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Abstract

As renewable power generation increases in distribution networks, the real-time power balance is becoming a tough challenge.

Unlike simple peak-load shedding or demand turn-down scenarios, generation following requires persistent and precise control

due to the temporal response performance of controlled resources. This motivates a comprehensive control design considering

the temporal response limitations and execution performance of ACCs when providing such services. Accordingly, this paper

proposes a self-constraint MPC that properly allocates the generation following task among different ACCs, consisting of three

main parts: response rehearsal, distributed consistency-based power allocation, and real-time task execution. Specifically, the

rehearsal knowledge of ACCs is evaluated by introducing model predictive control to track power signals with different values

and thus obtain prior factors, including the upward/downward limits and control cost function. On this basis, the coherence of

the incremental response costs of different clusters is achieved by containing the prior factors to model the constraints and cost

functions. Once the optimised following signals are obtained, a real-time model predictive controller for generation following

task execution is employed. Simulations are conducted to verify the feasibility and effectiveness of the proposed method.
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Abstract

As renewable power generation increases in distribution networks, the real-time power balance is becoming a tough
challenge. Unlike simple peak-load shedding or demand turn-down scenarios, generation following requires persistent
and precise control due to the temporal response performance of controlled resources. This motivates a comprehensive
control design considering the temporal response limitations and execution performance of ACCs when providing
such services. Accordingly, this paper proposes a self-constraint MPC that properly allocates the generation following
task among different ACCs, consisting of three main parts: response rehearsal, distributed consistency-based power
allocation, and real-time task execution. Specifically, the rehearsal knowledge of ACCs is evaluated by introducing
model predictive control to track power signals with different values and thus obtain prior factors, including the
upward/downward limits and control cost function. On this basis, the coherence of the incremental response costs
of different clusters is achieved by containing the prior factors to model the constraints and cost functions. Once
the optimised following signals are obtained, a real-time model predictive controller for generation following task
execution is employed. Simulations are conducted to verify the feasibility and effectiveness of the proposed method.

Keywords: generation following, air conditioner clusters, ancillary service, response potential, distribution
consistency

1. Introduction

The rise in global temperatures poses a significant
threat to ecosystems and human well-being[1]. Achiev-
ing net-zero targets has become a critical global issue
due to the urgency of addressing climate change[2][3].
Besides, geopolitical tensions, like the ongoing Russia-
Ukraine war, have introduced uncertainties in the sup-
ply of traditional oil and gas resources. This conflict
highlights the vulnerability of relying on fossil fuels for
energy security. As a result, there is an urgent need to
transition to sustainable and renewable energy sources.
As reported by the 2023 BP World Energy report[4],
the energy transition or electrification becomes an effec-
tive way to cope with this problem, such as in the main
sections of the power system, transportation, and build-
ing. The penetration of onsite renewable power gener-
ation may present an unstoppable trend[5]. Under this

∗Corresponding Author
Email address: yf_ma0928@ncepu.edu.cn (Yunfeng Ma)

trend, the variability and uncertainty brought by renew-
able power may become more evident[6], and the flexi-
bility in the power system needs to be more sufficient.

There have been various techniques[7, 8] developed
to address the challenges posed by the variability and
uncertainty of renewable power generation. However,
one category of technique, the load following service,
has not received as much attention. Nonetheless, it has
been demonstrated as an effective and cost-efficient ap-
proach to managing the hourly net load fluctuations. To
the best of the authors knowledge, the earliest definition
of “load following service” can be traced back to two
articles published in [9] and [10]. The definition of load
following is “Load following is the use of online genera-
tion equipment to track the intra- and inter-hour changes
in customer loads. Unlike the minute-to-minute fluc-
tuations, which are generally uncorrelated among cus-
tomers, the longer-term changes in customer loads are
generally correlated with each other”. As highlighted by
Ref.[11], the load following service has often been over-
looked due to an omission, resulting in a mix-up with
the regulation service. This confusion has led to higher

Preprint submitted to IET Generation, Transmission, and Distribution August 30, 2023



costs for the California Independent System Operator
as they had to purchase the more expensive regulation
service when the load following service could have suf-
ficed. Given this scenario, it is economically feasible to
separate the load following service from the regulation
service. This division allows for a more efficient alloca-
tion of resources, with the load following service cater-
ing to slow-changing variations and the regulation ser-
vice addressing fast-changing fluctuations. Some atten-
tion has been attracted to the topic of load following ser-
vice by the market operator in some contries[12],[13].
However, there are still some unsolved issues linked
to the competitive provision of LFS[14], including 1)
the responsibility of ensuring performance, 2) the num-
ber of suppliers, and 3) the payment allocation. Some
researchers put their effort into solving some of these
problems; the feasibility of procuring load following
service through bilateral contracts between the supplier
and consumer is verified in [14]. Load following control
schemes for generators in electricity bilateral markets
are designed in [15] and [16] respectively.

As the proportion of other types of generations in-
creases, such as renewable power generations [17, 18],
batteries [19], and nuclear power plants[20, 21] there
are also some new attempts to utilise these generations
to provide load-following services. The earlier attempt
could be traced back to Ref.[17] , where the possi-
ble approaches to load following are investigated, and
the basic feasibility of load following is demonstrated
by simulations. Ref.[18] investigates the method of
utilising wind turbines to provide load following ser-
vice instead of running at the conventional maximum
power output. Ref.[19] proposes a dedicated control
system for a battery charger in a photovoltaic genera-
tor for load-following applications. The above articles
prove the feasibility of using renewable power genera-
tion to follow load changes. Simultaneously, as the pro-
portion of nuclear power plants (NPP) increases, like
more than 75% in France, the NPP are also investi-
gated to run in load following mode, thus balancing
the fluctuations in power demand [20]. Furthermore,
Ref.[21] gives insights into the economic factors driv-
ing NPP to provide flexible power output under the
European Energy Roadmap 2050[22]. Besides,there
are also some other resources are surveyed to explore
the applications for providing load following, such as
microturbines[23, 24, 25], fuel cells [26, 27, 28], pres-
surized water reactors [29], etc.

Most recently, the energy transition has become more
unstoppable and urgent than before. The increasing
need for electric power incentivizes the utilization of
onsite renewable power generation. This trend reminds

us that trying to transfer the balancing role from the
generation side to the load-side, especially when the
distributed energy is deployed more in the distribution
network[30, 31, 32], may be a promising solution. On
such occasions, utilizing renewable power generation to
provide energy supply as much as possible would im-
prove social welfare and seem like an economic way.
Very few research are conducted on the topic of load fol-
lowing service by air conditioners [33, 34, 35, 36, 37],
Ref.[34] demonstrated the feasibility of tapping the po-
tential of thermostatically controlled loads (TCL) to
provide both regulation and load following services. In
this discussion part, the simulation results come to the
conclusion that the equivalent power storage capacity
to provide LFS is 1.25 times that of regulation service,
with the same population of TCL. But the performance
of the TCLs is not considered. The conclusion moti-
vates us to look deeply into the application of using
ACC to follow min-level signals and make full use of
the econometrics of ACC, especially with the trend of
onsite generation increasing rapidly.

Indeed, the provision of min-level generation follow-
ing is not like that with simple peak-load shedding or
demand turn-down; the generation following service
requires a precise control effect and also a relatively
longer response time period, usually 1 to 2 hours. There
has been some research on the control strategy for air
conditioners providing load following service. Ref.[35]
evaluated the potential of aggregated heating, ventilat-
ing and air-conditioning (HVAC) loads to provide load
balancing service, but the control accuracy needs to be
significantly improved. Ref.[36] proposed a hierarchi-
cal centralized control algorithm of the TCL clusters
to provide load following service, but the centralized
methods rely highly on communication reliability. Fur-
thermore, a demand response load following distributed
pinning control strategy was proposed in [37], where
the flexible load agents gain their regulation capacities
from the dispatch centre through bidding with generat-
ing units, but the minimal and maximal capacities of
the aggregators are supposed to have the same value for
simplicity.

Above all, we can see that the dynamic performance
and control strategy are essential research topics when
systems are subjected to application[18, 28, 37]. And
the main challenge in utilizing air-conditioner clusters
for min-level generation following is to achieve precise
and reliable control while adapting to load variations
over a relatively longer response time period. Previ-
ous research has explored various control strategies for
load following services, but challenges remain in im-
proving control accuracy[35][36] and ensuring dynamic
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response capacities[38][37]. Overall, addressing these
challenges is essential for effective application and op-
timization of air-conditioner clusters in providing min-
level generation following services. Hence, this paper
designs a self-constraint MPC for the min-level gener-
ation following service, which could consider the re-
hearsed temporal knowledge while finishing the track-
ing task. The contributions of this paper are summarized
as follows:

1) A self-constraint MPC for the min-level generation
following service is designed in this paper, which
aims at utilizing the tracking ability of aggregated
ACCs by considering the rehearsed knowledge of
the specific ACCs, thus achieving a more reliable
response effect. The proposed self-constraint MPC
consists of three main parts: response rehearsal,
distributed consistency based power allocation and
real-time task execution.

2) Among the self-constraint MPC, the rehearsal
knowledge of each cluster is examined by a re-
hearsal MPC, where the prior factors, the up-
ward/downward limits [Li,Ui] and control cost
function ϕ

(
Prmpc

)
could be obtained; on this ba-

sis, the coherence of the incremental response costs
of different clusters are achieved by containing the
prior factors to model the constraints and cost func-
tions. The schematic framework of self-constraint
MPC for min-level generation following is illus-
trated in Fig.1.

3) To be suitable for the application, a novel state
space model for the aggregate power of ACCs is
established. To improve the accuracy of the pro-
posed model and capture more of the dynamic fluc-
tuations of the aggregate power, a mixed difference
scheme based on the up-wind scheme and Beam-
warming scheme are adopted to handle the coupled
PDE model.

The organisation of this paper is as follows: Section
2 presents the aggregate state space model of ACCs.
Section 3 proposes self-constraint MPC of ACCs for
min-level generation following. Section 4 verifies the
effectiveness of proposed method under different sce-
narios. Section 5 discusses the effectiveness of the re-
hearsed knowledge on the performance self-constraint
MPC. And Section 6 gives the conclusion.

2. Air Conditioner Clusters Aggregated Power
Modeling

Under the min-level generation following situation,
the dynamic fluctuation could not be ignored, to capture
the fluctuation process, a state space model based on
mixed upwind scheme and Beam-Warming scheme of
coupled PDE model is proposed in this section.

2.1. Primary coupled PDE model

In the coupled PDE model, the state evolution of
aggregated ACC could be regarded as the fluid along
on the temperature axis. When the temperature set-
point is set to Tset , the flowing range on the axis,
which is also called temperature deadband, is limited to
[Tset − δ/2,Tset + δ/2]. The ACCs flux LON/OFF(t,T )
going through temperature T (◦C) at time t is repre-
sented as (1).

LON/OFF (t,T ) = aON/OFF NON/OFF (t,T ) (1)

where NONOFF is the load number at time t on temper-
ature T , aONOFF is the flowing rate on the temperature
range. aON/OFF is often regarded as a content, which
is represented as: āon = (Ta − Tset − QR) /CR; āoff =

(Ta − Tset ) /CR, where Ta is the outdoor temperature,
C (kWh/◦C) is the thermal capacitance and R (◦C/kW)
is the thermal resistance, Q( kW) is ACC’s rated cooling
power.

The dynamic evolution of ACs on the temperature
range is expressed by the following coupled PDE sys-
tem: {

NOFF
t (t,T ) + āoff NOFF

T (t,T ) = 0
NON

t (t,T ) + āon NON
T (t,T ) = 0 (2)

The flowing rate at the boundary of temperature range
is:

LON
T

(
t,Tlowhigh

)
+ LOFF

T

(
t,Tlow/high

)
= 0 (3)

where Tlow and Thigh are the lower boundary and upper
boundary respectively, i.e., Tlow = Tset − δ/2,Thigh =

Tset + δ/2.
Then the aggregated power Psum (kW) equals to the

power consumed by the ACs running at ON state at time
t, which is:

Psum (t) =
Q
η

∫ Thigh

Tlow

Non (t,T )dT (4)
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Figure 1: The schematic framework of self-constraint MPC for min-level generation following

2.2. A novel state space model of ACC

To improve the computational accuracy, the classical
upwind scheme and Beam-Warming scheme are com-
bined to handle the ACC PDE equations. The schematic
diagram of the proposed novel state space(NSS) model
is shown in Fig.2. Taking the jth segment at OFF state
as an example, the incremental load number ∆x j(k) at
the sample time k is not only related to the adjacent
j − 1th segment, but also the sub-adjacent j − 2th seg-
ment. These two increment load sources are represented
in Fig.2 in short bule arrows and long curve arrows re-
spectively.

Figure 2: The schematic diagram of NSS model

Due to the coupling between the evolution processes
of the off and on states at the boundaries, a first-order
differential method from the original model is retained
for the boundary and sub-boundary cells to ensure com-

putational stability. The calculation of load increments
within temperature cell j using the second-order upwind
scheme is given by Eq. (5). For simplicity, the discrete
time index k is omitted in the following text, and ∆x j
denotes ∆x j(k).

∆x j =


aoffλ(x j−1 − x j) −

aoffλ
2 (1 − aoffλ)(x j − 2x j−1 + x j−2),

j = 3, 4, . . . , s
aonλ(x j − x j−1) − aonλ

2 (1 − aonλ)(x j − 2x j−1 + x j−2),
j = s + 3, s + 4, . . . , 2s

(5)
Here, j = 3, 4, . . . , s represents the temperature cells

in the off state, and j = s+3, s+4, . . . , 2s represents the
temperature cells in the on state. λ denotes the ratio of
the sampling time to the width of the temperature cell,
i.e., λ = ∆t/∆θ.

For the sub-boundary cells ∆x j (where j = 2 and
j = s+2), if calculated using Equation (5), the tempera-
ture will exceed the temperature state space [Tmin,Tmax].
Therefore, Equation (6) and (7) are used for these cases.

∆x2 = aoffλ(x1 − x2) (6)

∆xs+2 = aonλ(xs+2 − xs+1) (7)

For the boundary cells, the calculation method is given
by Equation (8).

∆x1 = −aoffx1λ − aobx2sλ (8)

∆xs+1 = aonxs+1λ + aoffx1λ (9)

The aggregated power of the AC cluster is given by:

Pagg =
Q
η

2s∑
j=s

x j (10)
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The above discrete expressions can be formulated into
matrix expressions as:{

x(k + 1) = x(k) + ∆x(k) = (I + ∆t · O) x(k)
y(k + 1) = Cx(k + 1) (11)

2.3. Verification
The accuracy of the proposed NSS model is com-

pared with the primary state space model and Monte-
Carlo method. The parameters of ACC [39] are shown
in Table.1.

Table 1: Parameters of air conditioner cluster

Parameter Mean Standard Deviation
C/ (kWh/◦C) 0.2 0.02
R/ (◦C/kW) 5.9 0.06

Q/(kW) 3.0 0.30
η 3.0 0.30

Tout 34.0 0.34

In the simulation, the initial distribution of ACC are
set as the same. The proposed NSS model is compared
with the classic Monte-Carlo method and also the pri-
mary state space model used in Ref.[39]. The evolu-
tion of aggregated power is shown in Fig.3. It can be
observed that the final stable aggregated power of the
three models trend to be the same, but there is obvi-
ous bias during the fluctuation stage. And the proposed
model performs better when describing the fluctuation
stage power.

Figure 3: Accuracy verification of proposed high-accuracy model[39]

3. Self-constraint MPC of ACCs for min-level Gen-
eration Following

According to the state evolution law of ACCs[34], the
single AC device belonging to a cluster could be seen as
a particle that follows a stochastic behaviour[40]. This
means that if no forced control actions are given to the
ACCs, the aggregate power will recover to a stable value
after certain iterations at an arbitrary initial load distri-
bution, as shown in Fig.3. This characteristic implies

that the response potential of air conditioner clusters is
not infinite. Previous research has indicated that for a
specific ACC, a higher adjustment ratio of aggregated
power leads to a shorter response duration,as seen in
Fig.4. The unreasonable allocated task assigned to the
ACC may prevent the ACs from accurately tracking the
reference signal within the required response period.

To address this issue, this section proposes an self-
constraint MPC to consider the temporal response
knowledge of specific ACCs. Firstly, the temporal re-
sponse knowledge is obtained by rehearsal MPC, and
then the distribution consistency based task allocation
method is designed on the basis of the prior factors ob-
tained by the previous stage. Lastly, the real-time MPC
is used for the task execution.

3.1. Rehearsal MPC
To obtain the temporal response limitation of a spe-

cific ACC, we first categorize the heterogeneous air con-
ditioners into several clusters by their running state. Ac-
cording to the previous research, the power baseline of
an ACC is directly influenced by the temperature set-
point, hence, the whole AC population is considered as
a multi-agent system. Each agent would undertake parts
of the generation following task.

Figure 4: The mechanism of proposed methodology

3.1.1. [Li,Ui] searching
Considering that the function of the response limita-

tion is not explicit, the performance of the ACC is eval-
uated by the self-constraint MPC process, to obtain the
approximate expression. For the ACC agent, the opti-
mization control objectives and constraints of MPC are
shown in (12).

min F =
(
y(k) − Prmpc

)T
Q
(
y(k) − Prmpc

)
+ u(k)T Ru(k)

s.t.


x(k) = (I + O)x(k − 1) + Bu(k)
y(k) = Cx(k)
|u(k)|s×1 ≤ x(k − 1)|(1:s)×1
x(k) ≥ 0

∀k = 1, 2, · · · , n

(12)
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where F is the objective function; Q is a constant co-
efficient that representing the tracking error weight; R
is the penalty weight coefficient matrix of the control
variable, which only contains non-zero elements at di-
agonal. y(k) is the predicted aggregate power of ACC;
u(k) is the control variable that indicates the operating
states switching of air conditioners within the tempera-
ture state space.

When searching for the upward response limitation,
gradually increase the adjustment power ∆Pi = kf ∗

Pbase,i of ACC at a time, record the number of controller
actions ϕ(Ptest). When the error between the output
power y(k) and the target power Prmpc exceeds the ac-
ceptable control bias, the searching would be stopped.
The stop boundary would be recorded as the response
adjustment boundary of specific ACC. SImilarly, the
downward response limiation could also be obtained.
The proposed algorithm is elaborated as follows:

Algorithm 1 Response rehearsal algorithm

1: Calculate Pbase,i of each ACC, Pbase,i ≈

Nsum,i
(
Ta − Tset ,i

)
/ηR.

2: Initialize the adjustment power step ∆Pi = kf ∗

Pbase,i, the rehesersal duration τ
3: Searching for the upward response limitation
4: while stopping condition is not triggered do
5: Repeat the rehearsal MPC in (12),
6: Record the control actions number under the cor-

responding tracking power Prmpc
7: If the tracking error is acceptable, Pi+1

rmpc = Pi
rmpc+

∆Pi, else record Prmpc as Ui

8: end while
9: Searching for the downward response limitation

10: while stopping condition is not triggered do
11: Repeat the rehearsal MPC in (12),
12: Record the control actions number under the cor-

responding tracking power Prmpc
13: If the tracking error is acceptable, Pi+1

rmpc = Pi
rmpc−

∆Pi, else record Prmpc as Li

14: end while
15: Output: the limits of ACCs [Li,Ui], and mapping

ϕ
(
Prmpc

)

3.1.2. ψ(Pctask) modeling

Besides, the relationship between the number of con-
troller actions ϕ(Ptest) and the test power Prmpc would be
fitted into a quadratic function. Repeat the aforemen-
tioned method to evaluate the downward response lim-
itation. Thus, the response limitation of ACC through

the self-constraint could be represented as:

ϕ
(
Prmpc

)
=ρi

(
Prmpc − Pbase

)2
+ ϵi

(
Prmpc − Pbase

)
,

Prmpc ∈ [Li,Ui]
(13)

where Pbase is the baseline aggregated power of a spe-
cific ACC under the stable state. ρi and ϵi can be fitted
according to the self-constraint MPC results. It worth
be noting that a implicit information of expression (13)
is that when the tracking power signal is closer to Pbase ,
the smaller the switching number in the ACC cluster
will be, which is reasonable.

We define the response cost function to represent the
cost for ACC operators when participating in the slow-
generation following service, which could be modelled
as:

ψ
(
Prmpc

)
= kc · ϕ

(
Prmpc

)
+ ka · Nsum (14)

where ϕ is the total switching number during the re-
sponse for the ith ACC. kci is the control cost that hap-
pens every control for the ith ACC, which is 0.02$/
switch in this paper, kai is the one-time subsidies given
to the customer for the ith ACC, which is assumed as
0.1$ per AC.

By integrating (13) and (14), the control cost function
can be derived in (15).

ψi

(
Prmpc,i

)
= αP2

rmpc,i + βPrmpc,i + γ α = kci · ρi
β = kci · ϵi − 2kci · ρiPbase ,i
γ = kci · ρiP2

base ,i − kci · ϵiPbase ,i + kai · Ni

(15)

3.2. Rehearsed knowledge-based power allocation

The distributed control framework is adopted in this
paper, which could ensure the response reliability as
much as possible in case of unpredictable dropouts due
to certain communication failures or other types of un-
certainty. The coherence of different clusters under the
distribution control paradigm is achieved by the vir-
tual regulation cost, which contains both the control
cost and the control limitation simultaneously. The to-
tal power tracking signal is given to the leader ACC,
and the leader ACC exchanges the power the power al-
location algorithm converges to the optimal result, the
power tracking instructions are then performed by real-
time MPC controller.

This power allocation strategy aims to minimize the
regulation cost of all the agents within the load aggrega-
tor under the condition of satisfying the operating con-
straints of each ACC. The mathematical model can be
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written as:

minΘ =
∑

i∈GLA

ψi
(
Pctask,i

)
s.t.
{

PGF =
∑

i∈S LA

(
Pctask,i

)
LiPbase ,i ≤ Ptask ,i ≤ UiPbase ,i

(16)

where i is the number of ACCs. The equality constraint
in (16) ensures the total reference power PGF can be
tracked by all the agents. Li and Ui are respectively
the lower and upper aggregate power limits of ACC i,
which can also be obtained by the method proposed in
subsection 3.1.

Let ζ denotes the Lagrange multiplier corresponding
to the equation constraint, the equation constraint opti-
mization problem can be translated into (17).

minΘ =
∑

i∈GLA

ψi
(
Pctask,i

)
+ ζ

PGF −
∑

i∈GLA

Pctask,i

 (17)

The equation (18) is obtained by the partial derivative
for Pctask,i, which means that the optimal solution to the
power allocation problem is to make the incremental re-
ponse cost (IRC) of each ACC equal to each other. m is
the number of agents in the LA.

∂ψ1

∂Pctask,1
=

∂ψ2

∂Pctask,2
= · · · =

∂ψm

∂Pctask,m
= ζ (18)

Select IRC as the consensus variable, and the IRC
update formula of Follower agent is:

ζi(k + 1) =
n∑

l=1

ailζl(k) i ∈ GLA (19)

In order to ensure that the total aggregate power of all
agents is balanced with the following command, the bias
between the actual total allocated power and reference
power PGF is represented by ∆P :

∆P = PGF −
∑

i∈GLA

Pctask,i (20)

The leader agent can be chosen by central retrieval.
Leader agent’s IRC update formula is as follows:

ζi(k + 1) =
n∑

l=1

ailζ f (k) + µ∆P i ∈ GLA (21)

where the µ is a positive convergence coefficient.
Equation (22) can be obtained by (18) and (20):

Pctask,i =
ζi − βi

2αi
, i ∈ GLA (22)

The power constraint of the ACC can be modified as:

Pctask,i =

 LiPctask,i, Pctask,i < ζi, min
(ζi − βi) /2αi, Pctask,i ∈

[
LiPbase,i,UiPbase,i

]
UiPctask,i, Pctask,i > ζi,max

(23)

3.3. MPC real-time control

After deriving the optimized allocation power, the
controller of each ACC agent would execute the MPC
optimization formula given in (12), respectively.

4. Case Study

To verify the effectiveness of the proposed self-
constraint MPC framework of ACCs for min-level gen-
eration following service. This section presents the sim-
ulation details of the proposed method. The GF signal
issued by the corresponding renewable power genera-
tion transactor is 5 min at intervals and lasts for 1h, as
shown in Fig.5.(a). Suppose that there are 12000 air
conditioners belonging to one local load aggregator, all
the ACs are categorized by their temperature set-points,
and they are numbered as C1, C2, · · · , C5, respec-
tively. In this section, Signal 1 is adopted to verify the
effectiveness of SMPC and presents the details of the
execution details. The superiority of the proposed re-
sponse strategy would be verified through different gen-
eration following signals in Section5. The communica-
tion topology is as shown in Fig.5.(b).

Figure 5: Given information: generation following signal and topol-
ogy

4.1. Step1: Response rehearsal simulation of ACCs

Tab.2 is the prior factors obtained by the response re-
hearsal. Li and Ui describing the response limitation of
the ACCs are derived. α, β, γ are the coefficients of the
cost function, respectively. It could be seen that the both
the lower response limitations Li and upper response
limitations Ui of ACCs would increase as the increas-
ing of temperature setpoints. And the length of the lim-
its range [Li,Ui] varies between (0.7,1.0) for the given
τ. This rehearsed knowledge provides a reference for
the application of utilizing ACCs providing the ancil-
lary services.
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Table 2: Prior factors by response rehearsal

# Tset [Li,Ui] α β γ Pbase (kW)
C1 24 [0.56, 1.25] 0.00079 -0.8035 304.31 506.7
C2 25 [0.60, 1.35] 0.00019 -0.5248 654.87 1351.0
C3 26 [0.63, 1.45] 0.00013 -0.4047 719.89 1575.6
C4 27 [0.75, 1.50] 0.00017 -0.3454 477.50 1012.4
C5 28 [0.80, 1.80] 0.00071 -0.4058 157.64 281.0

4.2. Step2: Distributed power allocation verification

Fig.6 shows the converged process of ∆P for all the
12 time periods during the whole response period un-
der the generation following signal 1. It can be found
that the distributed power allocation algorithm will con-
verge within 1s, which can meet the time requirement
of online power allocation optimization.

Figure 6: Converged process of ∆P at each power tracking point

Besides, Fig.7 depicts the dynamic converged process
of IRC (seen as Fig.7 (a)-(e)) and the final values af-
ter the algorithm is converged (seen as Fig.7 (f)) of the
ACCs. It could be seen that for all the 12 time peri-
ods, the consensus variables IRC of different time pe-
riods would converged to different values. As depicted
in Fig.7 (f), the converged IRC values at different time
periods vary between −0.015 ∼ 0.007$/kW, for the
1st , 2nd , 4th , 6th , 8th and 10th time periods, the IRC will
converge to a negative value. This is because the track-
ing power of these periods are below the power baseline
of all the agents. The negative IRC means that if the al-
located power is increased, the aggregate power would
be closer to the baseline, then response cost would de-
crease correspondingly. When the tracking power is
above the power baseline for the other remaining time
periods, the IRC would converged to a positive value,
as versa. More specifically, we could find that the con-
verged process of different ACCs are different. Among
the five ACC agents, the convergence speed of ACC3
is much quicker than other follower agents. This is be-
cause the ACC3 is chosen as the leader agent, and the
convergence error of the aggregate power of all the clus-
ters and the tracking power would be firstly perceived by

Figure 7: Converged process of IRC at each power tracking point

the leader agents, and the follower agents would change
their aggregate power accordingly.

4.3. Step3: Task execution results comparison

To verify the effectiveness the distribution
consistency-based control strategy proposed in
this article, two allocation methods are compared in
the simulation: 1) Equal proportional MPC strategy
(EMPC): the generation following signal is sent pro-
portional to the power baseline of ACs in each agent.
2) Self-constraint MPC strategy.

The time resolution of MPC controller is set as 3s,
which means that 100 steps will be executed during
each 5 min. The weight coefficient matrix R is set as
diag[ 0.1 0.3 0.5 0.7 0.9 0.9 0.7 0.5 0.3 0.1]. This non-
uniform coefficient matrix is set to consider the different
response potential of ACC at different temperature cells.

The task execution results by EMPC strategy and
SMPC strategy are presented in Fig.8.The specific out-
puts of ACC1- ACC5 are exhibited in Fig.8.(a)-(e), re-
spectively. It can be seen that although the deviation
of the following power task allocated to ACCs by these
two strategies is not large, the final execution result of
SMPC shows a better performance. Especially, the large
tracking error of ACC1, as shown in Fig.8.(a), embod-
ies the significance and necessity of reasonable power
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allocation when participating the min-level generation
following signal.

Figure 8: EMPC and SMPC execution results for Signal 1, (a)-(e)
ACC1-ACC5,(f) total output

Figure 9: ACC number behaviours during response

Furthermore, Fig.9 shows the entire details of the
ACCs, where the subplots Fig.9(a)-(e) represent the
state variables running at the off-state, and the subplots
Fig.9(f)-(j) represent the on-state ACCs. It can be seen
that during the response time period from 0h to 0.08h,
the AC number in cells11 to cells20 are all decrease ob-
viously, which means that the ACs at the on state are
forced into off state. However, the AC number in cell10

keeps a relative stable value, seen as Fig.9(a)-(e), due to
the natural temperature raises when ACs are running at
the off state, and the results are corresponding with the
details of control variables.

5. Discussion

To discuss the availability of the proposed SMPC
strategy, different generation following signals are
firstly tested in this section. Then, the effectiveness of
the response limits are also verified.

5.1. Response performance verification: Signal 2 and
Signal 3

The min-level generation following Signal 2 in Fig. 5
exhibits a fluctuating upward trend during the response
window, and Signal 3 corresponds to a scenario with a
larger mean squared error for the signal. The converged
IRC and execution results under these two signals are
presented in Fig. 10 and Fig. 11, respectively. It is
evident that the SMPC performs well for both signals,
and the converged IRC reflects the shape of the follow-
ing signal to some extent. Additionally, when tracking
the upward trending Signal 2, there is a slight spike dur-
ing ACC5 tracking the task, but it quickly recovers and
achieves accurate tracking.

Figure 10: Converged IRC under three signals

5.2. Upward/downward limits effectiveness verification

To investigate the influence of response limits Li and
Ui on power allocation and task execution, the limit
ranges of each cluster in the distribution power allo-
cation are changed to new ranges, referred to as “test
limit range” in this subsection. The specific details are
presented in Fig. 12. The limits of ACC1, ACC3 and
ACC5 are kept the same as the previous limit range to
ensure the total available power for the generation fol-
lowing service, To verify the effectiveness of the limits,
the limit range of ACC2 is set to a lower zone, indicat-
ing that the entire population in ACC2 would undertake
a downward power task. In contrast, ACC4 is assigned
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Figure 11: Execution results,where (a)-(e) are the outputs of ACC1-
ACC5 and (f) is the total output

Figure 12: Convergence process of ∆ P at each period

Figure 13: Convergence process of ∆ P at each period

with a higher limit range compared with the previous
range.

Under the test limit range scenario, Fig. 13 illus-
trates the convergence process of the power bias ∆P.
The power allocation algorithm reaches convergence at
approximately t = 0.7 seconds, which is comparatively
slower than the previous limit range scenario. Addition-
ally, Fig. 14 presents the converged IRC of each clus-
ter. Similar to the previous scenario, the IRC of differ-
ent clusters converges to equal values for each specific
time period. However, in this test limit range scenario,
the values are larger. Fig. 15 further shows the out-
puts of the MPC in the task execution stage. There is an
evident tracking error, even though the allocation con-
verges. The slower convergence of the power allocation
algorithm and the presence of tracking errors in Fig. 15
suggest that the test limit range scenario impacts both
the speed of convergence and the overall accuracy of
the power allocation.

Figure 14: Converged IRC of each ACC

Figure 15: MPC outputs under the test limit range scenario
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6. CONClUSION

In this paper, a self-constraint MPC for the min-level
generation following service is proposed, which could
consider the rehearsed temporal response limitations
and the response costs while allocating the following
task to different clusters. The conclusions of this paper
are summarized as follows:

1)Through the response rehearsal MPC for evaluation
the prior knowledge of different air conditioner clus-
ters, it could be found that both the lower response lim-
itations Li and upper response limitations Ui of ACCs
would increase as the increasing of temperature set-
points. This rehearsed knowledge provides a reference
for the application of utilizing ACCs providing the an-
cillary services.

2)Under different generation following signals, the
proposed self-constraint MPC could perform well, and
the converged IRC reflects the shape of the following
signal to some extent. Besides, the effectiveness of the
limit range obtained by the response rehearsal is veri-
fied by simulation. And the results show that if the lim-
its range are set when not considering the prior knowl-
edge, the power allocation algorithm may still converge
to a reasonable value, but the real-time task execution
may experience large tracking errors.
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