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Abstract: To face the global energy crisis, the requirement of energy transition and sustain-
able development has emphasized the importance of controlling building energy manage-
ment systems. Reinforcement learning (RL) has shown notable energy-saving potential in
the optimal control of heating, ventilation, and air-conditioning (HVAC) systems. However,
the coupling of the algorithms and environments limits the cross-scenario application. This
paper develops chiller plant models in OpenAI Gym environments to evaluate different RL
algorithms for optimizing condenser water loop control. A shopping mall in Changsha,
China, was selected as the case study building. First, an energy simulation model in Ener-
gyPlus was generated using AutoBPS. Then, the OpenAI Gym chiller plant system model
was developed and validated by comparing it with the EnergyPlus simulation results.
Moreover, two RL algorithms, Deep-Q-Network (DQN) and Double Deep-Q-Network
(DDQN), were deployed to control the condenser water flow rate and approach temper-
ature of cooling towers in the RL environment. Finally, the optimization performance
of DQN across three climate zones was evaluated using the AutoBPS-Gym toolkit. The
findings indicated that during the cooling season in a shopping mall in Changsha, the
DQN control method resulted in energy savings of 14.16% for the cooling water system,
whereas the DDQN method achieved savings of 14.01%. Using the average control values
from DQN, the EnergyPlus simulation recorded an energy-saving rate of 10.42% compared
to the baseline. Furthermore, implementing the DQN algorithm across three different
climatic zones led to an average energy savings of 4.0%, highlighting the toolkit’s ability to
effectively utilize RL for optimal control in various environmental contexts.

Keywords: reinforcement learning; chiller plant; OpenAI Gym; AutoBPS; optimal control

1. Introduction
The buildings and construction sector accounts for 32% of global energy consumption,

making improvements in energy efficiency crucial for mitigating the global energy crisis [1].
However, improving energy efficiency through conventional approaches, such as code
adoption and minimum performance standards, is difficult. The challenge underscores the
importance of controlling building energy management systems (BEMS) [2]. The optimal
control of HVAC plays a critical role in advanced BEMS, as the end-use consumption
for HVAC systems accounts for 50% of building operational energy [3]. For large-scale
commercial buildings, more than 50% of the energy consumed by HVAC systems is concen-
trated in the chiller plant systems. As the facilities are designed according to peak building
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load but always operate under partial load, the chiller plant system usually operates in a
sub-optimal state [4]. Therefore, an amount of energy can be saved during the operation of
the chiller plant system. A chiller plant system consists of two main loops: a chilled water
loop and a condenser water loop, including core components such as chillers, water pumps,
and cooling towers. The condenser water loop significantly impacts the overall operation
energy cost of the chiller plant system [5]. Maintaining optimal operating conditions for
each device in the condenser water loop is worth studying.

Different control methods were applied to optimize the control strategies of cooling
water systems, and it was found that energy and cost can be saved by controlling the
operation parameters. Adjusting the speed of cooling tower fans, varying the condenser
water flow rate, and setting the water outlet temperature of cooling towers are measures
that can be used to optimize the performance of the condenser water loop. Kim et al. [6]
explored the performance of predictive control on optimizing condenser water setpoint
temperature, and total cooling energy consumption was saved by 5.6%. Huang et al. [7]
also studied the optimization of the condenser water setpoint temperature of the cooling
water system. Model predictive control (MPC) was utilized for a real legacy chiller plant,
and annual energy consumption savings achieved by chillers and cooling towers were up
to around 9.67%. The performance of MPC relies on the model’s accuracy, but constructing
a complex model is full of challenges. The generalization of a built model is weak, and the
model cannot be easily used in another situation. Control methods based on data-driven
methods reduce the dependence on physical models. Wang et al. [8] applied random forest
to achieve the ground optimization of a chiller plant system and proposed a stepwise
optimization strategy. The strategy obtained an energy-saving rate of 6.41% and 13.56% on
two research days. The parameters optimized on the cooling side consisted of the cooling
water outlet temperature and the cooling water flow. Ma et al. [9] proposed a hybrid
programming particle swarm optimization (HP-PSO) algorithm to reduce the energy
consumption of cooling water systems. By adjusting the number of chillers and pumps, the
water mass flow rate of a single pump, and the air mass flow rate of the cooling tower, the
energy consumption of the cooling water system was reduced by 15.3% compared with
the rule-based constant temperature difference optimization. However, these data-driven
control approaches require quality and quantity of historical data. Reinforcement learning
(RL) is a model-free control method that does not depend on an accurate model and has
low requirements for historical data and prior knowledge. It is suitable for optimizing the
control of building energy systems. Qiu et al. [10] studied the performance of RL in a chilled
water system for a Guangzhou subway station. By adjusting the frequency of the pumps
and the cooling tower fans in the cooling water loop, the control of the chilled water outlet
temperature setpoint was realized, and the energy saving rate was stabilized to 12% after the
second applied cooling season. Fu et al. [11] proposed a Multi-Agent deep RL method for
the building cooling water system; the performance of pumps, chillers, and cooling towers
was optimized by adjusting the load distribution, cooling tower fan frequency, and cooling
water pump frequency. Compared with the rule-based control method, the RL method
showed an 11.1% improvement in energy-saving performance. Studies demonstrated that
RL performed well in the optimal control of the cooling water system.

More and more advanced RL algorithms were utilized to optimize the operation of
HVAC systems. The Q-learning algorithm is the most classic RL algorithm. Chen et al. [12]
optimized the on/off strategy of the air-conditioner and window by utilizing the Q-learning
algorithm in two residential zones. In Miami and Los Angeles, the energy consumption
saving rate compared with heuristic control reached 13% and 23%, respectively. The deep-
Q-network (DQN) algorithm is an improvement of Q-learning. In the DQN algorithm,
the traditional Q-table used for storing and updating values based on actions and states
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was replaced by a neural network. Ahn et al. [13] used a DQN method to minimize
the energy consumption of a building while maintaining the indoor CO2 concentration;
a 14.9% energy saving potential was found between DQN and baseline operation. To
overcome problems existing in DQN, such as the fact that it can only solve problems on
a discrete action space, the deep deterministic policy gradient (DDPG) algorithm was
developed. Du et al. [14] utilized the DDPG algorithm to optimally control the HVAC
system of a multi-zone residential building and verified its advantages over the DQN. Peng
et al. [15] proposed an enhanced DDPG to optimize the energy consumption predicted by
a convolutional neural network and long short-term memory (CNN-LSTM) model; they
compared the energy efficiency ratio with a proximal policy optimization (PPO) algorithm
and reached a 49% performance improvement. More RL algorithms were proposed and
used to optimize the control of building energy management systems by simulation. Fu
et al. [16] integrated MPC and twin delayed deep deterministic policy gradient (TD3) to
optimize the energy consumption of an HVAC system and demonstrated a 16% cost-saving
performance better than DDPG. These studies focused on developing more advanced
algorithms to improve the convergence speed of RL and control performance. However,
constructing advanced RL algorithms for different HVAC systems requires the researcher to
have proficient programming skills and considerable knowledge of specialized knowledge.
Moreover, the algorithms are related to the HVAC systems the researchers built, resulting
in a lack of universality for other applications.

Many open-source RL algorithms developed in other fields are accessible through
GitHub (https://github.com, accessed on 19 March 2025). Although these algorithms are
not developed for optimal control in the HVAC field, they can still simplify developing
RL algorithms in HVAC systems. Biemann et al. [17] demonstrated a way to use a library
of open-source RL algorithms for optimal control of HVAC systems. They compared the
performance of four different actor–critic algorithms (soft actor–critic (SAC), TD3, PPO,
and trust-region policy optimization (TRPO)) in the HVAC system of a data center. The
algorithms utilized by Biemann came from the Stable-Baselines3 library [18].

OpenAI Gym provides a framework for constructing an RL environment and con-
tains a collection of environments [19]. With the OpenAI Gym Application Programming
Interfaces (APIs), agents with different open-source RL algorithms can be deployed to
interact with the environment. Moriyama et al. [20] wrapped an EnergyPlus program
into an OpenAI Gym environment and used the TRPO algorithm as the agent. The data
center’s cooling system was optimized, and the controller performance obtained by RL
was 22% higher than a built-in controller. Zhang et al. [21] used the same method to con-
struct an OpenAI Gym environment as Moriyama. The RL controller was deployed for a
radiant heating system in a one-floor office building and reduced heating demand by 16.7%
compared with a rule-based controller. Arroyo et al. [22] reported a framework coupling
the OpenAI Gym environment and building optimization performance tests (BOPTEST).
A floor heating system for a single-zone residential building was chosen as the testing
case for the framework. Wang et al. [23] and Chen et al. [24] developed two platforms
based on the OpenAI Gym interactive interface to analyze and evaluate the performance
of regional H2-electricity network systems and building electric vehicle systems. These
virtual testbeds, constructed based on OpenAI Gym, provided a more convenient way
to analyze and optimize the control of BEM systems. However, most environments were
coupled with other software, such as EnergyPlus. The co-simulation during the RL training
process costs a huge amount of computing power and requires a long time for simulation.
Moreover, for the optimization of the sub-system of the HVAC system, it is not necessary
to calculate all of the operation states of a whole building.

https://github.com
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In summary, RL is an appropriate optimization control method for complex systems
such as HVAC. However, developing specialized RL algorithms for HVAC systems is a
challenge. Utilizing open-source RL algorithms to control HVAC systems is a new way, but
it usually requires co-simulation with other software, resulting in a long training cycle.

Motivated by the interactive environment framework of OpenAI Gym and the function
of the automated building performance simulation (AutoBPS) platform, this paper aims to
develop a tool that can quickly generate interactive environments for HVAC systems and
realize a simplified application of open-source RL algorithms to HVAC systems. A cooling
water system in the chiller plant system was selected as the study objective, and a toolkit
called AutoBPS-Gym was developed. Based on the building energy models generated by
AutoBPS between different building types and climate zones, interactive environments
were generated and combined with RL algorithms to test and explore the energy-saving
potential of cooling water. In addition, the developed toolkit reduces repetitive modeling
work in traditional studies on RL and effectively alleviates the computational power de-
mand in the traditional co-simulation process. Furthermore, it reduces the time consumed
in the training process of RL.

The rest of the paper is organized as follows: Section 2 describes the details of the
development of AutoBPS–Gym, including parameters of case building, physical modeling
of equipment, and related information for the environment and RL. The results of energy-
saving performance and control strategies obtained by the developed tool when optimizing
cooling water systems are demonstrated in Section 3. Section 4 discusses some shortcomings
in developing the tool, and Section 5 concludes the results achieved in this study.

2. Materials and Methods
Figure 1 illustrates the workflow of the developed AutoBPS-Gym, divided into three

parts. First, AutoBPS was used to generate building EnergyPlus models. The necessary
parameters, including temperature, hourly water flow rate, and sizing parameters of HVAC
facilities, were obtained by running the generated models. Second, an OpenAI Gym
(Gymnasium v1.1.1) environment of the cooling water system was constructed based on
these parameters. The environment comprised three main equipment: chillers, pumps,
and cooling towers. These models were used to simulate the operation of the cooling
water system, calculate energy consumption, and obtain the states. Third, agents based
on different RL algorithms were developed to interact with the constructed environment.
Control strategies were obtained by exploration in the action space according to the states
and rewards.

2.1. Building Models Generation

In this section, the tool for generating building energy models is first introduced. The
thermal performance parameters of the case building model generated by AutoBPS are
shown, and the parameters of the cooling water system in the case building are presented.

2.1.1. Modeling Tool: AutoBPS

AutoBPS is an urban building energy modeling tool developed by Hunan University,
China [25]. With four function modules—AutoBPS-GEO, AutoBPS-OSS, AutoBPS-RM, and
AutoBPS-PV—AutoBPS can be used to calculate building energy demand, realize building
energy retrofit, and explore the potential of rooftop photovoltaic. Different toolkits were
developed to expand the function of the tool. Chen et al. [3] developed AutoBPS-BIM
to transfer the building information model (BIM) to the building energy model (BEM).
AutoBPS-Param was developed by Chen et al. [26] and Xi et al. [27] to create BEMs using
building parameterized geometry data. Peng et al. [28] proposed AutoBPS-DR to integrate
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demand response strategies. Yang et al. [29] considered the user-friendliness of AutoBPS
and developed the toolkit called AutoBPS-Prototype to automatically establish prototype-
building energy models in China. With the climate zone, building type, and standard
vintage defined, AutoBPS-Prototype can generate a default prototype BEM based on a
pre-built library. This study used the AutoBPS-Param toolkit to generate a building energy
model of the typical shopping mall in Changsha.
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2.1.2. Case Study Building Model

A shopping mall in Changsha was selected as the case building to test the environment
generated by AutoBPS-Gym; the climate in Changsha is described as a hot summer and
cold winter with high humidity. This shopping mall has a footprint of 29,888 m2 and a
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net conditioned building area of 149,002.50 m2. It has two stories of parking basement
and five stories of above-ground space, with each floor having a height of 4.7 m. The
windows in the model were distributed in the bottom story and were simulated by setting
the windows-to-wall ratios (WWR) at 0.35 on the east, 0.56 on the south, 0.35 on the west,
and 0.3 on the north. Table 1 presents detailed parameters of the building envelope and
room configurations.

Table 1. Details of building parameters.

Parameters Shopping Mall

U-factor (W/(m2·K))
Exterior wall 0.59

Roof 0.38
Glass 2.50

Solar heat gain coefficient of glass 0.40

Internal load value

Room type Lights
(W/m2) Equipment (W/m2)

People
(person/m2)

Corridor 4.95 1.00 0.07
Parking 5.00 1.00 0.05
Office 11.00 20.00 0.07

Clothing 12.00 13.00 0.13
Cinema 12.00 13.00 0.20

Food 13.00 13.00 0.10
Supermarket 13.00 13.00 0.10

Entertainment 18.00 5.00 0.20

2.1.3. Cooling Water System

A central cooling water system was used to handle the cooling load from the shopping
mall building. The system consists of a water-cooled centrifugal chiller, a fan-cycling open
cooling tower, and a variable-speed pump. The period for the simulated operation of the
cooling water system lasted from 1 June to 30 September. The hourly operational status of
the cooling water system was simulated, resulting in a total of 2928 time steps. AutoBPS
automatically calculated the cooling load that needed to be handled, and the parameters of
the facilities were sized. The total energy consumption of this cooling water system during
the cooling season is 4.65 GWh, with an average building area energy consumption of
31.19 kWh/m2. The equipment models and parameters are provided in Table 2.

Table 2. Parameters of cooling water system facilities.

Parameters Value Unit

Chiller

Cooling capacity 21.80 MW
Chilled water flow rate 0.82 m3/s

Condenser water flow rate 1.10 m3/s
Coefficient of Performance (COP) 5.50 W/W

Condenser pump Water flow rate 1.10 m3/s
Power 281.21 kW

Cooling tower

Water flow rate 1.10 m3/s
Air flow rate 847.25 m3/s
Rated power 222.18 kW

Nominal capacity 29.78 MW
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2.2. Physical Model Construction

This section introduces the modeling process of the cooling water system. This study
focused on the behavior of the main plant (chiller, pump, and cooling tower), and the
auxiliary equipment and pipes in the cooling water system were simplified.

2.2.1. Chiller Model

The Department of Energy (DOE) provided the compression chiller model (COMREF)
in their building energy simulation program; the detailed chiller model can be found in
the file Engineering Reference provided by EnergyPlus. DOE models were referred to and
integrated with the framework of the OpenAI Gym to develop the chiller model.

Since the user-supplied chiller parameters are typically the nameplate parameters at
rated operating conditions, and it is not easy to operate the chiller under such conditions,
the core of the chiller model provided by DOE is the calculation of non-rated performance
using three curves: Cooling Capacity Function of Temperature Curve, Energy Input to
Cooling Output Ratio Function of Temperature Curve, and Energy Input to Cooling Output
Ratio Function of Part Load Ratio Curve. These three curves were modeled in the chiller
model shown in Figure 2, and the needed parameters were listed.
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When simulating the performance of a chiller, a factor was obtained to calculate
the available cooling capacity of the chiller under operating conditions, firstly. After
determining whether the water outlet temperature of the chiller could reach the setpoint
temperature, the energy input to cooling output ratio (EIR) under the actual operating
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condition of the chiller was calculated according to the actual water outlet temperature of
the chiller. Then, the part-load ratio (PLR) was calculated according to the actual cooling
load afforded by the chiller, and the chiller power was calculated under the simulation
condition. The compressor motor efficiency and false loading were also considered to
calculate the actual water temperature leaving the condenser. False loading is assumed to
occur whenever the PLR is below the minimum unloading ratio specified.

The chiller model was then described as a function of four input variables to calculate
the output parameters, such as the chilled water temperature leaving the evaporator and
condenser, and the energy consumed by the chiller compressor. The three curves are fitted
by empirical formulas, which can be used to calculate the power of the chiller and the
outlet temperature of the condenser.

Tchw,l , Tcond,l , Echiller = f (Tchw,e, Tcond,e, mevap, mcond) (1)

CapFTemp = a1 + b1(Tchw,ls) + c1(Tchw,ls)
2 + d1(Tcond,e) + e1(Tcond,e)

2 + f1(Tchw,ls)(Tcond,e)

EIRFTemp = a2 + b2(Tchw,l) + c2(Tchw,l)
2 + d2(Tcond,e) + e2(Tcond,e)

2 + f1(Tchw,l)(Tcond,e)

EIRFPLR = a3 + b3(PLR) + c3(PLR)2

PLR = Qevap/Qre f · CapFTemp

Pchiller =
Qre f ·CapFTemp

COPre f
· EIRFTemp · EIRFPLR

Tcond,l = Tcond,e +
Pchiller ·e f fmotor+Qevap

mcond ·Cp,cond

Echiller = Pchiller · TimeStep · 3600


(2)

where: ai to fi are the coefficients in the curve-fitting equation, Qevap is the cooling load that
needs to be disposed of by the chiller, W; Qref is the cooling capacity of the chiller under
the reference condition, W; Tchw,ls is the chilled water setpoint temperature leaving the
evaporator (between 4.44 to 8.89 ◦C, with the default value being 6.67 ◦C); Tchw,l is the chilled
water temperature leaving the evaporator (between 4.44 to 8.89 ◦C); Pchiller is the power
of the chiller in the simulation operating condition, W; COPref is the rated coefficient of
performance of the chiller; Tcond,l is the condenser water temperature leaving the condenser,
◦C; Echiller is the energy consumed by the chiller compressor, J; Tchw,e is the chilled water
temperature entering the evaporator, ◦C; Tcond,e is the condenser water temperature entering
the condenser (between 26.23 to 39.12 ◦C); mevap is the evaporator mass flow rate, kg/s;
mcond is the condenser mass flow rate, kg/s; effmotor is the motor efficiency of the chiller
compressor; and TimeStep is equal to the simulation step of EnergyPlus.

2.2.2. Pump Model

In this study, the pumps were modeled as variable-speed pumps according to the
pump model provided by DOE. The PLR primarily determines the performance of a
pump. The model constructed a function to represent the performance curve when the
pump operates under a partial load condition, and the fraction of full-load power could be
calculated with the given PLR. Figure 3 lists the pump model’s input and output parameters,
with the model’s key steps also demonstrated.

The inputs of a pump model are the water temperature entering the pump and the
mass flow rate. With the PLR calculated, the curve determines the pump’s power and shaft
power consumed. Heat generation due to pump friction was also considered, resulting in a
temperature rise between the outlet and inlet temperatures of the pump.

The pump model was described as a function of two input variables, which calculated
the water temperature leaving the pump and the energy consumed by the pump.

Twater,l , Epump = f (Twater,e, mwater) (3)
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PLR = mwater/ρwater
mv,design

FracFullLoadPower = C1 + C2 · PLR + C3 · PLR2 + C4 · PLR3

Ppump = FracFullLoadPower · Ppump,design

Twater,l = Twater,e +
Ppump ·e f fmotor ·(1−e f fpump)

mwater ·Cp,water

Epump = Ppump · TimeStep · 3600


(4)

where C1, C2, C3, and C4 are the coefficients of the empirical formula of pump performance;
Twater,l is the water temperature leaving the pump, ◦C; Ppump,design is the rated pump power
for the design of the cooling water system, W; Ppump is the actual pump power for the
operating condition, W; Epump is the energy consumed by the pump, W; Twater,e is the
condenser water temperature entering the pump, ◦C; mwater is the cooling water mass flow
rate, kg/s; mv,design is the rated volume flow rate of the pump, m3/s; Cp,water is the specific
heat capacity of water at the inlet temperature, kJ/(kg·◦C); effmotor is the efficiency of the
motor in the pump; and effpump is the efficiency of the pump.
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2.2.3. Cooling Tower Model

DOE provided three types of cooling tower models: single-speed, two-speed, and
variable-speed cooling towers. This paper constructed the cooling tower model based
on the empirical models of variable-speed cooling towers, as demonstrated in Figure 4.
The core of this model is an empirical equation that calculates the approach temperature
between the outlet water temperature and the inlet air wet-bulb temperature; it is a function
of the inlet air wet-bulb temperature, range temperature, and the flow rate ratio of liquid
and air. The initial range temperature, defined as the difference between the inlet and
outlet water temperature, was specified by users. However, whether the actual range
temperature can be achieved must be confirmed by the model iteratively. The iterative
calculators contained two toolkits; one was used to obtain the actual range temperature,
and the other was used to calculate the cooling tower fan’s corresponding air flow rate
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ratio. Once the range temperature is fixed, the cooling tower model calculates the actual
water temperature leaving the cooling tower. It can be described as four steps to simulate
the outlet water temperature:

First, the cooling tower model calculated the outlet water temperature at the maximum
fan power. If the outlet water temperature exceeded the setpoint, the fan ran continuously
at the maximum speed in the simulation time step.

If the outlet water temperature at the maximum fan power was lower than the setpoint,
the fan was turned off, and the free convection condition was considered. When free
convection could handle the cooling load transferred from the chiller, the fan remained off
during the simulation step.

If the outlet water temperature under free convection was above the setpoint, the
tower fan was turned on at minimum fan speed. If the outlet temperature was still below
the setpoint, the fan was cycled on and off to maintain the outlet water temperature.

Finally, if the outlet water temperature at minimum fan speed remained above the
setpoint temperature, the fan was turned on, and the model determined the required
airflow rate and corresponding fan speed.
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The cooling tower model was described as a function of four input variables to
calculate the output parameters, such as the water temperature leaving the cooling tower
(i.e., the condenser water temperature entering the condenser) and the energy consumed
by the cooling tower fan.

Tcond,e, Ecoolingtower = f (Tenv,wb, Tpump,l , Tcond,es, mcond) (5)



Energies 2025, 18, 2225 11 of 28

Tapproach = f (FRair, FRwater, Trange, Tenv,wb){
Tcond,e = Tenv,wb + Tapproach

Tcond,e = Tpump,l − Trange

}
→ Tpump,l − Trange − Tenv,wb = f (FRair, FRwater, Trange, Tenv,wb)

Pf an = Pf an,design · PLR f an · (FRair)
3

Ecoolingtower = Pf an · TimeStep · 3600


(6)

where: Tcond,e is the condenser water temperature entering the condenser, ◦C; Ecoolingtower is
the energy consumed by the cooling tower fan, W; Tapproach is the approach temperature
of the cooling tower (between 1.1 to 11.1) ◦C; Trange is the temperature difference between
the inlet and outlet of the cooling tower (between 1.1 to 11.1 ◦C); FRair is the flow rate
ratio of air through the cooling tower (between 0.15 to 1.0); FRwater is the flow rate ratio of
water through the cooling tower, (between 0.3 to 1.0); Tenv,wb is the ambient air wet-bulb
temperature (i.e., inlet air wet-bulb temperature) (between −1 to 26.67 ◦C); Pfan,design is the
rated fan power of the cooling tower, W; Pfan is the actual fan power of the cooling tower,
W; Tpump,l is the water temperature leaving the pump, ◦C; Tcond,es is the condenser water
setpoint temperature entering the condenser, ◦C; and mcond is the condenser mass flow
rate, kg/s.

2.2.4. Model Coupling for Cooling Water System

After the three models were developed, the facilities were coupled to each other
based on the actual connections. When coupling the models, the system obeys the energy
conservation law. The pipes among the facilities were considered ideal, and there was no
energy loss. There are several constraints in each node of the models:

• For the chiller, the cooling load supplied by the chiller’s condenser equals the demand
cooling load from the evaporator plus the load caused by the chiller’s compressor.

• The inlet water temperature of the pump is equal to the outlet temperature of the
chiller condenser.

• For the pump, the fluid enthalpy at the outlet equals the fluid enthalpy at the in-
let, plus the electrical energy delivered through the shaft, minus the energy loss
due to friction.

• The inlet water temperature of the cooling tower is equal to the outlet temperature of
the pump.

• For the cooling tower, the heat carried away by the air equals the enthalpy difference
between the water entering and leaving the cooling tower, plus the electrical energy
input to the fan.

The coupling model workflow can be seen in Figure 5. Since this paper used the chilled-
side parameters output from EnergyPlus as input for the cooling water system, the coupling
model used the chiller model as a starting point. The chiller model calculated the evaporator
outlet temperature, condenser outlet temperature, and energy consumption based on the
chilled water inlet temperature, chilled water flow rate, and the initial condenser water
inlet temperature read from the Comma Separated Values (CSV) input file; the condenser
outlet temperature was used as the water pump inlet temperature, and the pump outlet
temperature and pump energy consumption was calculated using the condenser water
pump model; the pump outlet temperature was passed to the cooling tower as inlet
temperature and input into the cooling tower model. The actual outlet temperature and
energy consumption were calculated based on the temperature setpoint of water leaving
the cooling tower. The cooling tower outlet temperature output from the cooling tower
model would be used as the condenser inlet temperature in the next time step, which
would be input into the chiller model for cycle calculation.
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2.3. Reinforcement Learning

RL learns through interaction with the environment via a trial-and-error process. This
interaction involves observing the environment’s state and applying control actions to
influence it. Each trial yields a reward, which provides feedback on whether the chosen
action suits the given environment. The goal of an RL agent is to maximize its expected
cumulative reward over time [30]. It is crucial to define key components of the algorithm,
such as the state, action, reward function, and hyperparameters. This section introduces
these fundamental elements in detail.

2.3.1. State Space

The state space is used to store the variables that represent the state of the environment.
Agents observe states of the environment according to the state space. It contains the
parameters from the external environment and parameters calculated by the OpenAI
Gym environment.

The choice of state determines the reliability of the final strategy obtained by the
algorithm. If all the parameters affecting energy consumption are included as state pa-
rameters, the RL algorithm can find the optimal strategy through sufficient trial and error.
However, the state cannot be described completely, and typically, a few parameters that
have the greatest influence on energy consumption are selected as states to simplify the
study. Therefore, this paper selects seven parameters closely related to energy consumption
as state parameters: water temperature entering and leaving the evaporator, evaporator
water mass flow rate, outdoor air wet-bulb temperature, water temperature entering and
leaving the condenser, and condenser water mass flow rate. The range of these parameters
is presented in Table 3.
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Table 3. State space.

State Value Range Unit

Outdoor air wet-bulb temperature (15~30) ◦C
Water temperature entering the evaporator (10~20) ◦C
Water temperature leaving the evaporator (6~8) ◦C
Water temperature entering the condenser (15~35) ◦C
Water temperature leaving the condenser (15~40) ◦C

Condenser water mass flow rate (0~1300) kg/s
Chilled water mass flow rate (0~1300) kg/s

2.3.2. Action Space

The actions are controllable variables that influence the performance of the controlled
system. The following actions for the cooling water system were defined: the approach
temperature setpoint and cooling water mass flow rate. The approach temperature setpoint
is the difference between the condenser water inlet temperature setpoint and the outdoor
air wet-bulb temperature. It controls the outlet temperature of the cooling tower, which
can be adjusted by indirectly controlling the frequency of the cooling tower fan. The RL
algorithms search for an optimal setpoint temperature between 1.5 and 5.0 ◦C at each time
step, with a modification step of 0.5 ◦C. The controlled cooling water mass flow rate is the
total mass flow rate of the cooling water system, which affects the energy consumption of
the pump and the operation of the chiller and the cooling tower. The minimum mass flow
rate is limited to 30% of the rated mass flow rate of the cooling water system, and the agent
makes decisions with a 10% modification step. The range of these actions is presented in
Table 4.

Table 4. Action space.

Action Value Step Unit

Approach temperature setpoint (1.5, 5.0) 0.5 ◦C
Cooling water mass flow rate ratio (30%, 100%) 10% -

2.3.3. Reward Function

The reward is the criterion for evaluating a control strategy in RL. The learning process
is to get the maximum reward. Therefore, how to define a reward function is crucial. In this
paper, the purpose was to reduce the energy consumption of the controlled cooling water
system. As a result, the reward function contained the energy consumption of cooling
water facilities. However, using only energy consumption as a reward function can cause
the RL agent to over-pursue low energy consumption and ignore the demand of the user
side, leading to an irrational control strategy. The difference between the cooling load on
the supply and the demand side was introduced as a penalty to weigh the effect of the
control action on energy reduction against the effect of not meeting the demand.

reward = −(Echiller + Epump + Ecoolingtower)− punish
punish = Qtarget −Qmet

Qtarget = cmevap∆(Tchw,e − Tchw,l,setpoint)

Qmet = cmevap∆(Tchw,e − Tchw,l)

 (7)

where Qtarget is the cooling load that needs to be met in the evaporator according to the
user demand side, W; Qmet is the cooling load met by the cooling water system after being
controlled by the RL algorithm, W; Tchw,l,setpoint is the setpoint temperature of the chilled
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water leaving the evaporator, ◦C; and c is the specific heat capacity of the chilled water inlet
temperature, kJ/(kg·◦C).

2.3.4. Hyperparameters

Since the control actions in the developed environment were discrete, algorithms de-
signed for continuous action control, such as DDPG, were unsuitable for this study. Unlike
DDPG, DQN and Double Deep-Q-Network (DDQN) leverage a value-based approach,
which is better suited for discrete control problems. Therefore, DQN and DDQN were
employed as agents for optimizing the control of the cooling water system.

Both algorithms were trained under identical hyperparameter settings to compare
their feasibility in calling the developed environment, as shown in Table 5. The selected
hyperparameters were tuned based on empirical experiments and prior research. The
training process spanned 5000 episodes, with an epsilon–greedy exploration strategy that
decayed from 1.0 to 0.001 through an exponential decay method to balance exploration and
exploitation. A discount factor (Gamma) of 0.99 was used to prioritize long-term rewards.
A batch size of 48 was chosen to balance computational efficiency and training stability.
At the same time, the maximum step count of 2928 was set based on the total number of
training steps from 1 June to 30 September in each hour. Experience replays and a target
network enhanced learning stability and prevented Q-value divergence. All episodes in
which the cooling water system’s energy consumption decreased during training were
recorded for further analysis. This facilitated a detailed comparison of the two algorithms
regarding optimization speed and overall effectiveness.

Table 5. Default hyperparameters in both algorithms.

Hyper-Parameters Value Hyper-Parameters Value

Gamma 0.99 Learning rate 0.001
Train episodes 5000 Maximum step 2928
Epsilon start 1.0 Epsilon end 0.001

Memory capacity 2928 Batch size 48
Hidden layer 2 Hidden dimension 64

2.3.5. Deep-Q-Network and Double Deep-Q-Network

Among the various algorithms for RL, Q-learning is a simple value iteration algorithm
that learns the optimal strategy by estimating the state-action value (Q value). The Q value
is calculated through a Q function and stored in the Q-table in Q-learning.

Q(st, at) = Q(st, at) + α(rt + γmax
a′

Q(st+1, a′)−Q(st, at)) (8)

where st, at, and rt represent the state, action, and reward at the t step; γ is the discount
factor representing the importance of the reward in the future; and α is the learning rate
that decides the weight for updating the network.

The Q-table is limited when applying higher dimensions or continuous state spaces.
Deep learning and Q-learning were combined to expand the application scenarios of Q-
learning, leading to the development of DQN. The DQN algorithm replaces the Q function
with a deep neural network and performs value iteration by updating the parameters of
the neural network. These parameters are represented as θ in the following equation:

θ ← θ + α(rt + γmax
a′

Q(st+1, a′; θ−)−Q(st, at; θ)) (9)
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However, the maximum Q value is estimated by the Q-network in DQN, which may
be overly optimistic, leading to an overestimation of the Q value in the learning process.
DDQN is proposed to reduce this overestimation. DDQN uses two neural networks
(Q-network and Target Q-network) to select the action and estimate the Q value.

θ ← θ + α(rt + γQ(st+1, argmax
a′

Q(st+1, a′; θ); θ−)−Q(st, at; θ)) (10)

where argmax
a′

Q(st+1, a′; θ) is the selected action by the Q-network according to the Q-value.

3. Results
This section introduces the research results of this paper. Firstly, the accuracy of the

OpenAI Gym cooling water system environment is explained. Then, the performance of
the optimized control of the cooling water system environment by the DQN algorithm is
demonstrated. In addition, the difference in the control performance of the two algorithms,
DQN and DDQN, is compared. Finally, the control performance of the DQN algorithm is
compared in different climatic zones.

3.1. Validation of the OpenAI Gym Environment Model Accuracy

According to [31], the model accuracy of the cooling water system environment
developed based on the OpenAI Gym can be verified through the “Comparison to other
models” method. This paper used the EnergyPlus model generated by AutoBPS to validate
the simulation results.

The energy consumed by the cooling water system model was verified when the
control variables were the same as the EnergyPlus model. The approach temperature was
set to 3 ◦C, and the condenser water flow rate ratio remained at 100% of the rated water
flow rate (1085 kg/s). Figure 6 shows the results for 1 July. The solid line represents the
results of the EnergyPlus simulation, while the dotted line represents the results from the
environmental model calculation. As seen in the figure, there is almost no difference in the
energy consumption results of the chiller and water pump, although there is a slight error
in the results of the cooling tower model.
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To calibrate the model error rate, the hourly energy consumption of each model of
the cooling water system was evaluated using two metrics: the normalized mean bias
error (NMBE) and the coefficient of variation of the root mean square error (CVRMSE). The
equations are shown in Equations [11] and [12], where y is the energy consumption result
calculated by the Gym models, ŷ is the EnergyPlus simulation results, y is the average
hourly energy consumption for the cooling season, and n is the number of simulated
cooling season hours.

NMBE(y, ŷ) = ∑ (yi − ŷi)

(n− 1)× y
× 100 (11)

CVRMSE(y, ŷ) =

√
∑ (yi−ŷi)

2

(n−1)

y
× 100 (12)

ASHRAE Guideline 14 provides limit values for these metrics for different scenarios,
generally specifying that the NMBE should not be higher than 5% and the CVRMSE should
not be higher than 15%, or the perceived accuracy of the model may be unconvincing.

The results of the accuracy validation of the equipment energy consumption data,
calculated by the Gym model compared to the energy consumption results from the
EnergyPlus simulation, are shown in Table 6.

The NMBE of the three types of cooling water system equipment is less than the
limit value of 5%, and the CVRMSE of the chiller and pump is less than the limit value
of 15%. However, the CVRMSE value of the cooling tower is higher than 15%, which
indicates a certain degree of error in the simulation process between the calculation model
of the cooling tower and the calculation model of EnergyPlus. From the overall energy
consumption of the cooling water system, the energy consumption of the chiller and the
cooling water pump is the main part, accounting for about 95% of the energy consumption
of the system. In contrast, the energy consumption of the cooling tower accounts for a
smaller part of the system, accounting for only about 5%. The existence of errors in the
simulation of the entire cooling water system has a small impact on the simulation error.
After calculating the energy consumption of the cooling system, the model shows an NMBE
of 0.81% <5% and a CVRMSE of 1.65% (<15%), which shows that the accurate performance
of the constructed Gym environment model is convincing.

Table 6. Cooling water system model accuracy validation results.

Equipment Model NMBE CVRMSE

Chiller 0.01% 0.79%
Pump −0.43% 0.46%

Cooling tower 4.55% 25.28%
Cooling water system 0.81% 1.65%

The energy consumption during the cooling season, as simulated by the environment
model and EnergyPlus, is shown in Figure 7. The energy consumption of the cooling
tower in the cooling season simulated by EnergyPlus was 0.22 GWh, while the total energy
consumption calculated by the model was 0.21 GWh, and the error of the chiller energy
consumption was 4.76%. The energy consumed by the chiller and pump was kept at
the same level between the EnergyPlus and the environment model, at 3.60 GWh and
0.83 GWh, respectively. Considering the total energy consumption of the cooling water
system in the cooling season, the EnergyPlus simulation result was 4.65 GWh, while the
model’s calculation was 4.64 GWh, with an error of 0.15%.
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cooling season.

With the verification completed, the error generated by the energy consumption
calculation of the developed cooling water system environment model was within an
acceptable range. Therefore, the results of the environmental calculation were used as the
benchmark to compare and analyze the optimization effects of the two RL algorithms.

3.2. Optimization Results Using the DQN Algorithm

DQN was first used as an RL agent to interact with the developed environment model.
By analyzing the energy consumption and distribution of control actions between different
training episodes, the optimization performance of DQN was demonstrated in this section.

Figure 8 illustrates the optimization process of DQN during the training episodes. The
greedy factor was set as a decay function of the exponential function, starting at 1.0 and
decreasing gradually to 0.001 with optimization. At the beginning of optimization, the
energy reward concentrated near the maximum value (4.26 GWh). With the high epsilon
value at the beginning of training, the agent explored the control action space more to learn
about the energy-saving effect of different actions. As epsilon gradually decreased, the
energy reward exhibited a clear downward trend, though the rate of decrease slowed over
time. The agent gradually completed exploring and began optimizing the control actions
using the learned experience in each step. The minimum energy consumption was reached
when the epsilon was close to 0.001. After 4000 episodes, the energy reward had reduced
from 4.26 GWh to 3.99 GWh. However, in the final 1000 episodes, the agent could not
discover a more effective control strategy, suggesting that the optimization process had
reached a plateau.
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To investigate the energy-saving potential of the DQN algorithm during the cooling
season, the energy consumption of the cooling water system was analyzed during the
optimization process. The cooling season spanned from 1 June to 30 September. A total of
47 episodes with reduced energy consumption were recorded in the training process. For a
more intuitive presentation, 10 episodes were selected, among which the first 5 episodes
were in the first 2000 episodes, representing the initial stage of the training, while the last
five represented relatively convergent episodes. The selected indexes of episodes were 0,
150, 423, 858, 1982, 2223, 2989, 3031, 3425, and 4008. The energy consumption of the chiller,
cooling tower, and pump in these episodes was counted and shown in Figure 9.

At the start of optimization, the agent fully explored the control actions in the ac-
tion space. The energy consumption of the cooling water system was 4.26 GWh, which is
0.38 GWh lower than the baseline calculation. As the optimization process continues, the en-
ergy consumption of the cooling water system progressively decreases. After 4008 episodes,
the energy consumption has been reduced to 3.99 GWh. Compared with the baseline model,
the energy-saving rate increased from 8.19% to 14.16%. Further analysis of the energy
consumption of each facility in the cooling water system revealed the following: The energy
consumption of the cooling tower showed a continuous decreasing trend, from 0.2 GWh to
0.12 GWh, which means that in each selected episode, the control strategy had a positive ef-
fect on the operation of the cooling tower. The energy consumption of the condenser pump
decreased sharply from 0.35 GWh to 0.16 GWh in the first 2000 episodes, while the energy
consumption of the chiller increased from 3.71 GWh to 3.76 GWh. The decrease in energy
consumption of the water pump and cooling tower came at the expense of an increase in the
cooling machine’s energy consumption. After 2000 episodes, the agent used its experience
to gradually balance the energy consumption between the chiller and the pump, eventually
returning the chiller’s energy consumption to the initial level of 3.71 GWh. Although the
energy consumption increased compared with the baseline model of 3.60 GWh, the energy
consumption of the pumps and cooling towers had improved significantly.
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To demonstrate the tendency of the DQN algorithm to select actions during the training
process, the distribution of control actions in each episode is analyzed. The percentage
distribution of the control action situation is shown in Figure 10. The color depth in the table
represents the selection frequency of different control actions in different training episodes,
and the deeper the color is, the more times the action is selected in the corresponding
episode. Based on the previous analysis of energy consumption change, the reasons for
the change in control action and its influence on energy consumption optimization were
discussed. In the early stage of training (episodes 0–858), the approach temperature and
water flow rate ratio selection frequency were scattered uniformly in the action space.
DQN was in the exploration stage, and the influence of different control strategies on
energy consumption had not been effectively judged. In the middle of the training period
(episodes 1982–2989), the selection frequency for approach temperatures of 2 ◦C and
3 ◦C increased significantly (up to 26–29%). The selection frequency for low flow ratios
(0.3 to 0.5) increased significantly, especially in episodes 1982 and 2223. This indicates that
DQN begins to learn that a lower approach temperature helps to reduce the condensing
pressure and improve the operating efficiency of the chiller. In contrast, a lower cooling
water flow can reduce the pump’s energy consumption without significantly affecting the
cooling effect, thus reducing the system’s total energy consumption. At the later stage of
training (episode 3031–4008), the approach temperature setting was stabilized at about
2.5 ◦C, while the flow ratio of 0.3 to 0.5 was still the main choice. It is worth noting that
the selection of some high approach temperatures and high flow ratio control actions still
exist, which may be due to the following reasons: (1) Under some low-load conditions,
appropriately increasing the approach temperature can reduce the energy consumption of
the cooling tower, thereby improving overall energy efficiency. (2) During some periods of
high load, DQN still selected a flow ratio of 0.6–0.7 to optimize the overall system’s energy
efficiency. (3) DQN tried other options at some exploratory steps to prevent falling into
local optimality.

The details of control actions selection and energy consumption during the 24 h on
July 1 were analyzed to study the impact of the approach temperature and condenser water
flow rate. The control actions of four episodes and the baseline model were demonstrated.
Figure 11 shows the control actions of each episode. The approach temperature ranges
from 1.5 to 5 ◦C, and the condenser water flow ratio ranges from 0.3 to 1.0. The approach
temperature in the baseline model was set to 3 ◦C, and the condenser water flow was set to
100% of the rated flow. At the beginning of the training, the agent randomly selected the
control actions in the action space with a high probability. Therefore, the control actions
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in episode 0 and episode 423 were random, and the agent chose the control actions with
significant differences per hour. With the increased training episodes, the agent gradually
reduced the probability of randomly selecting control actions and used the optimal actions
in each simulation step as the control strategy. After 2223 episodes, the greedy factor is
less than 0.05, resulting in the agent’s tendency to choose the best control action in each
simulation step. The approach temperature mainly varies between 2 and 3 ◦C, and the flow
rate ratio ranges between 0.4 and 0.6.
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The agents selected the optimal control actions under the corresponding observation
states through the neural network at every simulation step. Therefore, applying the
control strategy optimized by RL to actual engineering leads to frequent adjustments of
equipment control parameters. To avoid hourly control of the equipment, the control
strategies generated by the algorithm need to be simplified. The average value of the
control parameters was used as the actual control action to explore the energy savings of
the cooling water system under this control action.
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First, the energy management system (EMS) programs were added to the baseline
input data file (IDF) of EnergyPlus to control the flow of the cooling water system. Then,
the approach temperature was set to the average value by modifying the SetpointMan-
ager:FollowOutdoorAirTemperature field in the IDF. In this way, the baseline model was
modified, and the energy consumption of the cooling water system under this control
strategy was obtained through simulation.

The statistical analysis of control strategies generated by DQN yielded the average
values of the control actions. The approach temperature and cooling water flow rate ratio
were calculated as 2.96 ◦C and 47.12%. The energy consumption comparison is shown in
Figure 12.
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By setting a rule-based control strategy (DQN-EMS) for the cooling water system
through the EMS, the energy-saving performance of the feasible control scheme gener-
ated by DQN was demonstrated. There was a 10.29% reduction in energy consumption
compared to the baseline model, with a significant reduction in the pump’s energy con-
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sumption and an increase in the energy consumption of both the chiller and the cooling
tower. The reduction of condenser water flow is directly related to the reduction of cooling
water pump energy consumption. However, the smaller water flow increased the cost of
heat release by the chiller, so the energy consumption of the chiller compressor increased
slightly. The reduction of the temperature setpoint of the approach temperature caused
the cooling tower fan to expend more energy to release heat into the ambient air. The
overall effect was a reduction in the energy consumption of the cooling water system. The
energy consumption of the cooling tower mainly caused the difference between DQN and
DQN-EMS. Since the control strategy of DQN can adjust the action according to the state of
the cooling water system, and the simple EMS control strategy currently implemented sets
the control action to a fixed value, the adaptive control effect of the dynamic change of the
air conditioning system is not as good as that of DQN.

3.3. Comparison of Optimization Performance Across Different Algorithms

This paper aimed to develop an AutoBPS-Gym toolkit to realize the rapid generation
of an interactive environment for RL. However, there are many RL algorithms, and whether
the built environment can adapt to different RL algorithms remains to be studied. Based on
the previous study of the DQN algorithm, this section introduces the DDQN algorithm to
verify the applicability of the generated interactive environment to different RL algorithms.
In the same interactive environment generated, the DDQN algorithm was also trained for
5000 episodes to compare with the DQN algorithm. The convergence of the two algorithms
is shown in Figure 13.
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From the figure, it can be seen that the convergence process of DDQN is slower than
that of DQN, and the final state is difficult to evaluate whether the results have converged.
This may be because DDQN is more conservative in evaluating actions and takes longer to
explore high-quality actions, which can save more energy in the cooling water system. In
addition, DDQN is more sensitive to parameters such as learning rate and target network
update frequency. Using the same hyperparameters of DQN directly may cause unstable
updating of the Q value. The exact cause was not confirmed in this study, and further
exploration needs to be carried out in future work. In this paper, the algorithm gradually
converges, indicating that the generated RL environment can effectively interact with
DDQN and achieve certain energy-saving effects.
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The final energy consumption of the cooling water system obtained by DDQN is
close to the optimization result of the DQN algorithm. The statistical results are shown in
Figure 14. The energy consumption of the chiller is 3.75 GWh, which is 0.4 GWh higher
than DQN, while the energy consumption of the cooling tower is 0.3 GWh lower than DQN.
The energy-saving rate of the DDQN algorithm reaches 14.01%.
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The comparison of DDQN and DQN control strategies is shown in Figure 15. The
approach temperature selected by DDQN is slightly higher than that of DQN, while the
cooling water flow is lower than that of DQN. The higher approach temperature reduces
the energy consumption of the cooling tower, and the lower cooling water flow increases
the energy consumption of the chiller. The overall comparison shows that the energy
consumption of the cooling water system is close.
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3.4. Optimization Performance Across Different Climate Zones

The developed AutoBPS-Gym can generate environments in different climate zones
and building types to interact with RL algorithms for optimal control of HVAC systems.
This section takes multiple climate zone shopping mall buildings generated by AutoBPS-
Gym as a case to test the optimization of the DQN algorithm in different climate zones. The
cooling water system is usually used in the climate zone that needs cooling, according to
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the Standard of Climatic Regionalization for Architecture (GB50178-93). It mainly includes
three major climate zones: Hot Summer and Cold Winter Zone (HSCWZ), Hot Summer
and Warm Winter Zone (HSWWZ), and Temperate Zone (TZ). A total of 20 sub-climate
zones are divided into AutoBPS, seven of which can be used to analyze the optimal control
of cooling water systems. More detailed information for climate zones and representative
cities can be found in [29].

Three climate zones were selected in this study to test the performance of DQN,
HSCWZ-3A (Shanghai, China), HSCWZ-3B (Changsha, China), and HSWWZ-4A (Shen-
zhen, China). Shanghai and Changsha are located in the same climate zone, but one is a
coastal city, and the other is an inland city. Shenzhen and Changsha are cities with similar
longitudes but in different climatic zones. At the same time, to test the environment with
different numbers of cooling water equipment, we modified the generated models so that
the number of chillers and cooling towers in the cooling water system was increased to
two. The condenser water pump was modified to a variable-speed pump.

Figure 16 illustrates the comparative analysis of cooling water system energy consump-
tion between baseline models generated by AutoBPS-Gym and DQN-optimized control
strategies across three climatic zones. The baseline energy consumption in Shenzhen ex-
hibits the highest values among the three cities, with chiller, pump, and cooling tower
consumptions reaching 3.15 GWh, 0.14 GWh, and 0.41 GWh, respectively. These values
surpass those of Shanghai (2.09, 0.10, 0.31 GWh) and Changsha (2.18, 0.10, 0.31 GWh), a
phenomenon attributed to Shenzhen’s elevated cooling demand, driven by its year-round
high-temperature and high-humidity climate conditions.
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DQN-based control optimization reduced the total energy consumption of the cooling
water system in all regions. Specifically, Shenzhen achieved a 4.05% energy saving (from
3.70 GWh to 3.55 GWh), while Shanghai and Changsha exhibited reductions of 0.11 GWh
(4.40%) and 0.10 GWh (3.86%), respectively. At the component level, the pump energy
consumption shows limited optimization potential (e.g., Shenzhen: 0.14 GWh to 0.14 GWh),
primarily due to the inherent efficiency improvement from replacing fixed-speed pumps
with variable-speed pumps in the baseline model. Furthermore, the DQN algorithm
balances the trade-off between chiller and cooling tower energy consumption through
dynamic optimization of the approach temperature. This strategy results in a notable
reduction in cooling tower energy consumption (e.g., Shenzhen: 0.41 GWh to 0.20 GWh) at
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the expense of a marginal increase in chiller energy consumption (e.g., Shenzhen: 3.15 GWh
to 3.21 GWh), highlighting the algorithm’s capability to prioritize system-level efficiency
over individual component performance.

3.5. Time Consumption Between Different Ways of Utilizing the Deep-Q-Network

Before the research in this paper was carried out, an attempt at co-simulation between
Python 3.7.16 and EnergyPlus V9-3-0 was carried out. The EnergyPlus model was packaged
through the Functional Mock-Up Unit (FMU) and interacted with the DQN agent built in
Python. All simulations were performed on a computer with an 11th Gen Intel(R) Core
(TM) i7-1165G7 @2.80GH CPU and an NVIDIA GeForce MX450 GPU.

During the co-simulation process, the training time for each round of building energy
information simulation using the FMU module is about 44.3 s on average, and the total
time required is about 61 h if 5000 training rounds are to be performed. In the research
process of this paper, the training time for conducting 5000 rounds was about 11 h, with
the average training time per round being about 7.92 s. The time comparison graph of
the interaction of RL algorithms through different methods is shown in Figure 17, and
the results show that the interaction environment for generating locally optimized objects
through AutoBPS-Gym can greatly reduce the time requirement for RL training.
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4. Discussion
The current research still has shortcomings that need to be improved and further

explored in the following aspects of the follow-up research:
(a) The parameters contained in the state space may have an impact on the results of

the research. Currently, the parameters contained in the state space mainly include the flow
rate, the temperature in the cooling water system, and the outdoor wet-bulb temperature,
among others. The timestamp and electricity price of the corresponding state can be added
to the state space in the future.

(b) The current control action space contains only two control parameters, and the
segmentation of control actions is rough, so there are certain differences in the control
strategies that optimize the control distance. In addition, the current algorithm can only
solve the discrete control action space. If the control action is segmented more finely or
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increased, the action space will be too large, and the time for optimization will increase
sharply. Algorithms such as DDPG can optimize the continuous action space, and multi-
agent RL algorithms can simplify the problem of controlling multiple actions. More RL
algorithms can be implemented in future work.

(c) Currently, the feasibility study of the control strategy optimized by the RL algorithm
is tested only using the average value of control actions. A finer control strategy can lead to
higher energy savings in the actual control process. In the future, we will further optimize
our feasibility strategy study and propose a more operational control strategy for the
operation control of the cooling water system by using the AutoBPS-Gym tool.

(d) In addition, when testing the building models of different climate zones generated
by AutoBPS-Gym, due to the various modeling methods of the devices in EnergyPlus, the
device models in the current environment cannot cover all the device models. As a result,
there are still some errors in the results. In the future, we will add more device models to
the environment to ensure that errors are minimized when generating the environment.

(e) The current studies focus on optimization and testing in the virtual environment.
Although the cooling water system can produce an energy-saving effect of 14.01% in theory,
whether the control strategy can produce an effect if applied to a practical cooling water
system still needs further evaluation. In the future, we will build a scaled experiment
platform to verify the control strategy of RL and explore the possibility of applying RL
to practice.

(f) During the development of AutoBPS-Gym, the coefficients of the empirical equa-
tions of the plant models were not validated by regression, and the coefficients in Ener-
gyPlus were taken directly, which can lead to problems in the practical application of the
model. In the future, we will optimize AutoBPS-Gym’s model to achieve more accurate
cooling water system optimization.

5. Conclusions
The main research content of this paper was the development of a toolkit for AutoBPS,

which can easily build RL interactive environments for cooling water systems to interact
with open-source RL algorithms—even those not developed for heating, ventilation, and
air-conditioning (HVAC) systems. In this way, the energy-saving potential of cooling water
systems in different scenarios can be explored by RL, while reducing computational power
demands compared to co-simulation with other software.

The conclusions of this paper are as follows:

• The constructed cooling water system model was improved to have the same sim-
ulation capability as the baseline model simulated by EnergyPlus, with energy con-
sumption gaps of 0.01%, 0.43%, and 4.54% for the chiller, pump, and cooling tower,
respectively. When considering the energy consumption of the cooling water system
during the cooling season (June to September), the error decreased to 0.15%.

• The Deep-Q-Network and Double Deep-Q-Network algorithms demonstrated effec-
tive optimization results, with the energy-saving rates of the two algorithms reaching
14.16% and 14.01% in a Changsha shopping mall, where the pump is a constant
speed pump.

• The AutoBPS-Gym toolkit was employed to generate three building models in distinct
climate zones, aiming to evaluate the energy-saving potential of a cooling water system
comprising multi-chiller systems, a variable-speed pump, and multiple cooling towers.
Applying a Deep-Q-Network algorithm achieved an average energy saving rate of
approximately 4% across all three climatic regions, demonstrating the algorithm’s
adaptability to heterogeneous thermal load conditions.
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• In the co-simulation process between EnergyPlus and Python through the Functional
Mock-Up Unit, a single episode took about 44.3 s to invoke the EnergyPlus simula-
tion. In comparison, the cooling water system environment built in this paper only
took about 7.92 s to simulate in the optimization process, greatly speeding up the
optimization process.
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