners; however, there remains a lack of overall analyses focusing on the purposes
of bringing more renewable energy into the grid and securing the reliability of the power
grid. This is owing to the following research gaps: (1) the energy flexibility capacities of
buildings have not been fully used owing to the difficulty in quantifying such capacities;
(2) load prediction is an important factor for optimizing building energy management, but
the prediction performance is still not good enough. Therefore, further studies are required
to fill these gaps.

1.2. Motivations, Innovations, and Contributions

The implementation of the optimal control of HVAC systems is based on an objective
function. Traditionally, it usually takes the maximum energy savings as the objective
function. However, in the context of the fast development of intermittent renewable
energies in the power grid, the DR control in buildings should consider the balance of the
load supply and demand side. Buildings not only need to save energy, but also need to
consider the load coordinated control between the power grid and end-users at the same
time. When there is a deviation between load supply and demand, how to realize the load
coordinated control is important for the development of grid-interactive buildings.

The duck curve problems caused by the constant outputs of coal-fired plants im-
pede the development of renewable energy and a sustainable society. To overcome these
problems, grid-integrated buildings with advanced DR control technologies are required.
Through an extensive literature review, there remains a research gap in the DR field of build-
ing HVAC systems associated with energy flexibility, e.g., from passive thermal masses and
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active storage tanks. To bridge this gap, we proposed two DR control strategies (rule-based
and prediction-based) based on the energy flexibility quantification framework, predictive
net load demand, and prediction of the day-ahead load demand. The originality and major
contributions of this work are summarized as follows: (1) rule-based and prediction-based
DR control strategies for smoothing the duck curves are proposed; (2) the energy flexibility
resources of building thermal masses and storage tanks are quantified and considered in
the DR control; and (3) a load match index is presented for evaluating the performance of
DR control strategies for duck curve smoothing.

The innovation of this work includes the proposal of two coordinated DR control
strategies based on the duck curve and day-ahead prediction load curve and the considera-
tion of the energy flexibility potential. Therefore, building energy demand can be managed
so as to be more coordinated with the intermittent characteristics of solar and wind energy.
The results of this work could provide knowledge for energy flexibility utilization, smart
building energy management, sustainable cities, and smart grid development. The remain-
der of this paper is structured as follows. Section 2 introduces the methodology, including
the current and future duck curves of China, energy flexibility quantification framework,
energy prediction approaches, and two DR control strategies. A typical office building
case with central AC (Air conditioning) systems is described, modeled, and validated in
Section 3. The results and discussions regarding the DR control strategies are presented in
Section 4. Finally, conclusions and future work are presented in Section 5.

2. Methodology
2.1. Electricity Duck Curve in China

The shape of the duck curve (i.e., the net load demand curve) is influenced by the load
demand of the end-users and the total solar electricity generation. Figure 1 illustrates the
duck curve for California from 2012 to 2020 [14]. The duck curve is relatively stable during
the middle of the night, decreases following sunrise in the morning, reaches the bottom at
approximately noon, and reaches the peak at nightfall. With a higher penetration rate of PV
energy in the grid, the duck curve becomes steeper. To solve the duck curve problems and
ensure the safety of the grid, a previous study proposed three approaches [21], as follows:

(1) Retrofitting a power plant’s output to be changeable. In this way, plants can work
at partial load during noon, and at full load during sunset. The average output rate
of coal-fired plants in China is approximately 40–100%; operation at a high output
rate brings higher energy efficiency and economic benefit. The initial investment
should be weighted so as to consider a broader output rate range of a coal-fired plant
retrofitting program [5].

(2) Implementing electricity DR. DR allows the end-users to change their load demand
patterns, based on considering an electricity tariff or economic incentive [12]. In
particular, the building section has massive potential as an energy flexibility resource,
making it a preferable consumer for flexible energy management [27].

(3) Installing energy storage devices. Energy storage is a traditional technology for
managing energy demand and supply, although additional investment is required.
Batteries, water tanks, and chemical storage devices are widely used.

China has a different duck curve pattern than California, owing to its different energy
structures. Figure 2 illustrates the predictive duck curve of North China in 2020, 2035, and
2050 [30]. There is a similar net load curve trend in other areas of China [5]. Currently, the
duck curve is relatively flat since the solar energy penetration rate in the grid is not high, at
approximately 11.5% (in 2020); the rate is predicted to reach 31% by 2050 [31]. With the
rapid development of intermittent renewable energy sources, the duck curve will become
increasingly steeper from 2020 to 2050.
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2.2. Energy Prediction Approaches

An accurate short-term load prediction to be used as a baseline is critically important
for DR evaluation and DR optimal control design. Prediction strategies are usually cat-
egorized into three types: physics-based models (white box), data-driven models (black
box), and reduced-order models (gray-box) [32]. Physics-based modeling tools such as
EnergyPlus, Trnsys, and Dymola are widely used in the engineering industry [33]. The
disadvantage of these models is that they require a significant amount of time and effort to
enter the many detailed building parameters; this might be a problem for building owners,
especially for buildings in the design phase. Correspondingly, data-driven models for
forecasting a building’s load have been increasingly adopted, owing to their simplicity
and high prediction performance. In this study, we used the Dymola software to estimate
the load demand of the building case, as discussed Section 3, as an existing physics-based
model was established for the DR control analysis. However, data-driven models are rec-
ommended for load demand prediction for scenarios without a ready-made physics-based
model in the future practical applications.

2.3. Energy Flexibility Quantification Framework

The energy flexibility capacities of buildings are important for DR. A building with a
higher electricity flexibility capacity can have a higher degree of involvement with the grid
response. Thus, accurately quantifying a building’s energy flexibility before DR is useful
for designing control strategies to alleviate peak loads and maximize economic benefits in
DR programs. In this study, the energy flexibility of HVAC systems with and without a
storage tank were investigated. The energy flexibility quantification formulas for thermal
masses, HVAC systems, and storage tanks can be found in our previous works [27]. With
the proposed quantification framework, the energy flexibility curves (i.e., the maximum
and minimum load curves in Figure 3) were calculated, so that the load’s upward and
downward capacities were known when designing the DR control strategy. Figure 3 shows
the schematic diagram of energy flexibility capacity in buildings. With the existence of
energy flexibility, end-users can increase power load at valley load time and reduce load
at peak load time to balance the load demand. The maximum and minimum load curves
could be regarded as the boundary for the DR control algorithm design.

2.4. Load Match Index

To evaluate the performance of the DR control strategies, a load match index was
presented, representing the ability to increase the load demand during valley net load
time while reducing the load demand during the peak net load time. Figure 4 shows the
schematic diagram of the load management of different DR control strategies. The load
demand of the end-users should be increased (i.e., red zone) in the “stomach” of duck
curve, whereas the demand is expected to be decreased (i.e., green zone) in the “head” of
duck curve. The red flat solid line represents the ideal net load line where the fossil-fired
plants are easier and more effective to operate, and the red dashed line is the actual net load
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curve. With energy flexibility and proper DR control, buildings can shift the load demand
from the “duck head” to the “duck stomach”. The load–match index is defined as shown
in Equation (1), as follows:

IDR =
∑24

i (Pincrease,i + Pdecrease,i)

Ptotal
(1)

In the above, Pincrease,i represents the amount of increasing load (i.e., the area of the
red zone) in the ⊕ range, Pdecrease,i is the amount of the decreasing load (i.e., the area of the
green zone) in the � range, and Ptotal is total load demand of the case without DR control.
Notably, the total load demands of buildings with and without DR control may be different,
and a case with DR control is generally higher than that without DR control, owing to the
energy loss from energy storage devices.
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2.5. Demand Response (DR) Control Strategies

The duck curves may be different in different weather/climate zones; thus, the two DR
control strategies (rule-based and prediction-based) can be easily generalized for different
duck curve patterns (i.e., different renewable energy penetration rate). Rule-based DR
control for designing control algorithms is based on empirical data, whereas prediction-
based DR control is based on day-ahead load prediction(s). In the field of DR, building loads
could be classified as non-controllable, shiftable, interruptible, and adjustable loads [12].
HVAC loads are considered as adjustable loads due to the existence of the thermal comfort
range, and we investigate on the adjustable HVAC loads in this paper.
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The high peak load in buildings usually results from the load demand of HVAC
systems. Thus, the zone temperature setting can be reset. The rule-based DR control
is based on the distance between the actual and ideal net load curves. Generally, the
recommended comfort temperature in buildings has a relatively large range, and these
ranges vary for different building types and countries. This load distance is the decision
variable and the temperature setting range is the constraint for the DR optimal control
problem. The range is from 26 ◦C to 28 ◦C in the summer for office and residential buildings
in China [34], and it ranges from 22.2 ◦C to 26.7 ◦C according to the American Society of
Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) guidelines. Fanger’s
Predicted Mean Vote (PMV) is a widely used thermal comfort index [35,36], and the
comfortable range is between −0.5 and +0.5. When the zone temperature is reset to reduce
or increase the HVAC loads, PMV must be satisfied. This temperature range results in
buildings with an energy flexibility potential [27]. Trange = [Tl,l , Tu,l ] is the temperature
range of the AC zone, and Tl,l and Tu,l are the lower and upper temperature setting
limits, respectively. In addition, the load difference ∆Pi = Pnet,i − Pideal,i (i = 1, 2, 3, . . . .t),
∆Pmax = max{∆Pi}, ∆Pmin = min{∆Pi}. ∆Pi represents the load difference of actual Pnet,i
and ideal Pideal,i net load curve at the time step i, and could be minutes or hours. The
temperature settings for the rule-based DR are listed in Table 1.

Table 1. Temperature setting in the rule-based demand response (DR) control strategy.

Conditions Zone Temperature Setting

∆Pmin ≤ ∆Pi ≤ 0.7∆Pmin Tset,i = Tl,l
0.7∆Pmin ≤ ∆Pi ≤ 0.4∆Pmin Tset,i = Tl,l + (Tu,l − Tl,l)/6
0.4∆Pmin ≤ ∆Pi ≤ 0.1∆Pmin Tset,i = Tl,l + (Tu,l − Tl,l)/3
0.1∆Pmin ≤ ∆Pi ≤ 0.1∆Pmax Tset,i = Tl,l + (Tu,l − Tl,l)/2
0.1∆Pmax ≤ ∆Pi ≤ 0.4∆Pmax Tset,i = Tl,l + 2 ∗ (Tu,l − Tl,l)/3
0.4∆Pmax ≤ ∆Pi ≤ 0.7∆Pmax Tset,i = Tl,l + 5 ∗ (Tu,l − Tl,l)/6
0.7∆Pmax ≤ ∆Pi ≤ ∆Pmax Tset = Tu,l

2.5.1. Prediction-Based DR

Prediction-based DR control is based on the distance between the net load curve
and predicted load curve. In this case, a predicted day-ahead building load is required.
The distance ∆Li can be calculated using Equation (2). The maximum distance
∆Lmax = max{∆Li} and minimum distance ∆Lmin = min{∆Li} are used under these
conditions. The temperature settings of the prediction-based DR are listed in Table 2. Simi-
lar to rule-based DR control, the load distance is the decision variable and the temperature
setting range is the constraint for the control problem.

∆Li = sign(∆Pi) ∗
∣∣∣Pbuilding,i − Pideal,i

∣∣∣ (i = 1, 2, 3, . . . .t) (2)

Here, Pbuilding,i is the predicted building load (i.e., baseline), and Pideal,i is the ideal net
load demand.

Table 2. Temperature setting in the prediction-based DR control.

Conditions Zone Temperature Setting

∆Lmin ≤ ∆Li ≤ 0.7∆Lmin Tset,i = Tl,l
0.7∆Lmin ≤ ∆Li ≤ 0.4∆Lmin Tset,i = Tl,l + (Tu,l − Tl,l)/6
0.4∆Lmin ≤ ∆Li ≤ 0.1∆Lmin Tset,i = Tl,l + (Tu,l − Tl,l)/3
0.1∆Lmin ≤ ∆Li ≤ 0.1∆Lmax Tset,i = Tl,l + (Tu,l − Tl,l)/2
0.1∆Lmax ≤ ∆Li ≤ 0.4∆Lmax Tset,i = Tl,l + 2 ∗ (Tu,l − Tl,l)/3
0.4∆Lmax ≤ ∆Li ≤ 0.7∆Lmax Tset,i = Tl,l + 5 ∗ (Tu,l − Tl,l)/6
0.7∆Lmax ≤ ∆Li ≤ ∆Lmax Tset = Tu,l

2.5.2. Control Strategy of Water Tank

In the case of HVAC systems with a storage device, buildings have higher energy
flexibility [37,38]. For instance, the water tank can be charged/discharged to increase or
reduce the thermal load demand so that the power demand from the chiller could be
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changed. In this way, the chiller can be shut off to reduce power demand and the storage
tank is discharging to provide the cooling load demand during the electricity peak load
time. Furthermore, the chiller can also be turned on to increase the power demand for
charging the storage tank during the valley load time. To do this, we designed a control
strategy for the water tank, as shown in Table 3.

Table 3. Water tank control strategy.

Input variable 1 : Ttank →Water tan k temperature
Input variable 2 : Tchi,set → Chilled water outlet temperature setting
Input variable 3 : Tset,i → Zone temperature setting
Input variable 4, 5 : Tl,l , Tu,l

→ The zone lower and upper temperature setting limit , respectively
IF ((Tset,i ≥ Tl,l + 5 ∗ (Tu,l − Tl,l)/6) and (Ttank ≤ Tchi,set + 4 °C)) :

Chiller = OFF # water tank discharging
ESLE IF ((Ttank ≤ Tchi,set + 0.5 °C) and (Occupant schedule = OFF)) :

Chiller = OFF # water tan k fully charged
ELSE :

Chiller = ON # water tan k charging, discharging or remains unchanged

3. Case Study
3.1. Office Building Description

To study the performance of the different DR control strategies, a typical office building
located in Shanghai, China was considered and was developed using the Modelica language
on the Dymola platform. This test-bed building had 21 floors, the total building area was
51,072 m2, and the total AC area was 40,320 m2. The window-to-wall ratio was 0.33. The
details of one typical office zone of this building case are listed in Table 4. The space
cooling came from two central AC chillers with a design capacity of 562 kW. The main
basic components selected in Dymola are listed in Table 5. Figure 5 shows the schematic
layout of the air condition systems. There is a water loop by which the water storage tank
is connected with the chiller directly, and it can work at several modes, including charging
mode, discharging mode, and hybrid mode. In the charging mode, the chiller is working to
store the chilled water in the storage tank, which usually happens at the valley load time.
In the discharging mode, the storage tank provides the cooling load demand while the
chiller can be shut off, which usually happens at the peak load time. In the hybrid mode,
the chiller is open and the storage tank can be in the way of charging or discharging.

Table 4. Parameters of one typical office zone.

Components

Geometric Parameters Property Parameters

Thickness
(m) Material

Density
(kg/m3)

Heat Conduction
Coefficient
(W/(m·K))

Specific Capacity
(kJ/(kg·K))

External wall 0.22 Insulation board + Concrete 1490 0.95 0.94
Partition wall 0.18 Brick 930 0.42 0.93

External window 0.01 Glass 2500 0.76 0.84
Ceiling/floor 0.20 Gypsum board 2080 1.33 0.97

Furniture 0.03 Plywood + Paper 490 0.14 2.26

Table 5. Main component selection in Dymola.

Model Basic Model Based on

Chiller Buildings.Fluid.Chillers.Carnot_TEva
Room Buildings.ThermalZones.Detailed.MixedAir

AHU Buildings.Applications.DataCenters.ChillerCooled.
Equipment.CoolingCoilHumidifyingHeating

Tank Buildings.Fluid.Storage.Stratified
weaBus Buildings.BoundaryConditions.WeatherData.ReaderTMY3
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The DR control strategies considered both the energy flexibility of a passive internal
thermal mass and an active storage tank. According to the national standard [39], the total
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internal heat gain was 40 W/m2, the light load density was 11 W/m2, and the equipment
load density was 13 W/m2 for our dynamic model. The geometry of a typical office zone,
detailed information of the building physics and thermophysical parameters, Modelica
dynamic modeling, and model validation can be found in our previous study [27]. In
addition to the building physics, which have a significant impact on the building energy use,
the occupancy rate is another important factor influencing the energy consumption pattern.
The occupancy rates that form the Chinese standard [39] and ASHRAE standard [40] during
workdays are illustrated in Figure 6. The rate decreases at noon, owing to lunch breaks. We
adopted the Chinese standard for our model. It is worth noting that accurate occupancy
rates in real-time can nowadays be obtained from social media to make the building energy
model more realistic [41].

Buildings 2022, 12, x FOR PEER REVIEW 10 of 18 
 

Table 4. Parameters of one typical office zone. 

Components 

Geometric Parameters Property Parameters 

Thickness 
(m) Material Density 

(kg/m3) 

Heat Conduction 
Coefficient 
(W/(m·K)) 

Specific 
Capacity 

(kJ/(kg·K)) 
External wall 0.22 Insulation board + Concrete 1490 0.95 0.94 
Partition wall 0.18 Brick 930 0.42 0.93 

External window 0.01 Glass 2500 0.76 0.84 
Ceiling/floor 0.20 Gypsum board 2080 1.33 0.97 

Furniture 0.03 Plywood + Paper 490 0.14 2.26 

Table 5. Main component selection in Dymola. 

Model Basic Model Based on 
Chiller Buildings.Fluid.Chillers.Carnot_TEva 
Room Buildings.ThermalZones.Detailed.MixedAir 

AHU Buildings.Applications.DataCenters.ChillerCooled. 
Equipment.CoolingCoilHumidifyingHeating 

Tank Buildings.Fluid.Storage.Stratified 
weaBus Buildings.BoundaryConditions.WeatherData.ReaderTMY3 

The DR control strategies considered both the energy flexibility of a passive internal 
thermal mass and an active storage tank. According to the national standard [39], the total 
internal heat gain was 40 W/m2, the light load density was 11 W/m2, and the equipment 
load density was 13 W/m2 for our dynamic model. The geometry of a typical office zone, 
detailed information of the building physics and thermophysical parameters, Modelica 
dynamic modeling, and model validation can be found in our previous study [27]. In ad-
dition to the building physics, which have a significant impact on the building energy use, 
the occupancy rate is another important factor influencing the energy consumption pat-
tern. The occupancy rates that form the Chinese standard [39] and ASHRAE standard [40] 
during workdays are illustrated in Figure 6. The rate decreases at noon, owing to lunch 
breaks. We adopted the Chinese standard for our model. It is worth noting that accurate 
occupancy rates in real-time can nowadays be obtained from social media to make the 
building energy model more realistic [41]. 
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Air-Conditioning Engineers (ASHRAE) guidelines.

3.2. Energy Demand-Side Description

In our prediction-based DR strategy, accurate load prediction played an important
role in improving energy management. Figure 7 shows the day-ahead electricity predicted
results for a typical summer day using a physics-based Dymola model.

A building’s thermal flexibility resources include the passive thermal inertia of the
building’s thermal mass and the active energy storage of the water tank. The energy
flexibilities of the HVAC system with and without the storage tank are shown in Figure 8
by using the energy flexibility quantification framework that we proposed in our previous
work [27]. The energy flexibility capacity decreases when it is used continuously. As shown
in Figure 8, the flexibility capacity is high at the beginning, and is relatively low after 2 h.
Usually, a common DR event does not exceed 2 h. However, the duration required to solve
the duck curve problem may be longer than that of the DR event, and thus the passive
energy flexibility would not be sufficient to shave the peak load and fill the valley load.
Thus, an active energy-storage device is required for the buildings. In the case of a building
with a storage tank, the load increase/reduction capacity is almost equal to the chiller
load, since the storage tank can replace the chiller to provide cooling demand for a specific
duration, indicating that the chiller can be shut off until the room temperature reaches
the upper limit. Based on the flexibility curve, the DR control strategy can be optimized
by considering the capacity and conditions of the energy flexibility. The energy flexibility
ratios of the case study building are listed in Table 6.
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Table 6. Energy flexibility ratio of total building energy demand of heating, ventilation, and air
conditioning (HVAC) systems with and without storage tank.

Time (min) 10 20 30 40 50 60 70 80 90 100 110 120 Average

HVAC (%) 33.83 30.44 28.88 27.82 27.02 26.29 25.69 25.18 24.73 24.31 23.92 23.56 26.81
HVAC + storage tank (%) 42.00 42.00 42.00 40.86 39.51 36.81 35.96 34.42 33.52 32.07 30.70 29.41 36.61

4. Results and Discussion

In this section, the results of the rule-based and prediction-based DR control strategies
are analyzed for office building HVAC systems using passive and active energy flexibility.
Scenario 1 represents the passive thermal mass used as an energy flexibility resource.
Scenario 2 considers the active storage tank as an additional flexibility resource. One typical
summer day was simulated and analyzed for these two scenarios. The simulation running
time of each scenario is approximately 50 s on Dymola (Version 2018) on Windows 10, with
a 2.6 GHz processor (Intel Core i7-10700) and 16 GB RAM. Notably, we show the load in a
normalized manner.
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4.1. Scenario 1: Passive Thermal Mass

A building’s thermal masses, such as walls and furniture, comprise the main contribu-
tions to passive thermal energy flexibility; in particular, furniture has the largest flexibility
and can respond quickly to provide energy flexibility. The AC was open from 8:00 to 18:00
on workdays. In our case, the temperature range Trange is three degrees (i.e., Tl,l is 24 ◦C and
Tu,l is 27 ◦C). A temporary peak load time occurs in the morning once the AC is switched
to ON. In Figure 9, the black dash–dot line shows the baseline of the load demand, where
no DR control is implemented. The green solid line and blue short dashed line represent
the load demands of the rule-based and prediction-based DR control cases, respectively.
Apparently, compared with the baseline, the load demand is increased in the morning and
decreases in the afternoon, owing to the DR control. Thus, the net load demand can be
flattened. The load match indices are 0.38 and 0.24 for rule-based and prediction-based
DR control, respectively. In addition, the load demand of the rule-based case is decreased
where it is expected to increase, which is referred to as the “abnormal zone” in Figure 9.
Although the load match index is higher in the rule-based case, the abnormal zone appears,
which degrades the ability and overall performance of smoothing the net load curve.

Buildings 2022, 12, x FOR PEER REVIEW 13 of 18 
 

 
Figure 9. Normalized load curve of rule-based and prediction-based demand response (DR) control 
in Scenario 1. 

4.2. Scenario 2: Passive Thermal Mass + Water Storage Tank 
To increase the ability to smooth the net load curve, the water storage tank is inte-

grated into the HVAC systems, and the results are shown in Figure 10. The load match 
indices are 0.51 and 0.55 by using the approach proposed in Section 2.4 for the rule-based 
and prediction-based control, respectively. Compared with the case without a storage 
tank, Scenario 2 can shift more loads from valley to peak load times. Furthermore, the net 
load can be increased in the middle of the night, owing to the recharging of the storage 
tank. Figure 11 shows the temperature setting and real-time zone temperatures from the 
proposed DR controls. The real-time zone temperature meets the set value in both cases.  

 
Figure 10. Normalized load curve of rule-based and prediction-based DR control in Scenario 2. 

Figure 9. Normalized load curve of rule-based and prediction-based demand response (DR) control
in Scenario 1.

4.2. Scenario 2: Passive Thermal Mass + Water Storage Tank

To increase the ability to smooth the net load curve, the water storage tank is integrated
into the HVAC systems, and the results are shown in Figure 10. The load match indices
are 0.51 and 0.55 by using the approach proposed in Section 2.4 for the rule-based and
prediction-based control, respectively. Compared with the case without a storage tank,
Scenario 2 can shift more loads from valley to peak load times. Furthermore, the net
load can be increased in the middle of the night, owing to the recharging of the storage
tank. Figure 11 shows the temperature setting and real-time zone temperatures from the
proposed DR controls. The real-time zone temperature meets the set value in both cases.

4.3. Discussion

Currently, three-tiered electricity tariffs are the mainstream in China and are usually
divided into three different tariffs for peak, flat, and valley load times [42]. With this
electricity price policy, energy storage devices are generally charged using cheap valley
electricity in the middle of the night, and are discharged at high peak electricity tariff times.
As shown in Figure 1, in the future power grid, the bottom of the duck curve appears at
noon when the solar energy generation reaches its peak, indicating that the power grid
is at a surplus and that more electricity is expected to be consumed at noon rather than
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during the middle of the night, as before. Thus, the existing electricity tariff schemes in
China hinder the penetration of solar energy into the grid. Under these conditions, the
future price scheme should be based on the shortages or surpluses of power grids affected
by intermittent renewable energies. For example, the electricity price is low at the bottom
of the duck curve (i.e., the ⊕ range in Figure 4) and is relatively high at the head of the
duck curve (i.e., the � range in Figure 4). Thus, multiple-tired or dynamic tariffs could be
adopted to solve the duck problem.
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The use of passive energy flexibility is almost free, except for some additional invest-
ment for smart meters. The utilization of a water storage tank requires a considerable initial
investment, but the energy’s flexible ability is upgraded, and the break-even point is rela-
tively short. Thus, HVAC systems with storage tanks are recommended for providing high
penetration of renewable energy in the grid. As shown in Table 6, the upward and down-
ward energy flexibility capacities are approximately 33.8% and 42.0% of the total building
load at the beginning for Scenarios 1 and 2, respectively. As shown in Figures 9 and 10,
the energy’s flexibility potential is fully used at 8:00 am, whereafter, the upward capacity
decreases with the consumption of energy flexibility, and the upward capacity reaches the
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bottom limit at noon. In Scenario 1, the control strategy fully utilizes the energy flexibility
potential. In Scenario 2, the used upward energy flexibility is approximately 30.0% in the
morning, but 42.0% exists, indicating that further upward loads can be achieved. Compared
with the energy flexibility capacity in Table 6, it can be seen that there is still some energy
flexibility not being fully used.

For the rule-based control case, as shown in Figure 9, the existence of an “abnormal
zone” degrades the ability of load shifting. Thus, this zone could be avoided by designing a
better rule-based DR control strategy. The temperature setting in Table 1 could be optimized,
for instance, temperature could be set lower to increase the power demand during the
abnormal zone time. For the prediction-based control case, the “abnormal zone” problem
disappears, which means that the prediction-based control is better, despite the fact that
the predicted load baseline is additionally required. As shown in Figure 9, meanwhile, the
peak load of the case building can be shifted by 24–38% using only the energy flexibility
capacity of passive thermal mass, and this rate could reach 51–55% when an active storage
tank is integrated, without sacrificing the occupant’s comfort. In paper [43], 25% of peak
load reduction can be achieved by a 2 ◦C higher than normal thermostat setting in the
cooling demand season. Similar results of 18.7% to 39.0% have been found in several other
papers [44–46].

In addition, providing pre-cooling/heating before peak load occurrence has been validated
as an effective approach to reducing the peak load demands of HVAC systems [25,47]. For
example, in a cooling supply case, pre-cooling usually occurs in the middle of the night,
and the temperature setting can be low, i.e., up to 20 ◦C [48]. In this way, the temperature
setting can be set to a low value in the ⊕ range in Figure 4 and to a high value in the �
range to achieve higher energy flexibility. To avoid the discomfort caused by temperature
changes, some pre-cooling strategies can be used, such as linear, exponential, and stepping
temperature resetting [49].

In this study, we investigate the load smoothing ability of an office building, and its
operation time usually corresponds to the period of the solar energy supply. When the solar
energy supply ends at dusk, the energy demands of office buildings are also offloaded,
whereas the energy demands of residential buildings increase, leading to their peak loads
at dusk. Thus, residential buildings are promising customers for providing DR resources.
With the wide working time window for electrical appliances, such as washing machines,
dishwashers, and electric vehicles, residential buildings have massive energy flexibility
potential [50] and can play important roles as grid-integrated buildings.

5. Conclusions

In this paper, two DR control strategies are proposed, considering a building’s energy
flexibility capacity to solve duck curve problems. Specifically, the rule-based DR strategy is
based on the distance between the actual and ideal net load curve; the prediction-based DR
strategy is based on the distance between the net load curve and day-ahead load prediction
curve (i.e., baseline). These two proposed strategies can be integrated into building energy
management systems in practical applications. The energy flexibility abilities of the building
thermal mass and water storage tank are quantified using our previous quantification
framework. The load match index is presented to evaluate the performance of these two
DR control strategies. The results show that 24–38% of a building’s total load can be shifted
from the peak load time to valley load time using only the passive thermal mass, and that
this rate could reach 51–55% when an active storage tank is integrated. In addition, the
results show that the prediction-based DR control strategy outperforms the rule-based DR
control in regard to smoothing the net load curve, although an accurate day-ahead load
forecasting curve is required.

This work provides a reference basis for smart grid-integrated building energy man-
agement in the context of the high penetration rate of renewable energies in the modern
power grid. The proposed DR control strategies can be applied to public buildings and
generalized to other building types, such as residential buildings. The net load curve is
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being reshaped with increasingly intermittent renewable energy penetrating the power
grid; therefore, load aggregators can integrate all of the flexibility resources to coordinate
the supply from the power grid and the demand from end-users, and building owners can
benefit from participating in DR programs. As the peak load time of the grid is moved
to dusk, future works are expected to consider DR control strategies based on the energy
flexibility of electric appliances in residential buildings, including washing machines, dish-
washers, electric vehicles, and AC, which commonly work at night when residents come
home from office buildings. In the future of building energy systems, DR control strategies
will not only consider the total energy savings but also energy supply–demand coordina-
tion in the objective function. For instance, when the power grid is jeopardized because
of supply–demand balance problems, buildings can respond by increasing or decreasing
power consumption simultaneously according to the load supply–demand conditions for
the sake of the power grid’s stability and safety. To do that, an optimal DR control strategy
considering the energy flexibility capacity of buildings and supply–demand coordination
of the power grid should be developed in future energy markets.
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