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Abstract: Central air conditioning in large buildings is an important demand-response resource
due to its large load power and strong controllability. Demand-response-oriented air conditioning
load modeling needs to calculate the room temperature. The room temperature calculation models
commonly used in the existing research cannot easily and accurately calculate the room temperature
change of large buildings. Therefore, in order to obtain the temperature change of a large building
and its corresponding power potential, this paper first proposes a building model based on CNN
(convolutional neural network). Then, in order to fully apply the demand-response potential of the
central air conditioning load, this paper puts forward an evaluation method of the load-reduction
potential of the central air conditioning cluster based on pre-cooling and develops an economic
load-reduction strategy according to the different energy consumption of different buildings in
the pre-cooling stage. Finally, multiple building examples with different building parameters and
temperature comfort ranges are set up, and the economic advantages of the proposed strategy are
illustrated by Cplex solution examples.

Keywords: central air conditioning; air conditioning load control; demand response; load reduction;

convolutional neural network

1. Introduction

With the increasing population in large cities, the peak of the urban electricity load is
increasing. Among this load, air conditioning, as a major consumer of electricity in summer,
accounts for 30% to 40% of the peak load [1]. Buildings have a certain heat-storage capacity,
so in order to alleviate the peak pressure of the power system, the air conditioning load can
be shifted in a short time by means of pre-cooling, temporary shutdown, etc., to achieve
the purpose of load reduction within the specified time period and without affecting the
comfort of users.

This section firstly reviews the existing research from three aspects: the building
model [2-9], the central air conditioning energy consumption model [10-16], and the
application of central air conditioning in power system demand response [17-25]. Then,
it summarizes the challenges of central air conditioning participating in power system
demand response and points out the contributions made by this research.

The central air conditioning model for demand response mainly includes the room
temperature calculation model and energy consumption calculation model. The com-
monly used models for calculating room temperature include the equivalent thermal
parameter (ETP) model and resistance—capacitance (RC) network model. Reference [2]
discretized the second-order ETP model and identified the parameters of the second-
order ETP model by genetic algorithm (GA). Reference [3] proposes a data-driven online
parameter-identification method for a variable-frequency air conditioning load model and
used particle swarm Optimization (PSO) to solve it. Based on the first-order model, refer-
ence [4] conducted regression analysis on historical indoor and outdoor temperature and air
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conditioning energy consumption data and identified model parameters. References [5-7]
derived the energy storage model of fixed-frequency air conditioners based on the ETP
model and obtained the recurrence equation of the air conditioner energy storage model
SOC according to the characteristic of the constant energy efficiency ratio of fixed-frequency
air conditioners. The ETP model has the advantages of fewer parameters, less computation,
and easy programming. However, because it cannot take into account the temperature
difference and heat exchange of different cooling areas in the building, it is not suitable for
large buildings. References [8,9] used the RC network model to model the whole building
from a single room and applied the model to the optimal scheduling of intelligent buildings.
The RC network model can consider the building topology, but the program is difficult to
implement and requires many measuring points to identify the model parameters. There-
fore, in view of the above technical drawbacks, this paper proposes a convolutional neural
network (CNN)-based building model, which can consider the temperature differences and
heat exchange in different cooling zones, and the number of measurement points required
for modeling is reduced compared with the RC network model.

According to the different types of air conditioners, the energy consumption model of
air conditioners also has different forms. The compressor power and cooling capacity of
fixed-frequency air conditioners are not adjustable, and a constant energy efficiency ratio
(electric heating conversion coefficient) is usually used to describe the relationship between
energy consumption and cooling capacity [10,11]. Variable-frequency air conditioners
can adjust energy consumption and cooling capacity by adjusting the frequency of the
compressor and usually adopt polynomials to fit the relationship between the cooling
capacity, power, and frequency of the compressor [12,13]. Central air conditioning systems
usually include chilled water pumps, cooling water pumps, fan coils, cooling towers, and
chiller units. Reference [14] used a BP neural network to establish a load forecasting model
of central air conditioning. For a certain cooling load, there are many possible operating
conditions of the central air conditioning system for meeting the cooling demand, and the
energy consumption of these conditions is different, so there is the problem of working
condition optimization. References [15,16] used a polynomial to fit the experimental data,
obtained the energy consumption model of the central air conditioning system, and estab-
lished the energy-saving operation strategy of the central air conditioning system. It can be
seen that the energy consumption model of central air conditioning has nonlinear charac-
teristics, and applying it directly to the optimization of scheduling will bring difficulties
in finding the solution to the problem. Therefore, the paper obtains a linearized energy
consumption model of central air conditioning by solving the optimal condition in advance
and segmentally linearizing the “cooling capacity minimum energy consumption” curve
under the optimal condition.

Through the formulation of reasonable scheduling strategies, air conditioning loads
can provide auxiliary services for the power system, such as frequency regulation, peak
shaving, power fluctuation reduction of the tie line, fluctuation reduction of renewable
energy, and maximum consumption of renewable energy [17-25]. Based on the second-
order ETP model, reference [19] established a load-reduction strategy with alternative
start-stop of the central air conditioning clusters. However, the second-order ETP model
only describes the equivalent temperature of the whole building and cannot describe the
temperature of each room separately. Even though the ETP-equivalent temperature in the
scheduling process can meet the comfort requirements (within the allowed temperature
range), it does not mean that the temperatures of all individual rooms meet the comfort
requirements, and there may still be individual room temperatures beyond the allowed
temperature range. Reference [25] evaluated the load-reduction potential of central air
conditioning, analyzed the impact factors in detail, and proposed an operation mode under
the specified load-reduction capacity. However, when the target load-reduction value of
the central air conditioning cluster is lower than the maximum load-reduction potential,
the operation mode of the central air conditioning cluster is not unique, and the proposed
model could not guarantee the optimal operation.
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It can be seen that when central air conditioning is applied to demand-response
scheduling (this paper refers to load reduction within a specified period), it will face
the following challenges: (1) The first regards how to establish a relatively simple and
more accurate building temperature model. For the ETP model, its building temperature
calculation is inaccurate due to not taking into account the temperature difference and
heat exchange in different areas. The RC network model indeed considers the temperature
difference and heat exchange in different areas; however, with the increase of building scale,
the complexity of the RC network model increases rapidly due to numerous increased
room parameters. Therefore, it is difficult to establish the RC network model for large-scale
buildings. The advantages and disadvantages of the RC network model and the ETP model
are summarized in Table 1. In this paper, a building temperature model is established based
on CNN with the consideration of room heat exchange, and the model is simple. (2) The
second challenge regards how to obtain an optimal operation mode. The operation modes
of the central air conditioning cluster were not optimal since few studies considered fully
using the load-reduction potential. This paper obtains the most economical solution among
the numerous load-reduction operation models.

Table 1. Summary of the advantages and disadvantages of building temperature models.

Model

Calculation Time Parameter Number Calculation Accuracy

Second-order ETP model

RC network model

4, Irrelated to the scale of the Inaccurate: The temperature of each

Short building. room may exceed the comfort range.
Uncertainty, Related to the building
scale; Accurate: The comfort of each room
Long increases significantly with the is ensured.
scale.

Roomy

Room,

ROOInl R001n1)

2. Building Model Based on CNN

The convolution operation was first applied to image processing through the convolu-
tion operation on the RGB three-color channel of the image to complete the identification
or classification of the image content. Similarly, the building topology can always be trans-
formed into a similar rectangular form by translation transformation and filling, as shown
in Figure 1.

Translation
transform ation

=

padding

Room; l Room; @Room

Roomyg ‘ Room,

Room,

Room; § Room; Roomy,

Roomy

Room,

Figure 1. Schematic diagram of the transformation of the building topology from the general to
the standard.

It can be seen from Figure 1 that no matter what the real topology of the building is,
the topology can always be regarded as the “standard form”, as shown in Figure 2. Each
cooling zone in Figure 2 can be a real room or an equivalent zone. The “standard form”
only reflects the relative position and connection of each cooling zone and does not reflect
the size and shape of each zone; that is, each zone does not need to be a standard rectangle,
nor does it need to maintain the same area. If the temperature information of each cooling
zone of the building (such as indoor temperature, indoor change temperature, etc.) is
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Room;

Room,,

extracted into the form of a matrix, the “thermal feature map” describing the temperature
characteristics of commercial buildings is generated, and the convolution operation is
carried out on the “thermal feature map”, which is similar to image processing.

R
|0

T | - T

The temperature information is
extracted into matrix form

‘ —— Thermal signature map

|
ATy | ...... ATy | /

Figure 2. Schematic of extracting the building temperature information as matrix information under

a standard building topology.

2.1. Analysis of Influencing Factors

In this paper, the influence factors of building room temperature change are analyzed
by RC network model, and the input and output of the CNN room temperature calculation
model are determined. Under a single refrigeration zone, the RC network model [8,9] is
shown in Figure 3, and the mathematical model is shown in Equation (1). The Ry, in
Figure 3 reflects the thermal insulation capacity of the walls in this room, while Croom and
Cywan reflect the thermal storage capacity of the rooms and walls, respectively. T1~T4 are
the temperatures of adjacent nodes in cooling zone i. If adjacent nodes are rooms, they
are the temperatures of adjacent rooms. If the adjacent node is outdoors, it is the outdoor
temperature. By connecting the units to each other, a model of a certain floor of the building
can be formed. Figure 4 takes the topology of a certain layer of a building as 2 x 2 as an
example to show the connection mode of each basic unit and the RC network model of a
certain layer after connection. In Figure 4, T, is the outdoor temperature.

d Troom,i _ Twall,i,j - Troom,i
Croomi—dr ™ = L = Rey T lwinij*
J€ Nwall,room,i
Troom/j - Troom,i
N Z mei]. +Qint,i - QHVAC,Z' + TAwin,room,iQrad,i (1)
]E node,room,i "~
dTyalij Troomj— Twall,i
Cuallij—ar— = X  —Rogn T j%jAwallijQrad,i
]- eN. wall i j

wall,room,i

where, Croom i, Troom,ir Qintir QHVAC i, and Avin room,i, Tespectively, represent the heat capac-
ity, room temperature, internal heat production, central air conditioning cooling capacity,
and window area of refrigeration area i. Ryan,ij, Cwallij, Twallij, ahd Rwin,ij are the thermal
resistance, heat capacity, and temperature of the wall and the thermal resistance of the
window between the i and j cooling zones, respectively; Tlwin,ijr tijs and T are 0-1 variables;
vj; is the heat absorption rate of the wall; Ny room,i and Nnode room,i are the sets of all walls
and nodes connected to cooling zone i, respectively.
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Figure 3. RC network model for a single cooling area (basic unit).
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Figure 4. RC model diagram of a building floor when the topology of a building floor is 2 x 2.

According to Equation (1), the temperature of each cooling area of the building de-
pends on the heat production, cooling capacity, and outdoor temperature of the cooling
area. Equation (1) is “encapsulated” and transformed, as shown in Equation (2).

QHVAC,t = f(Troom,t' ATroom,if-i-l' To,t’ Qheat,t) (2)
Qheat,t = Qrad,t + Qint,t

where, Troom, and ATyoomt+1 are the temperature of all cooling zones at time t and the
changing temperature of all cooling zones at time t + 1, respectively. T, is the outdoor
temperature at time ¢; Qpvac, is the cooling capacity required by the building at time ¢;
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Thermal signature map —

Qheat ¢ is the heat gained by the building at time t; Q,,q s and Qjn are the light intensity
and the internal heat production of the building at time ¢.

From Equation (2), it can be seen that the cooling capacity required by the building
at time ¢ is related to the temperature Troom Of each cooling area of the building at time
t and the outdoor temperature to the Qe,t; of the building and the temperature change
ATyoom+1 Of each cooling area of the building at time ¢. Therefore, the building model
based on CNN takes the independent variable in Equation (2) as input to model the cooling
capacity Quvac, required to reach the target temperature.

2.2. Network Structure Design

Convolutional operations are linear operations, and convolutional neural networks
without activation functions are linear models. Therefore, the CNN building model pro-
posed in this paper can be applied to linear programming. For a single-story building, the
network structure is shown in Figure 5.

Convolution Feature Convolution
Input channel 1 kernel 1,2 map 1 kemel 5. 6 Fully

. o connection
T [ [=]] gty
T -0 .

oo D L I:‘ Building Total
444444 [ I —_—) temperature refrigerating

characteristic

Convolution Convolution |, I capacity

computation computation

characteristic

I PO s N Building vasiation required by
——) __D ——) temperatute i q -0 p
- — |:| o |:| 00r Upvac
H [ [
o (= [

[
[
[

. - T Outdoor temperature
\ ATg| ------ Tl 1 | e

Convolution Feature Convolution

Input channel 2
mput channe kemnel 3. 4 map 2 kernel 7,8

Figure 5. CNN-based thermal model for single-story buildings.

In the CNN building model, the temperature of each cooling area in the building and
the target temperature change are made into a “thermal feature map”, and then, the CNN
is used to carry out convolution operation on the “thermal feature map” and extract the
feature. Considering that the cooling regions that are too far apart have little influence
on each other, the convolution kernel size is set to 3 x 3 in this paper. A total of four
convolution cores are set for each layer of convolution, and the convolution operation is
repeated until the final feature is extracted. For the same building, there is no obvious
difference between the outdoor temperature T, and the light intensity Q,.q in each
cooling area, so the outdoor temperature T, ; and the light intensity Q,.q ; do not participate
in the convolution operation but directly as the input of the fully connected layer.

For an n-story building, a total of 2n “thermal signature maps” are generated with
2n input channels. The network structure of CNN multi-story building model is shown
in Figure 6.
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Figure 6. CNN-based thermal model for multi-story buildings.

3. Central Air Conditioning Energy Consumption Model and Its Optimal
Working Condition

3.1. Energy Consumption Model

Central air conditioning is usually composed of a chilled water pump, cooling water
pump, fan coil, cooling tower, and chiller, as shown in Figure 7.

Chilled Cooling
water water
pump pump
o oLF
Cooli
Chilled water Wath(i&gle "
cooling outlet v Heat dissipation
S
: . En d
E Fan coil i outdoor
11 refrigerator A Cooling tower ﬂ
Chilled Cooling
water intakp water intake

Figure 7. Central air conditioning system structure and working principle schematic diagram.
The energy consumption of the chiller is shown in Equation (3).
PWRp, = ag+a1(Tew,in — Tehwin) + 2 (Tewin — Tehwwin)” + 23 (Tew,in — Tehw,in) Qe +24Qe +25Q2  (3)

where Ty in and Ty, in are the temperature of cooling water and chilled water, respectively;
ap~as are fitting coefficients; Qe is the cooling capacity of the chiller.

The energy consumption models of the chilled water pump and cooling water pump
are shown in Equations (4) and (5).

Py, = bg + b1 Ge + by G2 (4)

Py = o +c1Ge + 2 G? )

where Ge and G, are the flow rate of the chilled water pump and the cooling water pump,
respectively. bg~by and co~c; are fitting coefficients.
The fan coil energy consumption model is shown in Equation (6).

P =do+diVa+do V2 4+ d3V2 (6)
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where V, is the air volume of the fan coil; dyg~dj3 are fitting coefficients.
The cooling capacity generated by the fan coil is shown in Equation (7). The low-
temperature chilled water in the coil is exchanged with the indoor heat through the fan blast.

0 = Qo2 T ( Ge >°~818 < Vi )‘“912 .
s0

- Tchw,outO GeO VaO

where Tgo, Tehw outor Geo, Vao, and Qt o, respectively, are the rated values of air inlet temper-
ature, chilled water outlet temperature, chilled water flow rate, fan air volume, and cooling
capacity under rated working conditions.

The energy consumption model of cooling tower fan is shown in Equation (8).

2
By ®)

E
PWR¢ = PWR¢ nom (€0 + €1 (=——) + ea

F a,nom F a,nom

where PWR¢ om, Fa, and F; nom are the rated energy consumption of the fan, the actual
value of the fan air volume, and the rated value, respectively. ey~e; are fitting coefficients.

The cooling tower transfers the heat in the cooling water to the outside through the
built-in fan, and the corresponding cooling capacity is shown in Equation (9).

Qrej = 7<Tcw,out - wa) )

where m,, and mj, are cooling water flow and fan flow, respectively; Tcw,out and Ty, are
the cooling water outlet temperature and cooling tower air inlet temperature, respectively.
fo~f; are fitting coefficients.
Therefore, the total energy consumption of central air conditioning is shown in
Equation (10).
P = PWRCh + Peb + Pcb + Pk + PWRf (10)

3.2. Optimal Working Condition Solving Model

The cooling capacity of the central air conditioner is divided into N points on average
from O to the rated value, and the sum of the energy consumption of all points is the
minimum as the objective function, as shown in Equation (11).

N
i Pi(Q;
mlni; (Q) (11)
Qi = ﬁQn

Constraints include working condition constraints and thermodynamic constraints, as
shown in Equations (12) and (13).

With Equation (11) as the goal and Equations (12) and (13) as the constraint, the
minimum energy consumption under each cooling capacity is obtained, and then, the
“cooling capacity minimum energy consumption” curve is segmented and linearized to
obtain the linearized energy consumption model of central air conditioning.

Qemin < Qe,i S Qemax

Gemin < Gei < Gemax

Gemin < Gei < Gemax

Famin < Fai < Famax (12)
Vamin < Va,i < Vamax

Tchw,in,rnin < Tchw,i,in < Tchw,in,max

Tcw,in,min S Tcw,i,in S Tcw,in,rnax
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Qi = Qei = Qi
Qreji = Qe,i + PWRen;
3600Q.; (13)
Tchw,i,in - Tchw iout — WCGel
3600Q,;

Tcw,i,out - Tcw iin — 1000CG¢1

4. Load-Shedding Potential and Economic Load-Shedding Strategy of Central Air
Conditioning Cluster

4.1. Load Baseline Calculation Method

In order to evaluate the load-reduction potential of the central air conditioning cluster,
the central air conditioning load baseline should be calculated first. The load baseline is
calculated based on the CNN building model and minimum energy consumption curve
proposed in the paper, and the calculation process is shown in Figure 8.

Let the room temperature 7=7 yax
The change in room temperature 47=0
Set the outdoor temperature and light
intensity

The cooling capacity required to
maintain constant room temperature is
calculated by CNN building model

Lock up the minimum energy
consumption curve

Figure 8. Load baseline calculation process based on CNN building thermal model.

4.2. Load Reduction Potential Evaluation Model

The building has the characteristics of heat storage, and the central air conditioning
has the minimum startup energy consumption, so the central air conditioning cluster
can reduce the load during the demand-response period based on advance cooling and
alternate start and stop.

The minimum energy consumption of the central air conditioning cluster during the
demand-response period is taken as the objective function, as shown in Equation (14).

mmz Z Qe ¢ (14)

i=1tet

where N is the number of units; T is the demand-response period.

The constraints include comfort constraints, stability constraints of load-reduction
value, cooling capacity constraints, and additional constraints of model linearization, as
shown in Equation (15).

Timin < Troom,it < Tmax
P{(Qei) = Py = Pel(Qe)s ik € T
St,iQemin < Qeri < 5tiQemax
P{i(Qepi) > kQeyti + bsyi
Pi(Qet) < kQepi+ b+ M(1—s4)
0 < P/;(Qeti) < 5tiPemax

(15)
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where s; ; is the on—off state of unit i at time ¢; k and b are the linearization coefficients of the
minimum energy consumption curve. M is some great positive number; Py, ; indicates the
baseline load value of the central air conditioner cluster during period i.

Without the last three equations in Equation (15), the system energy consumption
is calculated directly by the product of the on—off state and the power of the central air
conditioning unit, which will introduce nonlinearity into the objective function and cause
the problem to be difficult to solve.

4.3. Economic Load Reduction Strategy

Under the given load-reduction capacity, the energy consumption of the central air
conditioning cluster in the demand-response period is determined by the load-reduction
capacity and cannot be regulated. Therefore, the economic load-reduction strategy takes the
minimum energy consumption during the advance cooling period as its objective function,
as shown in Equation (16).

N . .
minz Z P{(Qe ) (16)
i=1teA

where A is the advance cooling period.

The constraint conditions still include comfort constraint, cooling capacity constraint,
load-reduction value constraint, and additional model linearization constraint, as shown
in Equation (17). Since the maximum load-reduction potential is evaluated before the eco-
nomic load-reduction strategy is formulated, the equation constraint on the load-reduction
value can still ensure the solvability of the optimization problem.

Tmin < Troom,it < Tmax

P, — P{(Qet) = KepPepmax, Lk €T
stiQemin < Qeti < 5tiQemax

P i(Qepi) > kQeyti + bstj

P{i(Qet) < kQepi+b+ M(1—s5)
0 < P/;(Qeti) < 5tiPemax

(17)

where K¢, is the load-reduction ratio, which is 0~1; Pep max is the maximum load-reduction
value, which can be calculated by the evaluation model in Section 4.2.

5. Example Analysis
5.1. CNN Building Model
5.1.1. Data Set Design

In this paper, a discrete RC network model is used to generate the training data
required by the CNN building model. The simulation step size is 1s, and the period is 15
min. The building topology is set to single-layer 5 x 5. A total of 10 buildings are set in the
example, and the 10 building parameters are shown in Table 2.

In order to ensure the training effect of CNN, training samples should be spread across
all possible data points as far as possible. This paper generates samples by randomly
sampling within the range of parameter variation. The variation range of each parameter is
shown in Table 3.

As can be seen from Table 3, the input values of the neural network differ greatly. In
order to speed up the training of the neural network and avoid falling into the local optimal
solution, the data set can be normalized, as shown in Equation (18).

,  x—min(x)
e max(x) — min(x)

(18)

where x represents the data before normalization.
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Table 2. Building parameters and comfort range of each building.

Building Wall Thermal Thermal Resistance of Wall Heat Capacity = Room Heat Capacity =~ Comfort Range

Number Resistance Ry, (K/W) Windows Ry (K/W) Cywanl J/K) Croom (J/K) (@)
1 0.08 0.02 2.6 x 107 2.5 x 10° 20~25
2 0.12 0.03 2.6 x 107 2.5 x 10° 20~25
3 0.06 0.015 2.6 x 107 2.5 x 10° 20~25
4 0.04 0.1 2.6 x 107 25 x 10° 20~25
5 0.08 0.02 3.9 x 107 3.75 x 10° 20~25
6 0.08 0.02 1.95 x 107 1.875 x 10° 20~25
7 0.08 0.02 1.3 x 107 1.25 x 10° 20~25
8 0.08 0.02 2.6 x 107 2.5 x 10° 21~24
9 0.08 0.02 2.6 x 107 2.5 x 10° 19~26
10 0.08 0.02 2.6 x 107 2.5 x 10° 18~27

Table 3. The range of variation of the relevant parameters of the data set.

Argument Range

Room temperature initial value Tyoom i (°C) T min~Tmax
Light intensity Qaq (W) 0~360
Outdoor temperature T, (°C) 26~38
Cooling capacity per cooling area Qpvac,: (W) 0~1500

5.1.2. Training Effect

This paper uses root mean squared error (RMSE) and accuracy to reflect the training
effect of CNN building model, as shown in Equations (19) and (20).

1 n
RMSE = ¢ ¥ Wi~ Yhar)? (19)
i=1
LS |Yi = Yhaei
Acc =1— =y L Thatid] (20)
”,-; Yi

where y; is the true value of the data set, corresponding to the Quvac of the article; vy, ; is
the predicted value, corresponding to the CNN building model output.

Based on Pytorch, the CNN building model is trained using GPU, and the learning
rate is set to 0.3. Taking building 1 as an example, the training effect is shown in Table 4.

As can be seen from Table 4, the CNN building model proposed in the paper can
accurately model the cooling capacity Qpyac required by the building, and the accuracy
rate can reach 99.84% after 100,000 training sessions.

Compared with the ETP model and RC network model, the improvement effect of the
CNN building model is shown in Table 5.

The identification of RC model requires the measurement of the temperature of each
wall and cooling area, and the number of measurement points is quite large. The CNN
building model can only measure the temperature of the cooling area, and the influence of
the wall temperature on the room temperature is reflected in the historical data. Compared
with the ETP model, the CNN building model proposed in this paper solves the technical
drawback of not being able to consider the temperature difference and interaction in the
cooling zone. Compared with the RC network model, the calculation speed is increased,
and the number of measurement points required for model identification is reduced.
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Table 4. The training effect of the building thermal model based on CNN.

Training Times Loss RMSE Acc
1 355,408,544 18,852.28 0.1345%
2 352,316,576 18,770.09 0.5724%
3 345,913,856 18,598.75 1.484%
99,998 1432.64 37.85 99.83%
99,999 1432.13 37.84 99.84%
100,000 1432.07 37.84 99.84%

Table 5. Comparison table of improved effect between the CNN-based building thermal model and

traditional model.

. . The Number of Measurement Points Whether Interaction Can
Model Calculation Time Parameter Number Required to Identify the Model Be Considered
ETP model Negligible 4 1
RC model 1.053 s 145 85 v
CNN model 0.189 s 81 25 4

5.2. Optimal Condition of Central Air Conditioning

This paper uses the model parameters of central air conditioning provided in the
literature [14]. Each building is equipped with eight end fan coils, one cooling water pump,
one freezing water pump, one chiller, and one cooling tower. With Equation (11) as the
objective function and Equations (12) and (13) as the constraint conditions, the minimum
energy consumption curve of the central air conditioning under each cooling capacity
is solved and segmented and linearized, as shown in Figure 9. It can be seen that the
minimum power consumption of the central air conditioning system in the paper is about
107.93 kW, accounting for about 24.30% of the maximum energy consumption.

= Raw data point unsegmented= = = 1 segment point

450 | y

400

100 E
[P P B | 1 1

0 250 500 750 1000 1250 1500 1750
Refrigerating capacity(kW)

Figure 9. The minimum energy consumption curve under each cooling capacity when the central air
conditioner is working in the optimal condition.

In addition to the chiller, the energy consumption of other components under optimal
working conditions and their accounts are shown in Figure 10. It can be seen that even under
the optimal working conditions, the energy consumption of the remaining components
is about 22% to 34%. Therefore, the central air conditioner is different from the split
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air conditioner, and only considering the energy consumption of the chiller will bring a
large error.
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Figure 10. Under optimal working conditions, the proportion of energy consumption of components
other than the chiller.

5.3. Load-Reduction Potential Evaluation and Economic Load-Reduction Strategy
5.3.1. Load Base Line
Before assessing the load-reduction potential, the load baseline needs to be calculated.

In the calculation example, the 24 h outdoor temperature and light intensity curve is
shown in Figure 11.
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Figure 11. Twenty-four-hour outdoor temperature and light intensity curve.

The load baseline of 10 building examples is calculated according to the process shown
in Figure 8, and the results are shown in Figure 12.
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Figure 12. Total load baseline of 10 central air conditioners.

5.3.2. Load-Reduction Potential Assessment

In this paper, the pre-cooling period is from 11:30 to 12:00, and the demand-response
load-reduction period is from 12:00 to 13:00. With Equation (14) as the objective function
and (15) as the constraint condition, Cplex is used to evaluate the maximum load-reduction
potential of 10 building examples. By calculation, the maximum load-reduction potential
of the building example in article 10 is 632.87 kW, accounting for about 31.06% of the load
baseline in the corresponding period.

Pre-cooling will make the central air conditioning energy consumption greater than
the load base, the power consumed by pre-cooling is the additional power of pre-cooling,
and the value of pre-cooling additional power and load reduction is shown in Figure 13.
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Figure 13. Pre-cooling additional power and load-reduction value.

The ratio of power reduction of each unit to total power reduction during the demand-
response period reflects the contribution of each unit in load reduction. Figure 14 shows the
contribution of each unit in load reduction under the maximum load-reduction potential.
The thermal resistance of a building reflects the heat-insulation capacity of a building, and
the heat capacity of a building reflects the heat-storage capacity of a building. Buildings
4 and 7 have low load-reduction output due to low thermal resistance and heat capacity.
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The comfort range affects the flexibility and adjustable depth of the operation of the central

air conditioning in the building. The comfort range of building 8 is narrow, and its load-

reduction potential is low.

20
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15 95.41
85.22 87.2

[78.34

65.18

10

46.8

23.92

Proportion of load reduction(%)

16.5 16.32

0 1 1 1 1 1 1 1 1 1 1

1 2 3 4 5 6 7 8 9 10
The number of Central air conditioning

Figure 14. Load-reduction ratio and load-shedding value of each central air conditioner under the
maximum load-shedding potential.

Under the maximum load-reduction potential, the average room temperature change
of each building is shown in Figure 15. It can be seen that all buildings have different
degrees of advance cooling, and at the end of the demand-response period, the room
temperature rises back to the comfort limit, meaning that the cold stored in pre-cooling
is released.
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Figure 15. The average indoor temperature-change curve of each building under the maximum load
reduction potential.

The energy consumption of each central air conditioning unit is shown in Figure 16.
It can be seen that except for units 4, 7, and 8, the rest of the units are alternately started
and stopped during the load-reduction period. Due to the low thermal resistance and heat
capacity of buildings 4 and 7 (small thermal inertia), the comfort range of building 8 is
narrow, and a shutdown of 15 min will cause the room temperature of these buildings to
exceed the comfort limit, so it will not participate in the alternate start and stop.
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Figure 16. Power-change curve of central air conditioning in each building under maximum load
reduction potential; (a) Power-change curve of CAC 1, 2, 3, 5, 6, 9, 10; (b) Power-change curve of
CAC4,7,8.

5.3.3. Economic Load-Reduction Strategy

After evaluating the maximum load-reduction potential of the central air conditioning
cluster, using Equation (16) as the objective function and Equation (17) as the constraint
condition, Cplex can be used to solve the economic load-reduction operation mode under
each load-reduction ratio.

In order to show the economy of the strategy proposed in this paper, the following
two conventional advance cooling schemes are formulated:

Scheme 1: All buildings are cooled to the same temperature in advance. If the target
load-reduction value is large, cooling to the same temperature cannot complete the load-
reduction target, and it is not required that buildings 8 to 10 (comfort range is different
from other buildings) maintain the same temperature.

Scheme 2: The relative value of pre-cooling of each building is equal. For example,
buildings 1~7 are pre-cooled to 21 °C, decreasing 4 °C and accounting for 80% of the
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comfort range; building 8 is pre-cooled to 21.6 °C, decreasing 2.4 °C and accounting for
80% of the comfort range.

Under a different load-reduction ratio, i.e., K¢p, the pre-cooling energy consumption
of two conventional load-reduction strategies and economic load-reduction strategies is
shown in Figure 17. It can be seen that scheme 2 is better than scheme 1 under the low
load-reduction coefficient. Under high load-reduction coefficient, scheme 1 is slightly better
than scheme 2. The economic load-reduction strategy is generally superior to scheme 1
and scheme 2. Compared with scheme 1, the economic load-reduction strategy can save
up to 179.65 kWh of electric energy, which is about 17.89% of the load baseline energy
consumption. Up to 140.70 kWh of electricity is saved compared with option 2, which is
about 14.01% of the load baseline energy consumption. In China, the electricity price of
commercial buildings at noon is 1.2 RMB/kWh. Compared with scheme 1 and scheme 2, the
economic load-reduction strategy saves at most RMB 215.58 and RMB 168.84, respectively.

—a— Economic load reduction strategy—&— Scheme 1—v— Scheme 2
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Load reduction ratio

Advance refrigeration energy consumption(

Figure 17. Comparison curve of energy consumption between the economic pre-cooling scheme and
two conventional pre-cooling schemes under different target load-reduction ratios.

Taking the load-reduction ratio of 0.2 and 0.8 as an example, the total load curve of
the economic load-reduction strategy and the two conventional load-reduction schemes is
shown in Figure 18. In the figure, 12:00 to 13:00 is the load-reduction period, and the energy
consumption of the central air conditioning cluster during this period is determined by the
target load-reduction value (or target load-reduction ratio) independent of the pre-cooling
scheme adopted. Therefore, the load curves of the economic load-reduction strategy and
the two conventional load-reduction schemes overlap during the 12:00 to 13:00 period.
The pre-cooling period is 11:30 to 12:00, and the energy consumption in this period is
determined by the pre-cooling scheme.

When the load-reduction ratio is 0.2, the pre-cooling energy consumption and cost of
the economic load-reduction strategy and the two conventional load-reduction strategies
are shown in Table 6. The results for when the load-reduction ratio is 0.8 are shown
in Table 7.
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Figure 18. Comparison of energy consumption between economic load-reduction strategy and
two conventional strategies when the load-reduction ratio is 0.2 and 0.8, respectively; (a) when the
load-reduction ratio is 0.2; (b) when the load-reduction ratio is 0.8.

Table 6. When the load-reduction ratio is 0.2, the pre-cooling energy consumption and cost are com-
pared between the economic load-reduction strategy and two conventional load-reduction strategies.

Scheme Pre-Cooling Energy Consumption (kWh) Cost (RMB)
Economic load-reduction strategy 959.29 1151.15
Conventional scheme 1 1123.54 1348.25
Conventional scheme 2 1043.89 1252.67

Through simulation verification, both the economic load-reduction strategy proposed
in this paper and the two conventional strategies can meet the requirements for comfort.
Taking the load-reduction ratio of 0.8 as an example, the average room temperature change
of the three schemes is shown in Figure 19.
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Table 7. When the load reduction ratio is 0.8, the pre-cooling energy consumption and cost are com-
pared between the economic load-reduction strategy and two conventional load reduction strategies.

Scheme Pre-Cooling Energy Consumption (kWh) Cost (RMB)
Economic load-reduction strategy 1287.08 1544.49
Conventional scheme 1 1365.27 1638.32
Conventional scheme 2 1365.62 1638.74
28 — : : :
)
S26r ~—=— Building 1
5 —e— Building 2
g —=— Building 3
ol |—— Building 4
o —— Building 5
-_% {—<— Building 6
= —»— Building 7
o2r 7—— Building 8
> |—— Building 9
o —e— Building 10
<20} .
27 |- .
o
~- 26 | -1 T
27 |—=— Building 1
© 05 —e— Building 2
g |—+— Building 3
g —v— Building 4
524 i |—*— Building 5
£ |—<+— Building 6
223+ - I,
= —— Building 7
P |—*— Building 8
D2 71— Building 9
§ 1—— Building 10
<21 .
20 L . . . L
12 13
Time(h)
(b)

Figure 19. Cont.
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Figure 19. When the load-reduction ratio is 0.8, the change curves of the average room temperature
of each building and the economic load-reduction strategy and the two conventional load reduction
schemes are shown: (a) the average room temperature-change curve of each building under the
economic load-reduction strategy; (b) the average room temperature-change curve of each building
under the conventional scheme 1; (c) the average room temperature-change curve of each building
under the conventional scheme 2.

6. Conclusions

In order to alleviate the technical drawbacks of existing building models, this paper
first proposes a building model based on CNN. Compared with the ETP model, this
model can take into account the temperature difference and interaction between different
cooling areas of the building. Compared with RC network model, the calculation speed
is increased, and the number of measurement points required for model identification is
reduced. Taking the single-layer 5 x 5 building topology as an example, the training of
CNN building model is completed. Then, the energy consumption model and optimal
working condition solution model of central air conditioning are established, which lays a
foundation for the load-reduction strategy of central air conditioning. Finally, on the basis
of the modeling work in this paper, the load-reduction potential evaluation method and
economic load-reduction strategy of the central air conditioning cluster based on advance
cooling and alternate start and stop are proposed.

The simulation results show the following: (1) The minimum startup energy consump-
tion of the central air conditioning unit still accounts for about 24.30% of the rated energy
consumption under the optimal working condition. In addition to the chiller, the remaining
components of the central air conditioning system account for about 22% to 34% of energy
consumption. (2) In the case of the 10 buildings in the paper, the maximum load-reduction
potential of the central air conditioning cluster based on advance cooling and alternate
start—stop is 632.87 kW, accounting for 31.06% of the load baseline in the corresponding
period. (3) Compared with the two conventional load-reduction strategies, the economic
load-reduction strategy proposed in this paper significantly improves the economy, saving
up to 179.65 kWh and 140.70 kWh of electric energy, respectively, accounting for 17.89%
and 14.01% of the baseline load energy consumption.
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