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Abstract: Learning an optimal control strategy from the optimized operating dataset is a feasible way
to improve the operational efficiency of HVAC systems. The operation dataset is the key to ensuring
the global optimality and universality of the operation strategy. Currently, the model-based method is
commonly used to generate datasets that cover all operating scenarios throughout the cooling season.
However, thousands of iterative optimizations of the model also lead to high computational costs.
Therefore, this paper proposed a scenario reduction method in which similar operating scenarios
were grouped into clusters to significantly reduce the number of optimization calculations. First,
k-means clustering (with dry-bulb temperature, wet-bulb temperature, and cooling load as features)
was used to select typical scenarios from operating scenarios for the entire cooling season. Second,
the model-based optimization was performed with the typical scenarios to generate the optimal
operating dataset. Taking a railway station in Beijing as a case study, the results show that the
optimization time for the typical scenarios was only 1.4 days, which was reduced by 93.1% compared
with the 20.6 days required to optimize the complete cooling season scenario. The optimal control
rules were extracted, respectively, from the above datasets generated under the two schemes, and
the results show that the deviation of energy saving rate was only 0.45%. This study shows that the
scenario reduction method can significantly speed up the generation of the optimal control strategy
dataset while ensuring the energy-saving effect.

Keywords: HVAC system; offline optimization; rule-based control; scenario reduction; clustering

1. Introduction

Globally, buildings consume about 36% of the total energy [1], while most of the energy
consumption in buildings comes from space heating, cooling, or ventilating systems [2].
Data show that the energy consumption of HVAC systems will continue to grow with
climate deterioration and people’s increasing demand for a better indoor environment [3].
Therefore, under the policy of promoting energy conservation and emission reduction, the
optimal operation of HVAC systems has become the focus of many researchers. In these
studies, the model-based control (MBC) method has received more and more attention [4–8].
In this method, building energy simulation (BES) programs and optimization technologies
are combined to guide the operation of HVAC systems [8]. Good results were achieved in
various cases using this method, with an average energy-saving rate of up to 13–28% [9–14].

However, in practical use, such a method often carries a sizeable mathematical calcula-
tion burden. On the one hand, an HVAC system contains multiple optimization setpoints,
including discrete ones (e.g., the number of chillers in operation) and continuous ones
(e.g., the temperature setpoints) [8]. On the other hand, within the model of an HVAC
system, there tends to be a mass of complex mechanism descriptions and nonlinear pro-
cesses [4,15]. As a result, online optimal control of HVAC systems is often challenging to
implement due to its high burden on optimization calculation. Additionally, the control
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algorithm is hard to implement in high-level languages for most automatic control systems
in practice due to their hardware limitations, increasing the difficulty of deploying real-
time optimization. To solve the problems mentioned above, researchers try to optimize
beforehand [16–19]: (i) obtain training dataset containing information about the optimal
control strategy through virtual operation optimization (later on, we will use the term
training dataset to simplify the presentation) and (ii) extract the rule-based strategies from
the training dataset to support the online operation of the HVAC system. In this way, opti-
mization calculation is not required during the system operation stage, and the strategies
in the form of formulae are easier to deploy in the industrial low-power control hardware.

As the rule-based strategies are derived from the optimal control strategy dataset,
the effect of using these rule-based strategies is determined by the completeness of the
operation scenarios covered by the dataset. In other words, the accuracy of these rule-based
strategies will be damaged when the actual operating conditions are beyond the scope of
the set. To avoid this problem, enormous operation scenarios are required for the offline
optimization scheme, leading to a long cycle for strategy set formulation. For instance, in
ref. [20], it took 12 h in total (Virtual run time of 11 weeks) to obtain data that reflect the
window’s on/off control strategy of the window. This duration would climb with more
control variables and an extended operation period. In this case, technicians have to wait
a long time to do the following work, which could not be conducive to formulating or
updating strategies. So, this paper attempts to improve the offline optimization scheme
and proposes a more efficient method to obtain the training dataset.

Methods for improving the efficiency of generating the training dataset can be divided
into two categories. For the first category, the computational efficiency is improved by
augmenting the calculation speed of the model. Although models generated by traditional
building energy simulation (BES) programs have good generalization performance [20],
their complex formulae restrict the calculation speed and thus hinder the solution of
subsequent optimization problems [5,21]. For this reason, researchers tried to simplify
the mechanism model in some appropriate ways [22]. For instance, Haves et al. reduced
the number of dynamic states for the tank model to three by simplifying thermocline in
the energy storage tank so that the calculation burden was decreased [12]; Picard et al.
proposed a method to obtain the linear state space model based on the BES program, and
the calculation speed was 8.5 times faster [15]. By simplifying the model, these studies
accelerated the calculation speed. However, this came at the cost of sacrificing the model’s
accuracy to some extent [15], and the balance between speed and accuracy determined the
effectiveness of this approach. In addition, using data-driven models with faster calculation
speed is also an effective way [23,24]. For example, Afroz et al. used the neural network
model to describe the relation between setpoints, energy consumption, and environmental
parameters [25]; Magnier et al. modeled with artificial neural networks and completed the
optimization in three weeks [26]. Data-driven models have brought fast calculation speed;
however, the broader application of data-driven models is limited due to the requirements
for large amounts of training data and the uncertainty of calculation results [4,27].

For the second category, optimization algorithms are improved for higher computa-
tional efficiency [28,29]. Due to the limitations of traditional BES modeling tools, obtaining
the objective function’s gradient is often difficult. Therefore, in some studies, improvements
were made based on heuristic algorithms [30–33]. For example, Huang et al. improved
the way of selecting the start point of the optimization [11]; Sun et al. added the equilib-
rium optimization algorithm into the HVAC system to achieve faster calculation speed
and better results [30]. Other studies gave up traditional modeling tools for more effi-
cient algorithms [34–36]. For instance, Kusiak combined the data-driven model with the
interior-point method and solved the computational problem of optimization [34]; Castilla
linearized the model so that the Quadratic Programming algorithm could be applied to
reduce the computational burden of optimization [35]; Åkesson developed Jmodelica, and
it can satisfy users’ needs for different algorithms [36]. Unfortunately, most such tools are
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just for research and require multidisciplinary expertise, making it difficult to improve
the algorithms [5,8].

Nevertheless, from the perspective of training dataset acquisition, the efficiency of
obtaining the optimal control strategy dataset cannot be entirely augmented by regulating
models and algorithms because the quality of models and algorithms only affects the
computational speed of a single optimization process, while the number of virtual operation
scenarios determines the number of optimization processes needs to be executed. Therefore,
how to construct the virtual operation scenarios to be optimized is also essential for
improving the efficiency of generating and obtaining the training dataset.

Generally, there are two ways of constructing the virtual operation scenarios to be
optimized. One is to simulate the HVAC system throughout the cooling season, and the
collection of simulated operation scenarios in time series is taken as the set to be opti-
mized [37]. The other is to generate the grid of operation scenarios via orthogonality [38].
For the former, there are numerous similar scenarios in the simulated set (for example, the
meteorology and the cooling load on successive days do not differ significantly). These
scenarios are different, but slight differences do not necessarily lead to discrepancies in the
value of optimal setpoints. Hence, similar scenarios can be deleted appropriately to ease
the computational burden of optimization. For the latter, with the increase in parameters
used to describe the scenarios, the number of virtual operation scenarios will significantly
grow, which can even lead to the failure of this method [19]. An actual operation scenario
of an HVAC system contains both meteorological parameters and cooling load related
parameters, and the two are correlated in a certain way (higher outdoor temperature often
means more cooling load). However, the latter method (to generate the grid of operation
scenarios via orthogonality) ignores such correlation. It performs invalid optimization in
some unrealistic scenarios, resulting in a loss of computational efficiency.

Given the drawbacks of existing methods, this paper proposes a framework for con-
structing the training dataset to improve the efficiency of generating optimal control
strategies. Firstly, a method for constructing typical operation scenarios was proposed to
avoid invalid optimization in the offline rule-based strategy generation, thus improving the
computational efficiency. In this method, we first obtain the HVAC system operation sce-
narios in time series based on simulation to obtain the characteristics of the actual operation
scenarios of the system. Then we use the clustering technique to exclude similar scenarios
among them and reduce the appearance of similar scenarios. Secondly, we integrated the
method into Coffey’s offline optimization framework [38], and took a high-speed railway
station in Beijing as a case study to verify the method’s effectiveness in the simulation
platform. Additionally, we quantified the effect of the number of clusters and evaluated
the correspondence between the implementation effect of the strategies and the proposed
verification indicators, and this provided guidelines for determining the number of clusters.

The organization of this article is as follows: in Section 2, an efficient method for
obtaining the training dataset based on boundary scenario reduction is introduced, in-
cluding the methods for acquiring typical operation scenarios and evaluating the training
dataset. In Section 3, a model-based optimization implementation framework and a lookup
table-based offline optimization approach are presented as validation frameworks. In
Section 4, the study case is described, and the experimental design for the control group is
explained. In Section 5, the results and discussions of different schemes are presented and
analyzed. Finally, the conclusion and prospects are presented in Section 6, describing the
applicability of the proposed framework and the direction for future work.

2. Method for Constructing Training Dataset

To illustrate the method more clearly, we took a common HVAC system as the research
object, which is shown in Figure 1. All devices in the system are equipped with frequency
converters, which ensures the implementation of optimal operation. The time constant of
this system is small due to the lack of energy storage devices. As a result, changes in the
operating conditions scenario at one point do not affect the system operation at other times.
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Therefore, when generating the optimal control strategies at the current point, the influence
of operation conditions scenarios at other times does not need to be considered. In this way,
the optimization process is simplified, making it easier to elaborate the idea of this paper.
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Figure 1. Diagram of a common HVAC system.

In addition, for the convenience of the following formulation and implementation of
the optimization strategies, the system is controlled by a two-layer structure (as shown in
Figure 2), including a supervisory layer and a control layer. The goal of the supervisory
layer is to optimize the operation of the HVAC system and, while satisfying the cooling
demand, reduce the system’s energy consumption by adjusting setpoints of controllers. The
control layer is responsible for the direct control of components from different parts of the
system (for example, valves, and frequency converters), and this layer is also responsible
for tracking given setpoints via the closed-loop feedback control (for example, the track of
the chilled water supply temperature setpoint is achieved by the PID control of the chiller’s
compressor frequency). Under this control structure, direct open-loop optimization control
of components is avoided, which ensures the stability of the system’s operation [4].
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Based on the above system, method for constructing training dataset was proposed,
mainly including three steps as shown in Figure 3.
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2.1. Construction of Typical Operation Scenarios (Step1, Step2)

First of all, simulation of the system on the building’s side was carried out throughout
the cooling season, and the HVAC system’s operation scenarios in time series are described
by the simulated operation data. To ensure the accuracy and completeness of the simulated
data, on the one hand, TMY (Typical Meteorological Year) file was taken as the weather
boundary in simulation, so that all possible scenarios that may occur could be covered.
On the other hand, in case some operation scenarios were left out due to long timestep,
the simulation timestep was set to 10 min, which is relatively short. In addition, for the
HVAC system shown in Figure 1, there are three disturbances affecting its operation: the
outdoor dry-bulb temperature and outdoor relative humidity have an influence on the
performance of cooling towers and air handling units; the cooling load determines the
power of the equipment. Therefore, the three variables (the outdoor dry-bulb temperature,
outdoor relative humidity, and the cooling load) were selected to describe the operation
scenarios of the HVAC system.

Afterwards, the similarity of the sequential simulated operation scenarios was evalu-
ated, and the simulated scenarios were clustered to reduce the number of typical operation
scenarios. As mentioned earlier, the temporal correlation between scenarios does not need
to be considered because there are no energy storage devices in the system, and only the
correlation between different descriptive variables needs to be taken into account. First,
the three descriptive variables were normalized. Then, the similarity of different operation
scenarios was measured by Euclidean distance. The equations are as follows.

T′Out,i =
Ti −min(TOut,1 · · · TOut,n)

max(TOut,1 · · · TOut,n)−min(TOut,1 · · · TOut,n)
(1)

Phi′Out,i =
PhiOut,i −min(PhiOut,1 · · · PhiOut,n)

max(PhiOut,1 · · · PhiOut,n)−min(PhiOut,1 · · · PhiOut,n)
(2)

Q′load,i =
Qload,i −min(Qload,1 · · · Qload,n)

max(Qload,1 · · · Qload,n)−min(Qload,1 · · · Qload,n)
(3)

di,j =

√(
T′Out,i − T′Out,j

)2
+
(

Phi′Out,i − Phi′Out,j

)2
+
(

Q′load,i −Q′load,j

)2
(4)

where di,j represents the similarity of different scenarios, TOut,1 · · · TOut,n, PhiOut,1 · · · PhiOut,n
and Qload,1 · · · Qload,n, respectively, denotes outdoor dry-bulb temperature, outdoor relative
humidity, and indoor cooling load.

In the last step, the K-means algorithm was used to cluster the simulated operation
scenarios. This distance-based clustering algorithm can put scenarios with high similarity
into one cluster. In addition, the center of each cluster was regarded as the typical operation
scenario of this kind, and it represents all the operation scenarios in the cluster. Thus,
the typical operation scenarios (namely the virtual operation scenarios to be optimized)
were constructed.
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2.2. Generation and Evaluation of the Training Dataset (Step3)

In the third step, model-based optimization was first used to calculate optimal set-
points of typical scenarios, and thus, the training dataset of the HVAC system was generated
(The optimization method is described in detail in Section 3). Then, to evaluate the pro-
cess of the dataset acquisition, the number of clusters, as the key parameter crucial to the
efficiency of this process, was analyzed.

The rationality of the number of clusters can be judged by the difference of the optimal
setpoints between adjacent typical operation scenarios. Figure 4 shows the change of the
optimal setpoints when the number of clusters differs. U1 and U2 in the figure represents
the descriptive variables of the typical scenarios, and X is the value of the optimal setpoint.
As shown in the figure, when the number of clusters is too small, the similarity between
adjacent typical operation scenarios is low, and the corresponding optimal setpoints also
display large discrepancies (∆X1). In this case, each typical scenario includes too many
operation scenarios, and the ideal optimal setpoints of these scenarios in one cluster dif-
fer greatly. Such differences are ignored and will affect the final implementation of the
strategies. On the other hand, when the number of clusters is too large, the operation sce-
narios with high similarity are not well classified, resulting in a small difference in optimal
setpoints between the adjacent typical scenarios (∆X2). The optimization of these typical
scenarios does not bring much improvement on the implementation effect of strategies,
and on the contrary, the efficiency of generating the training dataset declines if the number
of clusters is too large.
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The above discussion is based on one optimization variable, while HVAC systems
often have multiple optimization variables. So, it is necessary to first determine how to
calculate the difference of optimal setpoints between adjacent typical operation scenarios.
Due to the complexity of searching for adjacent subspaces in a high-dimensional space, the
adjacent subspaces (namely the adjacent operation scenarios) of one typical scenario were
replaced by its similar operation scenarios. For a typical operation scenario, its adjacent
scenarios are defined as the three other typical scenarios with the highest similarity to it.
Moreover, as the optimization variables include both discrete and continuous ones, and the
differences in the optimal value of discrete variables between similar scenarios also lead to
large differences in the optimal value of continuous ones (e.g., the optimal water supply
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temperature often varies greatly when different numbers of chillers are turned on.), the
following calculation was designed:

Di f =

{
max{∆Ucon,1, · · · , ∆Ucon,i} @m ∈ [1, j] Udis,m 6= U′dis,m

max
{

∆Udis,1, · · · , ∆Udis,j

}
∃m ∈ [1, j] Udis,m 6= U′dis,m

(5)

∆Ucon,k =

∣∣∣Ucon,k −U′con,k

∣∣∣
2Acccon,k

k ∈ [1, i] (6)

∆Udis,k =
∣∣∣Udis,k − U′dis,k

∣∣∣ k ∈ [1, j] (7)

where Di f indicates the difference between optimization results of similar typical operation
scenarios (hereinafter referred to as the “difference index”), i and j, respectively, indicates
the number of continuous optimization variables and discrete optimization variables,
Ucon,1∼i and Udis,1∼i, respectively, represents the value of continuous optimization variables
and discrete optimization variables, and Acccon,1∼i denotes the control accuracy of the
optimization variables in the control system.

The distribution of the difference index was divided into three parts. Firstly, for the
similar typical scenarios whose difference index is lower than the control accuracy of the
control system (Di f < 0.5), it is difficult for the control system to differentiate the optimal
setpoints of these similar scenarios, and thus the system operation cannot be optimized
efficiently. Therefore, this region is called the inefficient optimization zone. The second
part is where the difference index is higher than 1.5 (Di f > 1.5), and the similar typical
scenarios in this region need to be further refined, because the optimal setpoints of these
scenarios differ greatly and can be easily differentiated by the control system. The energy
saving potential or even the operation of the system will be damaged if scenarios in this
region are not further refined. The third part is called the efficient optimization region
(0.5 < Di f < 1.5). In this region, smaller difference index means more details in the dataset
and more energy saving for the system.

Based on the above analysis, the following three quantitative indicators were designed
to evaluate the acquisition process of the training dataset:

E f f = 1−
∫ 0.5

0
f (Di f )dDi f (8)

Sta = 1−
∫ +∞

1.5
f (Di f )dDi f (9)

ESR =
∫ 1.5

0.5
f (Di f )Di f dDi f (10)

where f (Di f ) represents the probability density distribution of Di f ; E f f represents the
efficiency of acquiring the training dataset, and the value closer to one means higher
efficiency; Sta denotes the reliability of the system’s operation, and greater value means
higher reliability; ESR denotes the energy saving effect, and smaller value means that more
energy saving has been achieved.

3. Offline Optimization Framework

To verify the rationality and high efficiency of the method above for constructing the
training dataset, an optimization framework was built (as shown in Figure 5) based on
Coffey’s framework [38,39]. The framework consists of two parts. One is for the offline
optimization, and it calculates the optimal setpoints of the HVAC system under typical
operation scenarios, thus generating the training dataset. The other part of the framework is
for online implementation of strategies, which guides the operation of the actual system by
the lookup table. Such an offline optimization framework is relatively simple. Moreover, by
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applying the lookup table instead of using complex machine learning techniques to extract
rules from the training dataset, excessive processing on the training dataset is avoided.
Therefore, the quality of the training dataset can be directly reflected.
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In the offline optimization stage, the language Modelica was employed to establish
the descriptive model (used for describing the relation between the setpoints and control
strategies). Modelica is an object-oriented modeling language based on equations. It is
suitable for modeling complex systems, and it can describe the constraints of the system
(such as the frequency constraint) conveniently [9,40,41]. Then, GenOpt [42] was taken
as the optimizer, and the optimal setpoints of different typical operation scenarios were
obtained by optimization through iterative calls. The iterative computation process is
shown in Figure 5. First, the model constructed using Modelica will calculate the optimal
control objective (e.g., minimizing energy consumption). Then, GenOpt will determine
whether the optimization problem satisfies the termination condition and if the optimum is
not reached, GenOpt will calculate possible new sufficient setpoint values according to the
optimization algorithm until the convergence condition is reached.

In the online implementation stage, the lookup table was employed, and Figure 6
shows how to use the lookup tables. After receiving the measured operation scenario of
the HVAC system, the control system searches in the training dataset for a typical scenario
with the highest similarity to the measured one, and then control the system with the
corresponding optimal setpoints. This method has also been applied in [14,38].
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4. Research Case and Experimental Configuration

This section tests the methods proposed in this article using an actual engineering
project as a case study. Section 4.1 introduces the basic situation of the case study, and
Section 4.2 describes the relevant testing plans in conjunction with the testing content.

4.1. Case Description

The case study in this research is a high-speed railway station building (as shown
in Figure 7) located in Beijing, China. The building is 36.50 m high and has four floors
above ground (mainly for waiting areas), and three floors underground (for subways and
transfer waiting areas). The subway air conditioning system provides the temperature and
humidity environment control of the underground second and third floors and therefore is
not considered in this research case. The configuration of the HVAC system is consistent
with the one shown in Figure 1. Detailed information about the case is shown in Table 1. In
addition, a combined air conditioning unit is mainly used to control the indoor environment,
with a total cooling area of 322,000 square meters and a maximum cooling load of 43,718 kW.
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Table 1. Detailed information about the study case.

Items Parameters Value

Building
Construction

and
Occupancy

Wall conductivity 0.34 W/(m2k)
Roof conductivity 0.50 W/(m2k)

Window conductivity 2.2 W/(m2k)
Heat gain coefficient of windows 0.29 SHGC

Window-to-Wall Ratio East: 37% South: 35%
West: 28% North: 37%

Maximum occupancy 14,000 people

HVAC
System

Chiller × 4
Nominal Capacity: 5630 kW

IPLV: 9.364
Design COP: 6.030

Chilled water pump × 4

Nominal flow rate: 1250 m3/h
Nominal head: 33 mH2O

Nominal speed: 980 r/min
Nominal power: 160 kW

Condenser water pump × 4

Nominal flow rate: 1250 m3/h
Nominal head: 33 mH2O

Nominal speed: 980 r/min
Nominal power: 160 kW

Cooling tower × 16 Nominal flow rate: 400 m3/h
Nominal power: 12 kW

Cooling
demand

Indoor temperature 27 ◦C
Indoor relative humidity <=70%

The HVAC system in this building employs a two-layer supervisory control structure.
Table 2 displays the low-level control logic of each device and their original setpoints
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outlined in the design document. The chiller’s load is balanced based on load, meaning
that the chiller’s on/off sequence is determined by the load rate. The chiller is loaded when
the load rate reaches 95% and unloaded when the surplus load rate of the activated chiller
exceeds 105%.

Table 2. Control scheme for each equipment.

Plant Control Variables Equipment-Level Controls Original Strategy

Cooling tower
NumSP,Tower On/Off control 1 chiller: 4 cooling towers *

TSP,Tower PID control TOut,wet + 4 ◦C

Condenser water pump
NumSP,Pump,Con On/Off control 1 chiller: 1 pump

∆TSP,Cool PID control 5 ◦C

Chiller
NumSP,Chiller On/Off control Load-based control

TSP,Chiller PID control 6 ◦C

Chilled water pump
NumSP,Pump,Chi On/Off control 1 chiller: 1 pump

∆TSP,Chilled PID control 7 ◦C

AHU
TSP,SuAir PID control 17 ◦C

TSP,Indoor PID control 27 ◦C

* In the table, “1 chiller: 4 cooling towers” means the cooling towers are controlled by interlock, when one chiller
is on, four cooling towers will be turned on.

4.2. Experimental Configuration

To comprehensively and accurately verify the effectiveness of the improved offline
optimization framework, we constructed a simulation validation platform. The supervisory
control is calculated by Python modules, while the dynamic operation process of the HVAC
system is simulated by Modelica, thereby reflecting a more realistic control process of the
system and the operating status of each device. The building’s thermal dynamic model is
constructed using EnergyPlus to achieve the most realistic feedback of indoor temperature
and humidity. Different simulation tools are connected based on the FMI protocol [43].

On this validation platform, we aim to verify two aspects:

• Can the proposed method for constructing the training dataset in this paper support
the offline optimization scheme and possess high computational efficiency?

• How does the number of clusters in the dataset acquisition stage influence the perfor-
mance of system optimization, and can the verification included in the second section
effectively reflect this influence?

To achieve this, we have designed experimental schemes as shown in Table 3, which
were simulated for the same period of time (a complete cooling season from 1 May to
1 October) in the same meteorological boundaries (using typical year weather files) to
compare the performance of different control strategies.

Complex optimization problems lead to higher verification and demonstration costs,
and are not conducive to explaining the results. Therefore, each optimization group only
optimizes 5 control variables: TSP,Chiller, NumSP,Chiller, ∆TSP, Chilled, ∆TSP, Cool , and TSP,Tower,
while other setpoint values are kept the same as the original values. The coexistence
of discrete and continuous optimization variables ensures the representativeness of the
demonstration. In the implementation process, to ensure the validity of the comparison,
all experimental groups were configured with the same optimization algorithm (GPS-PSO
optimization algorithm [42], the parameters were set as shown in Appendix A) and the
same descriptive model (Figure 8). In addition, the impact of differences between the
descriptive model and the actual system on the control effect is not the focus of this paper,
so the HVAC system-side descriptive model used in the verification platform is consistent
with the model used in the optimization.
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Table 3. Experimental design.

Strategy Source Literature Detailed Explanations

Baseline Strategy (Base) - Use the original setpoints in the design data

Optimization Strategy 1
(Opt_A) [17,19,34]

Use the time series of the full cooling season as the
boundary and as a virtual scenario for sequential
optimization simulation, and the control interval is
chosen as 30 min

Optimization Strategy 2
(Opt_B) -

Use the method mentioned in Section 2 (the
number of clusters are selected as 400, 350, 300, 250,
200, 150, 100, 80, 60, 40, 20). The number of clusters
is marked after the name for ease of writing
(e.g., the optimization group 2 with the number
of clusters 400 will be written as Opt_B_400)

Optimization Strategy 3
(Opt_C) [38]

Using the orthogonal grid generation method to
generate operational scenarios, where the grid
interval is selected in the following way:

• Outdoor dry bulb temperature: In 2 ◦C
intervals, from 16 ◦C to 36 ◦C

• Outdoor relative humidity: In 20% intervals,
from 10% to 90%

• Cooling load ratio: In 5% intervals, from 5%
to 100%
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5. Results and Discussion

In this section, the validation results based on the research case are presented. The
results are divided into three parts. Part 1 (Section 5.1) demonstrates the performance of
the existing offline optimization scheme after applying the method for constructing the
training dataset described in this paper. Part 2 (Section 5.2) compares the validation results
of different optimization strategies to demonstrate and explain the efficiency of the method
proposed in this paper. Part 3 (Section 5.3) shows the impact of the number of clusters
on the final optimization and control performance, and it is used as a basis to explain the
rationality of the validation process.
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5.1. Optimized Control Effect Analysis

Satisfying the indoor cooling load demand is the prerequisite of optimal control,
and to meet this prerequisite, we first analyzed the effect of indoor temperature and
humidity control. We compared the offline optimization scheme with 400 clustering
numbers (Opt_B_400) and the baseline strategy (Base), and Figure 9 shows the statistical
results of indoor temperature and humidity distribution under the two schemes. The
gray lines connect the temperature and humidity values of the two schemes at the same
time points, and the slope of the lines can be used to judge the temperature and humidity
changes for different schemes. It can be seen that throughout the cooling season, both
the Base and Opt_B_400 groups exhibit similar indoor temperature and humidity control
effects. The indoor temperature is controlled at around 27 ◦C for most of the time, and
the relative humidity is controlled below 70%. The temperature and humidity values of
the two schemes at the same time points are almost identical, indicating that the offline
optimization scheme achieved the goal of indoor temperature and humidity control after
applying the training dataset acquisition method proposed in this paper.
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Figure 9. (a) Comparison of room temperature under two strategies; (b) Comparison of indoor
relative humidity under two strategies. (In the figure, red represents the use of Opt_B_400 scheme,
blue represents the use of Base scheme).

Reducing energy consumption is a primary goal of optimal control. Figures 10a and 10b,
respectively, show the real-time power distribution and cumulative energy consumption
of the two schemes, where the gray lines reflect the real-time power difference of the
two schemes. From the figure, it can be observed that the gray lines connecting the Base
group and the Opt_B_400 group show a downward trend. In terms of cumulative energy
consumption, except for the cooling towers, the energy consumption of other equipment in
the Opt_B_400 group is also lower to some extent. Additionally, calculations show that the
Opt_B_400 group reduced overall energy consumption by 12.14% compared to the Base
group. These pieces of evidence demonstrate that the method for acquiring the training
dataset described in this paper can support the offline optimization framework to achieve
the goal of reducing energy consumption.
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5.2. Analysis of the Efficiency in Dataset Acquisition

Improving calculation efficiency of the optimization is the main research goal of this
paper. Therefore, we compared the results of different optimization group to demonstrate
the efficiency improvement of the pro-posed method. To ensure the completeness of
the results, we calculated the energy saving rate, temperature setpoint non-guaranteed
duration, and the computing time of offline optimization for each scheme. The energy
saving rate is calculated based on the baseline strategy (Base), and when counting the
non-guaranteed hours (when the room temperature control deviation is greater than 0.5 ◦C
or relative humidity is above 70%), the non-guaranteed conditions shorter than 15 min were
excluded to avoid errors caused by normal fluctuations. Table 4 shows the final results.
The proposed method significantly reduces the workload in the strategy formulation phase
compared to existing virtual scenario construction methods, thus achieving less computing
time. At the same time, the energy saving rate has not changed much, and there is even
some improvement in some scenarios (a decrease of only 0.44% compared to Opt_A, an
increase of 0.12% compared to Opt_C). In addition, the non-guaranteed duration remains at
a low level. These results demonstrate the efficiency improvement of the proposed method.

Table 4. Summary of simulated optimization results.

Strategy Energy-Saving Rate Non-Guaranteed Hours Calculation Time/
Number of Optimizations Runs

Opt_A 12.06 % 5.9207 h 20.6106 d/5391 reps
Opt_C 11.50 % 8.2602 h 3.86439 d/1100 reps

Opt_B_400 11.62 % 7.0561 h 1.41498 d/400 reps

To better illustrate the efficiency of our proposed method and explain the reasons for
the above results, we selected a typical day (20 July) from the entire cooling season for
analysis. On this day, Opt_A and Opt_B_400 showed similar energy-saving effects (with
energy-saving rates of 12.76% and 12.28%, respectively), but Opt_B_400 required 35% fewer
optimization cycles than Opt_A (reduced from 48 cycles to 31 cycles), indicating that the
clustering method effectively reduced the offline optimization workload.
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Figure 11 shows the simulation optimization results for this day, where Figure 11a
displays the meteorological conditions and cooling demand, and Figure 11b shows the
variation of optimal setpoints on this day. The dark gray area in the graph represents the
fact that Opt_B_400 treats the operation scenarios during this period as similar ones and
therefore uses the same optimal setpoint for control. As can be seen from the figure, the
trend of optimal setpoints in Opt_A and the trend in Opt_B_400 are quite similar on this
day, which explains why they both exhibit similar energy-saving effects. In the dark gray
area, the operation scenarios of the HVAC system have small variation and high similarity.
The optimal setpoints in Opt_A vary within a limited range, while the optimal setpoints in
Opt_B_400 remain constant because in the Opt_B_400 scheme, similar scenarios are treated
as the same typical scenario. This also leads to the difference in the number of optimization
process executions between the two schemes.
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To investigate the effect of the clustering approach on the setpoints, we selected all the
operation scenarios represented by the dark gray area in Figure 11 from the simulated data
of the entire cooling season, and analyzed their setpoints. Figure 12 shows the composition
of the operation scenarios before and after clustering, and the changes in the optimal
setpoints under these scenarios. Part (a) shows the differences between typical operation
scenarios and the similar scenarios that the typical ones represent, while Part (b) shows the
differences in the optimal setpoints under these operation scenarios. From the figure, it can
be seen that, on the one hand, the difference between typical operation scenarios and their
similar scenarios is relatively small, with less than 1 ◦C in outdoor dry bulb temperature
and less than 3% in both the outdoor relative humidity and cooling load ratio. On the other
hand, the optimal setpoints for both types of scenarios also show certain similarities, with
the difference in optimal setpoints for continuous variables within 1 ◦C and the optimal
setpoints for discrete variables remaining consistent.
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ones represent).

Finally, we analyzed the energy saving reduction caused by the changes in setpoints,
and the results are shown in Figure 13. It can be seen that for these operation scenarios, the
reduction in energy savings caused by using constant setpoints calculated from a typical
operation scenario is limited (ranging from 0.02% to 1.02%) compared to optimizing each
operation scenario individually with its corresponding optimal setpoints. In some operation
scenarios (Scenario 7 and 8), there are even cases where Opt B has higher energy savings
than Opt A, which is due to the local optima caused by the uncertainty of solution errors
in the algorithm. Such results further demonstrate that reducing the number of operation
scenarios does not have a significant impact on energy savings, which also confirms the
validity of the method described in this paper.
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5.3. Analysis of the Rationality of Evaluation Metrics

In the method for acquiring the training dataset described in this paper, more clusters
mean more operation scenarios to be optimized, which can be beneficial for better results,
but meanwhile, it also leads to longer calculation time for generating the training dataset.
Selecting an appropriate number of clusters is crucial to improving the efficiency of dataset
formulation, therefore, this paper added a verification step to the virtual scenario generation
method to pre-judge the rationality of the number of clusters. To verify the effectiveness
of this step, this section tests different number of clusters based on the case described
in Section 4.

Figure 14 shows the test results, where Figure 14a presents the evaluation metrics calcu-
lated using the evaluation method described in Section 2, while Figure 14b shows the execu-
tion performance obtained through simulated operation on the virtual validation platform.
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Firstly, for the dataset acquisition efficiency, there is a certain correlation between the
Eff index (proportion of efficient optimization scenarios) and the calculation time. As the
number of clusters increases, the Eff decreases and the calculation time increases. Secondly,
for the indoor environment control effect, the Sta index (proportion of non-detailed sce-
narios) has a strong correlation with non-guaranteed hours throughout cooling season.
As the number of clusters increases, the Sta gradually increases, and the non-guaranteed
duration decreases, with both of their slopes showing a decreasing and stabilizing trend.
Finally, for the evaluation of the system energy-saving effect, the change in the ESR index
(average of the deviations from the optimal settings for similar scenarios) and the change
in energy-saving rate throughout the full cooling season show a certain similarity. As
the number of clusters increases, the former gradually decreases and the latter gradually
increases, and both of their slopes gradually decrease.

These phenomena confirm the effectiveness of the validation process described in this
paper. When virtual validation platforms are not available, the validation process included
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in this method can effectively evaluate the training dataset. This is undoubtedly good news
for the specification of optimization strategies.

In addition, in Figure 14, we have marked the corresponding indices of the opt A group
in the upper right corner. It can be seen from the figure that although the computational
efficiency of the proposed method may decrease when the number of clusters is selected
to be large, it still maintains higher than that of the opt A group while ensuring a similar
energy-saving rate. Therefore, in engineering applications, choosing the number of clusters
as many as possible is an effective way to ensure the quality of the dataset.

6. Conclusions and Future Work

In this paper, we proposed a method of acquiring the training dataset to accelerate
the process of generating optimal control strategies. The main idea is to avoid the ineffi-
cient optimization problem caused by similar scenarios when constructing the operation
scenarios to be optimized. Therefore, we applied the clustering technique to process the
operation scenarios. Additionally, we introduced a validation step to help designers to
pre-evaluate the dataset’s quality before dataset formulation.

We built a virtual simulation platform to test the proposed method in the case study.
Compared to the standard method that uses the time-series data of the full cooling season
as complete operation scenarios, the proposed method resulted in a 93.13% reduction in
computing time with only a 0.45% loss in energy savings, demonstrating a significant
improvement in the efficiency during dataset acquisition. The effectiveness of the valida-
tion step in this method was demonstrated by testing with different number of clusters.
Additionally, quantitative results show that we can choose as many clusters as possible
when using the methods described in this paper, which, although sacrificing some compu-
tational efficiency, can better support the development of the training dataset and lead to
an increase in the quality of the dataset.

To the best of the author’s knowledge, there are few studies on the acquisition of
training datasets for the optimal control strategy generation process for HVAC systems.
This research demonstrates the importance of this process for strategy extraction. However,
this paper only analyzes and optimizes a relatively simple system, which has certain
limitations. For the training dataset acquisition method, the following issues are worth
further investigation in future studies:

1. This paper only considers the operation optimization of systems without energy
storage where the temporal correlation between operation scenarios does not need to
be paid much attention. However, when energy storage devices are involved, how to
consider the temporal correlation between operation scenarios becomes a major issue.

2. The generation of the simulated operation scenarios to be optimized proposed in this
paper is based on deterministic meteorological boundaries and occupancy patterns
provided in design documents. However, in practical engineering, such information
is often uncertain. Therefore, it is important to investigate how the differences be-
tween actual and design information impact the acquisition of the training datasets,
especially when dealing with uncertain boundaries.
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Nomenclature

Nomenclature Description
TOut Outdoor dry-bulb temperature (◦C)
PhiOut Outdoor relative humidity (%)
Qload Cooling load ratio (with maximum load as 100%) (%)
∆TSP, Chilled Setpoint of temperature difference between supply and return chilled water (◦C)
∆TSP, Cool Setpoint of temperature difference between supply and return cooling water (◦C)
TSP,Chiller Chiller outlet temperature setpoint (◦C)
TSP,Tower Cooling tower outlet temperature setpoint (◦C)
TSP,SuAir AHU supply air temperature setpoint (◦C)
TSP,Indoor Indoor temperature setpoint (◦C)
NumSP,Chiller Number of chillers in operation
NumSP,Tower Number of cooling towers in operation
NumSP,Pump,Con Number of condenser water pumps in operation
NumSP,Pump,Chi Number of chilled water pumps in operation

Appendix A. Setting Parameters of the Optimization Algorithm

Parameters Value Parameter Value

Algorithm GPSPSOCCHJ CognitiveAcceleration 2.7
NeighborhoodTopology vonNeumann SocialAcceleration 1.3
NeighborhoodSize 5 MaxVelocityGainContinuous 0.5
NumberOfParticle 49 MaxVelocityDiscrete 4
NumberOfGeneration 20 ConstrictionGain 0.5
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