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Abstract: To better utilize air-conditioning load in terms of demand side response potential and
improve precision and speed, a control strategy of traditional temperature-control air conditioning,
determining frequency load as the research object, and air conditioning determined with a frequency
theory model and the Monte Carlo method, were used to construct a power aggregation model.
This was combined with user feedback to study thermal comfort as a lateral load demand response
resource to determine the potential demand response of power systems. Based on the state-queuing
model, an air-conditioning load grouping control strategy using an improved particle swarm opti-
mization algorithm is proposed which can accurately control the air-conditioning load following the
reference load.

Keywords: air-conditioning load; demand response; the aggregation model; improved particle
swarm optimization; the control strategy

1. Introduction

With the rapid economic development in recent years in China, the power load in
the electricity network has been progressively increasing over the years, which leads to
a lack of power supply during the summer peak period, especially in developed areas.
Furthermore, for the constitution of the summer peak load, air conditioners account for
the largest proportion. Let us take Beijing and Shanghai as an example, where the air-
conditioning load makes up 50% of the power load during the summer peak, and this
proportion will continue to witness an increase [1]. Because of the physical characteristics
and the users’ habits, the air-conditioning load is anticipated to endow significant potential
for adjustability. In addition, the revolutionary development of renewable energy and the
extensive integration of wind generation place challenges on the control and operation of
power systems due to limited adjustability, high randomness, and uncertainty [2]; thus,
flexible control strategies for adaptable resources at the demand side are urgently needed
to resolve potential adverse impacts from fluctuations in renewable generation on power
system stability. Among the options, air conditioners are typically adopted as temperature-
controlling loads which, under the premise of guaranteeing users’ comfort, enable flexible
and fast responses for operational power by heat inertia of the constructions. Moreover,
this is an economical and reliable resource for demand response which could potentially
participate in reactive power optimization for the system [3], orderly load shedding [4],
peak load regulation, and carbon emission reduction [5].

To take full advantage of the demand response capability of the air-conditioning load,
the corresponding control strategy must be proposed with practical scenarios. In line with
the existing difficulty of regulating the clusters of air conditioners and efficiently reducing
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groups and simplifying control technologies, considering load shedding and comfort,
Ref. [6] proposed an aggregation and peak-shifting methodology; however, there are large
disturbances in air-conditioning load. In [7], a rotating framework for air conditioner
regulation is proposed using an energy management system, improving real-time control
effectiveness for air conditioners with adjustable status during the adjusting time. However,
it has high-level prerequisites for hardware. Ref. [8] proposed a straightforward and
efficient control approach for tracing large-scale air-conditioning loads based on second-
order equivalent thermal parameters (ETP), implemented by utilizing reference signals to
trace the original load curve and the expected load curve. Nonetheless, if the analysis of
the solving time and accuracy of the proposed method could be further improved, that
would be more practical. In [9], the interactivity of commercial buildings is predicted by
their physical model. Then, the interactivity curve of the commercial buildings could be
established based on the comprehensive temperature-controlling strategy [10]. The merit
of this technique is that the flexibility of the air-conditioning load is well utilized, while
the accuracy is highly reliant upon the simulation model of the energy consumption of
the buildings [11].

To address the aforementioned issues, this paper mainly investigates the demand
response control strategy of the constant-frequency air-conditioning load. First, the single-
machine model of the air-conditioning load is constructed based on the ETP model. Then,
considering the factor of user comfort, an analysis of the potential and characteristics
of the air-conditioning demand response is conducted, adopting the Monte Carlo ap-
proach. Furthermore, the demand response control strategy for air conditioners is proposed
based on enhanced particle swarm optimization (PSO), which makes the most of the de-
mand response capability of air conditioners, reduces dependence on third-party software,
and has superiority over traditional algorithms in the aspects of computational accuracy
and velocity.

2. Model and Analysis of Constant-Frequency Air Conditioners
2.1. Physical Model of Constant-Frequency Air Conditioners

The underlying principle of investigating the regulation capability of air conditioners
is, first, to establish a physical model for air-conditioning load, demonstrating operational
status and power consumption. The conventional methodology to model air-conditioning
load typically adopts the ETP approach to mimic the heat transfer process indoors, which
equates interior environments, exterior environments, and the refrigerating capacity of
air conditioners to the resistances, capacitances, and power sources of the corresponding
circuits, respectively [12]. Illustrating the operation process of air-conditioning load using
the ETP model of the second and higher orders has assured precision. Nevertheless, the
parameters of the second- and higher-order models are rather complicated, resulting in
heavy computational burdens. To simplify the modelling of the temperature-controlling
load of air conditioners, many researchers express the temperature variations in the air-
conditioning load located space with the first-order ETP model, assuming the equivalence
between the temperature of the interior air and that of the solid [13,14]. The circuit schematic
obtained from the first-order ETP model is depicted in Figure 1.
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Figure 1. First-order equivalent thermal parameter model of air-conditioning load.

The indoor temperature variation can be described as in (1), from which, in the
simplified models, the indoor temperature variation can be approximately equivalent to the
exponential functions. Therefore, the model only consists of the equivalent parameters of
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capacitances, resistances, and refrigerating quantity, which are easy to acquire and model,
and can relieve computational burdens.

Constant-frequency air conditioners regulate the indoor temperature via periodical
start–stop compressors which, in other words, have two operating states: turned-on mode
and turned-off mode. During the turned-on mode, the air conditioners provide rated
refrigerating/heating quantity to the room with the nominal power output while, for the
turned-off mode, the air-conditioning load stops running. Accordingly, the first-order ETP
model for constant-frequency air conditioners is written as [15]:{

Tin,t+1 = Tout,t+1 − (Tout,t − Tin,t)e−∆t/RC, α = 0
Tin,t+1 = Tout,t+1 − QR − (Tout,t − QR − Tin,t)e−∆t/RC, α = 1

(1)

where Q = ηP, P represents the nominal active power of the air conditioners, η is the
energy efficiency ratio, and α is a binary state variable for air conditioners, where 0 and
1 indicate the turned-off and turned-on modes, respectively.

Assume that the interior temperature is set as [Tmin,Tmax], and the exterior temperature
is fixed at Tout in a cycle of control. Additionally, denote the air conditioner as turned off at
τ0 and turned on at τ1. The control period is τc. Substituting the range of the set interior
temperature into (1) yields:

τ0 =
RC
∆t

ln
(

Tmin − Tout

Tmax − Tout

)
(2)

τ1 =
RC
∆t

ln
(

ηPR + Tmax − Tout

ηPR + Tmin − Tout

)
(3)

τc = τ0 + τ1 (4)

Given that the air conditioners operate within a limited range of temperatures, the
variation in the interior temperature can be traced via straight lines, which thus derives the
linear ETP model, i.e., the state-queuing (SQ) model [16], shown as:

Tin,t+1 = Tin,t +
∆t
τ0
(Tmax − Tmin), α = 0

Tin,t+1 = Tin,t − ∆t
τ1
(Tmax − Tmin), α = 1

(5)

According to the single-machine model of the constant-frequency air-conditioning
load as given in (1), the characteristics of the interior temperature for a typical residential
room and the start–stop state for the constant-frequency air conditioners are illustrated
in Figure 2.
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2.2. Modelling of the Air-Conditioning Load Clusters

Calculating the aggregated power and the regulation capability of a cluster of air con-
ditioners based on the operational power model of the single-machine constant-frequency
air conditioner is critical to the air-conditioning load participating in the demand response.
This paper equates a significant number of air-conditioning loads to a single aggregated
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load via the Monte Carlo methodology [17], which has the following three procedures, as
displayed in Figure 3.
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The calculation results of the aggregated power are generally regarded as the reference
power [18], which benefits the precise assessment of the aggregated power of a large
amount of air-conditioning load, as well as shortens computation time to a certain degree.

2.3. Analysis of the Regulation Capability of Air-Conditioning Clusters

This paper obtains the aggregated power and average power of the air-conditioning
clusters through the Monte Carlo approach on a single-machine model. Considering that
the average power of aggregated air conditioners can be utilized to represent the actual
power consumption of each air conditioner in the case of a large-scale air-conditioning
load, the total amount of power consumption can be derived from the accumulation of
that of the single machines. Moreover, the accuracy of this method can be verified by
simulations, which illuminate further case studies calculating the average power of the
aggregated air conditioners with multiple scenarios of exterior temperature and a set
value for interior temperature. Consequently, the average power consumption for the
aggregated air conditioners in several typical scenarios can be acquired. Then, combined
with the adjustable range of the users’ thermal comfort, load shedding capabilities of the
air-conditioning load can be obtained [19].

To quantify the impact of temperature on human comfort, the Franger thermal comfort
equation is adopted to formulate the index of the predicted mean vote (PMV), which
approximates thermal comfort. The correlation between the PMV value and human feelings
is shown in Figure 4, where the smaller values indicate superior user comfort [20].
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Given that the other factors assure the user comfort, the relationship between the PMV
value (denoted as IPMV) and the temperature (denoted as x) can be expressed as [21]:

IPMV =

{
0.3895(x − 26) x ≥ 26
0.4065(−x + 26) x < 26

(6)

It could be implied from (6) that PMV has a minimum value with a temperature of
26 ◦C, which is also the most comfortable level. It has been suggested by ISO7730 that
the users are most comfortable with PMV values ranging from −0.5 to 0.5 [17], where the
corresponding interior temperature is 24.8 ◦C~27.3 ◦C. Considering that the users shall
set the temperature as an integer [24, 28] ◦C is determined as the tunable range for users
with their thermal comfort also satisfied. Thus, the demand response capability for the
air-conditioning load can be derived by accounting for the users’ thermal comfort and the
aggregated power consumption.

3. Power Consumption Model and Regulatory Capability Analysis of
Constant-Frequency Air Conditioners
3.1. Group Methodology and State-Queueing Model

Various parameters and categories are present in the air-conditioning load that par-
ticipates in the demand response. As a result, it is not practical to regulate each of the
controllable loads with distinguished strategies. This paper first aggregates the air con-
ditioners with a certain parameter and conducts control within the group. The process is
followed by:

1. Based on the analyses given in (2) and (3), the power consumption of the constant-
frequency air conditioners is closely related to the parameters representing the tem-
perature variable, RC, and the distinct temperature difference, QR, yielded from the
aforementioned parameters Q, R, and C, generated by Monte Carlo simulations.

2. Characterizing the constant-frequency air conditioners with the values of QR and RC,
and aggregating them into different groups with K-means algorithms.

3. Obtaining the characteristic values for each aggregated group; the total power con-
sumption for each group is the accumulation of all the machines.

4. Controlling the air-conditioning clusters of each group.

For the aggregated constant-frequency air conditioners, the analysis of the air-conditioning
clusters with similar parameters is conducted with the state-queueing model, which is derived
from the linearized ETP model [22].

It could be understood that several N air conditioners exist with identical or similar
parameters after the aggregation. Under the circumstances that the exterior temperature is
T0 and the temperature range is provided as [Tmin,Tmax], the air conditioner shall operate
under the procedure of being off for 7 min and being on for 3 min. Therefore, the entire
process can be divided into 10 states, with each of the states lasting for 1 min.

In the beginning, N air conditioners in the aggregated group have significant variety,
which thus leads to the air conditioners being averagely distributed across the ten states.
Accordingly, each state comprises the number of N/10 air conditioners, denoted as a state
group. The states in the original group move to the next with every minute passing by. For
instance, the first state group enters the second state, and the second state group becomes
the third state [23,24]. Ultimately, the new cycle starts when the tenth state group turns into
the first state, where the detailed procedure is shown in Table 1.
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Table 1. The linear distribution of air-conditioning polymerization group status.

Group 1 2 3 4 5 6 7 8 9 10 Total

Initial 1 2 3 4 5 6 7 8 9 10 3

1 2 3 4 5 6 7 8 9 10 1 3

2 3 4 5 6 7 8 9 10 1 2 3

3 4 5 6 7 8 9 10 1 2 3 3

4 5 6 7 8 9 10 1 2 3 4 3

5 6 7 8 9 10 1 2 3 4 5 3

6 7 8 9 10 1 2 3 4 5 6 3

7 8 9 10 1 2 3 4 5 6 7 3

8 9 10 1 2 3 4 5 6 7 8 3

9 10 1 2 3 4 5 6 7 8 9 3

10 1 2 3 4 5 6 7 8 9 10 3

11 2 3 4 5 6 7 8 9 10 1 3

12 3 4 5 1 7 8 9 10 1 2 3

3.2. Control Strategy for the Air-Conditioning Load Based on the Improved PSO Algorithm

Conventional methodology, such as the state-queueing approach, can effectively
describe the operational conditions of the grouped air conditioners. This paper also adopts
this technique, formulating the objective function of the minimum deviation between the
actual active power consumption of the air conditioners and the target of shifted peaks.
Considering the investigation of capability analysis, the objective function is formulated
such that the demand response capability can be developed with the tuning of the set
temperature for the air conditioning:

min(abs(
TE

∑
t=TS

(
J

∑
i=1

Pafc,i,t − (1 − λt)Ppre,t))) (7)

where Ts is the initial time starting control, TE is the control finishing time, J is the air-
conditioning group regulated by the system, Pafc,i,t is the regulated power for the i-th group
of air conditioners during the t interval, λt is the targeted peak shifting ratio for each time
interval, and Ppre,t is the predicted active power load at the time of t.

Taking the users’ thermal comfort into consideration, the constraint on the set temper-
ature is expressed as:

θmin,i,t ≤ θset,i,t ≤ θmax,i,t (8)

where θmin,i,t is the lower bound, θmax,i,t is the upper bound, and θset,i,t is the regulated
temperature of air-conditioning user i at the time of t.

The enhanced PSO algorithm is employed in this paper, which modifies the learning
factors, c1 and c2, and the inertia factor, ω:

1. Learning factors: this paper utilizes asynchronous learning factors, i.e., the two
learning factors conduct different variations during the optimization process. This, as
a result, enables the particle’s strong self-learning capability and weak self-learning
capability at the initial stage of optimization, which also strengthens global searching
capabilities. Additionally, this modification is beneficial for the convergence of the
globally optimized solution. The expressions are updated as:

c1 = c1max − (c1max−c1min)×t
tmax

c2 = c2min − (c2max−c2min)×t
tmax

(9)
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where c1max = c2max = 2.5 and c1min = c2min = 0.5 are the maximum and minimum values
for c1 and c2, respectively, t is the time also representing the current times for iteration, and
tmax is the maximum time for optimization.

2. Inertia factor: a linearized inertia-weighted method is adopted in this paper, which
linearly reduces the inertia weights from the maximum value to the minimum value.
For the initial searching stage, enhancing the capability of global searching avoids the
trap in the local solution. Moreover, for the later period, enhancing the capability of
local searching assists in locking the optimized solution. The equation relating to the
iteration is written as:

ω = ωmax −
(ωmax − ωmin)× t

tmax
(10)

where ωmax = 0.9 and ωmin = 0.4 are the maximum and minimum values for ω, respectively.
The flow chart of the improved PSO algorithm is schematized in Figure 5.
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4. Case Studies
4.1. Simulation Scenarios

The simulations are carried out on the clusters of constant-frequency air conditioners.
Several parameters are set in the simulations: (1) The simulation period is 3600 s. (2) The exterior
temperature is 31 ◦C. (3) The targeted temperature of the air conditioners is 25 ◦C. (4) The
controlled temperature allows a 1 ◦C error. Taking the reality of the location into account, other
parameters are uniformly distributed in Table 2, and are taken from empirical values.
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Table 2. Load parameter range of fixed-frequency air-conditioning.

Parameters Range Parameters Range

R [4.76, 6.36] Tset [24, 26]

C [0.13, 0.23] δ [1]

P [2, 3] η [2.6, 2.8]

4.2. Analysis of the Simulation Results of the Air-Conditioning Aggregated Model

The total polymerization power of the different polymerization quantities of the
constant-frequency air conditioners is shown in Figure 6 with the Monte Carlo method,
where there are 1000, 5000, and 10,000 air conditioners. When there are 1000 units, the
power is about 400 kW. When there are 5000 units, the power is about 2000 kW. It can be
inferred from Figure 6 that, provided that the quantity continues to increase and reaches a
certain scale, the aggregated power deviates around the stable value. With this finding, the
average load power of a single air conditioner with a different number of aggregations is
depicted in Figure 7.
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This implies that the average power for a single air conditioner is 0.401 kW, whatever
the aggregation quantity is. In addition, power fluctuations decrease with the increasing
aggregated quantity, which eventually converges to 0.401 kW. Thus, for the following
simulations, different characteristics of air conditioners can be ignored, if the quantity of
the air conditioners is large enough. The simulations on the aggregated power are there-
fore conducted with the Monte Carlo method, with the single-machine air-conditioning
load combined.

4.3. Analysis of the Simulation Results of the Demand Response Capability

The cases are further expanded to account for multiple conditions of different exterior
temperatures and different set values for the air conditioning temperature. Consequently,
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the average power of polymeric air-conditioning units with different outdoor temperatures
is illustrated in Table 3.

Table 3. Average power of polymeric air-conditioning unit at different outdoor temperatures (kW).

Exterior Temperature

26 27 28 29 30 31 32 33 34 35

0.29 0.34 0.40 0.45 0.60 0.66 0.69 0.78 0.78 0.83

0.22 0.29 0.34 0.40 0.45 0.60 0.66 0.69 0.78 0.78

0.14 0.22 0.29 0.34 0.40 0.45 0.60 0.66 0.69 0.78

0.00 0.14 0.22 0.29 0.34 0.40 0.45 0.60 0.66 0.69

0.00 0.00 0.14 0.22 0.29 0.34 0.40 0.45 0.60 0.66

0.00 0.00 0.00 0.14 0.22 0.29 0.34 0.40 0.45 0.60

0.00 0.00 0.00 0.00 0.14 0.22 0.29 0.34 0.40 0.45

The error between the set temperature and the original temperature can be further
derived from Table 3, which can thus be utilized to calculate the load shedding capability
of the air-conditioning load.

Through the analysis of Table 3, it can be found that the average power for a single
air-conditioning load is different under multiple circumstances of the exterior temperature
and the set temperature for the air conditioners. Let us take the refrigerating mode in
summer as an instance. Given that the temperature is set as the same, air conditioners
consume more power when the exterior temperature is hotter. Furthermore, with the
same exterior environment, the average power is larger with the smaller set value of the
temperature. Table 3 quantifies this phenomenon.

By combining the aggregated power model of air-conditioning load with the range
of users’ thermal comfort, it can be calculated that the load reduces by approximately
1800 kW by adjusting the set temperature from 24 ◦C to 28 ◦C, under the conditions of
10,000 air-conditioning loads and an exterior temperature of 31 ◦C. The load is reduced up
to 45%, reflecting that there is abundant demand response capability.

For the following control strategies, Table 3 acts as a theoretical and numerical basis.
The optimized strategy is therefore obtained by the objective function of the minimum
error between the actual power consumption and the targeted shifting peak power.

4.4. Analysis of the Simulation Results of the Control Strategy

Assume that the users accept the direct load control, where the range for the acceptable
controlled temperature is [24, 28] ◦C. The targeted peak shifting ratio is set to 8% under the
exterior temperature of 31 ◦C. To verify the effectiveness of the proposed control strategy,
the simulations are carried out by aggregating 10,000 constant-frequency air conditioners
whose parameters are uniformly distributed, as in Table 2, into 30 aggregations according
to the K-means algorithm. The proposed control strategy is also compared to the traditional
PSO algorithm to prove its superiority. The comparison results are plotted in Figure 8.

It can be acquired from Figure 8 that the aggregated power for the 10,000 air-conditioning
load is 4328.9 kW, with the reference power being 3982.6 kW. A power drop exists in the
simulation results of both algorithms, which is due to the simultaneous regulation of the
air-conditioning clusters. However, comparing the improved PSO algorithm to that of the
conventional algorithm, the improved PSO algorithm drop is shallower and shorter, which
benefits from the superior searching capability. This feature can also improve the active power
dip issues to a certain degree when the large-scale conventional air-conditioning load is under
control. After the active power drops, both algorithms follow the reference power, where
there are smaller fluctuations for the improved PSO algorithm. Hence, the effectiveness of the
proposed control strategy is validated, as is the control efficiency during power drops and
normal operation.
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To further analyze the convergence, computational time, and accuracy of the improved
PSO and conventional PSO algorithms, the convergence is compared in Figure 9. It can be
found from Figure 9 that the improved PSO algorithm gradually converges to the optimized
solution when the number of iteration times is 75, and the globally optimized solution is
obtained after 153 iterations. The computation time is 196.83 s. Nonetheless, the traditional
PSO algorithm converges around the optimized solution after 190 iterations and ultimately
obtains the optimized solution with 256 iterations. This proves that the improved PSO
algorithm has superiority over the traditional algorithm in the aspects of convergence and
computation time. Additionally, the optimization error for the improved PSO algorithm
is 9727.14 kW, which is much smaller than the 11,684.27 kW of the traditional algorithm.
This indicates that the improved PSO algorithm has better computational accuracy, which
further validates the improved PSO algorithm.
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5. Conclusions

This paper focuses on the traditional temperature-controlling load of constant-frequency
air conditioners, constructs a theoretical model for constant-frequency air conditioners and
its aggregated power model, and investigates the demand response capability considering
the users’ thermal comfort. Moreover, the packet control strategy for air-conditioning load
is proposed based on the improved PSO algorithm. The corresponding simulations are
conducted to validate the effectiveness. Several conclusions are made as follows:

1. Monte Carlo aggregation analysis is adopted based on the first-order ETP model.
Combined with the users’ requests, such as users’ thermal comfort, the maximum
theoretical capability for the load shedding of the air conditioners is up to 45%, which
has significant demand response capability.

2. The improved PSO algorithm-based control strategy for the aggregated air-conditioning
load can accurately control the air-conditioning following the reference load. Addition-
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ally, it is superior to the traditional PSO algorithm in computation speed, convergence,
precision, and load fluctuation, which can illuminate the practical application of the
air-conditioning load accurately participating in the demand response.
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