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ARTICLE INFO ABSTRACT

Keywords: The control of indoor temperature in greenhouses is crucial as it directly impacts the crop’s thermal comfort and

HVAC control the performance of heating, ventilation, and air-conditioning (HVAC) systems. Conventional feedback control-

;RIESYS lers, like on/off, can sometimes make HVAC system work at full capacity when only half that capacity is needed.
ython

In contrast, the proportional-integral-derivative (PID) controller, provides precise control based on its P, I, and D

Optimization . . P o . . .

P . . parameters. However, it lacks a formal design procedure for optimizing a specified objective function. Previous
Deep reinforcement learning ) . . X . . .
Cosimulation studies have utilized conventional PID tuning approaches to track room setpoint temperature for residential

buildings, data centers, and office buildings, with limited research in greenhouse applications. To address this
gap, this study proposes a flexible PID controller that employs a deep reinforcement learning (DRL) algorithm to
optimize its parameters, by tracking the setpoints and energy consumption of a greenhouse planted with to-
matoes. This approach is different from the typical method of using the trained RL agent directly in HVAC
controls. Through a self-made TRNSYS-Python cosimulation framework, the DRL agent interacts directly and in
real time with the greenhouse and its plants. Consequently, optimized PID parameters were established and
tested in the simulated environment. The resulting performance, in terms of both energy consumption and its
ability to maintain the crop’s comfort temperature, was compared with the simulated on/off and manually tuned
PID controllers. Compared to the on/off baseline control, the proposed PID optimized parameters reduce energy
use by 8.81% to 12.99% and the manually tuned PID parameters with the Ziegler-Nichols tuning method reduce
energy use by 7.17 %. Additionally, the proposed method had a deviation of 2.07% to 3.13%, while the manually
tuned PID controller and the on/off controller had deviations of 7.27% and 3.27%, respectively, from the
minimum comfortable temperature. This study serves as a framework for improving the energy efficiency of
greenhouse HVAC system operations.

Abbreviations: BIA, Building-integrated agriculture; DDPG, Deep Deterministic Policy Gradient; DRL, Deep Reinforcement Learning; DNN, Deep Neural Network;
DQN, Deep Q-Network; e, Error; Engineering Equation Solver, EES; ESP-r, Environmental Systems Performance-Research; FCU, Fan-coil units; HVAC, Heating,
ventilation, and air-conditioning; HWP, Hot-water pipe; Kp, Derivative gain; Kj, Integral gain; Kp, Proportional gain; 1, Loss; MDP, Markov Decision Process; ML,
Machine learning; MPC, Model predictive control; NSE, Nash-Sutcliffe coefficient; PER, Prioritized Experience Replay; PID, Proportional integral differential; PSF,
Purme Social Farm; RH, Relative humidity; RL, Reinforcement learning; RMSE, Root mean square error; RMPC, Robust model predictive control; SR, Solar radiation;
TD, Temporal difference, TD3, Twin Delay Deep Deterministic Policy Gradient; TRNSYS, TraNsient System Simulation.
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M.A. Adesanya et al.
1. Introduction

The exponential growth of the human population and the seasonal
unpredictability of climate conditions have underscored the need for
controlled-environment agriculture to ensure year-round food produc-
tion and maintain optimal growing conditions for crops. This has led to
the rise of greenhouses, vertical farms, and building-integrated agri-
culture (BIA). Greenhouses, in particular, harness more of the sun’s
energy for photosynthesis and heating compared to vertical farms and
BIA (Gao et al., 2024). However, when outside temperatures exceed 30
°C or drop below 10 °C, greenhouses require heating and/or cooling
using heating, ventilation, and air-conditioning (HVAC) systems to
support crop growth (Baudoin et al., 2013).

Aside from the conventional on/off control, the proportional-
integral-derivative (PID) method is widely used in controlling HVAC
systems. In most greenhouse HVAC systems, a PID controller is already
in place, with its role being to minimize the error between the setpoint
and the measured value. The actual control effort involves multiplying
the error by a proportional gain (Kp), integrating the error by an integral
gain (Kj), and taking the derivative of the error by a derivative gain (Kp),
as depicted in Fig. 1. Achieving optimal tracking requires setting the Kp,
Kj, and Kp parameters to match the system’s dynamics through tuning.
While conventional tuning techniques have been applied in controlling
residential buildings (Ghaddar et al., 2021), offices (Copot et al., 2018;
Soyguder et al., 2009), and data centers (Durand-Estebe et al., 2013),
their application in greenhouses remains limited. Moreover, the optimal
tuning of PID gains to minimize setpoint error and energy consumption
through reinforcement learning (RL) deviates from the usual practice of
using a trained RL agent in controlling HVAC system.

Machine learning (ML), a field that has found practical applications
in various domains, is generally categorized into supervised, unsuper-
vised and RL. Each type relies on data, but the nature of the data differs.
Supervised learning, for instance, is about learning from a collection of
input-output data pairs, resulting in a mapping function that predicts
outputs for new input data. Unsupervised learning, on the other hand,
learns the underlying pattern in just input data. In between, a subtle type
called semi-supervised learning has been recognized; it is a situation
where the learning data contains little output. As for RL, its focuses on
the idea that direct stepwise interaction with the data source (usually a
Markov Decision Process (MDP)-based environment for the dynamics of
the system) to subsequently get rewards or punishments because of ac-
tions taken on the environment. Using these observed rewards, the agent
is expected to learn an optimal (or nearly optimal) policy for the envi-
ronment to produce actions that can obtain maximum benefits. In
complex domains such as agriculture, RL stands out as the most viable
method to train a policy to perform at a competitive level, even
matching human heuristics.
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Formally, RL is inherently formulated to directly interact step-wisely
with an MDP-based environment. At each step, the agent takes actions
(ay) based on the observed state (s¢) and subsequently gets a reward (ry),
thus transitioning the environment to the next state (s¢+1) (Russel and
Norvig, 2010). Using these observed rewards, the agent is expected to
learn an optimal (or nearly optimal) policy for the environment. Fig. 2
shows an overview of the RL paradigm. This policy is a rule used by an
agent to determine the best action in each state. It can be represented as
a look-up table or a universal function approximator, such as a Q-
Table or Q-Network, respectively. In either case, the Q-learning algo-
rithm is responsible for the iterative update of the policy using the
Bellman Eq. (1) which is a function of the state and action.

O(s,a) = (1 —a)O(si,a,) + a(r,(s) + ymaxQ(s.1,a)) (@€D)

where o and y are the learning rate and discounting factor that takes a
value in the range of 0 and 1, the learning rate is a hyperparameter that
is responsible for the rate at which the algorithm converges. However,
this parameter needs to be carefully selected to avoid oscillation when
it’s too large or slow convergence when too small. The discounting
factor parameter sets priority for short- or long-term reward. For
instance, setting the discounting factor to 0.99 means that the agent will
prioritize actions that lead to higher rewards in future.

Recent RL breakthrough introduces the possibility of utilising deep
neural network (DNN) as the Q — function that estimates the Q — values
end-to-end. Thus, launching the innovative area of Deep Reinforcement
Learning (DRL) (Mnih et al., 2013). DRL has proven successful in
handling a wide range of more complex and challenging tasks with high-
level inputs, like RGB image, over the Q-Table. A few of these tasks
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Fig. 2. Schematic process of RL operation.
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Fig. 1. The structure of a PID controller for greenhouse application.



M.A. Adesanya et al.

include gaming tasks (Mnih et al., 2013), autonomous driving (Kiran
et al., 2022), and robotic control tasks (Jeon et al., 2024). This success
underscores the potential of DRL in tackling complex real-world prob-
lems like in the case of Greenhouse HVAC optimisation.

While Deep Q-Network (DQN) happens to be the maiden break-
through, several derivatives have emerged afterwards, such as Dueling
DQN (Wang et al., 2016), Double DQN (Van Hasselt et al., 2016),
Rainbow (Hessel et al., 2018), Prioritized Experience Replay (PER)
(Schaul et al., 2015). But generally, the role of the DQN algorithm is to
minimize a sequence of expected loss, Lij(0;), for a Q-Network with
weight 6 as shown in Eq. (2).

Li(60;) = Eq gy o) [0 — O(s, a3 6;) )2} 2

where y; =r + y-maxa-Q(s, a; 6;_1 ), that is the TD (temporal difference)
target, and y — Q is called the TD error. p(.) represents the behavior
distribution, the distribution over transitions {s, a, r, sy, 1 } collected from
the environment. Furthermore, it also uses two major components that
significantly stabilize learning, namely, experienced replay, policy and
target network. The experience replay is a buffer memory (D) that stores
the agent’s decorrelated transitions {s, a, r, s;1} at every timesteps.
During training, instead of using just the latest transition (as in the case
of Q - learning) to compute the loss and gradient of the network,
randomly sampled transitions from the replay buffer are used. Addi-
tionally, DQN distinguishes between policy and target network. Policy
network is the main network that interacts with the environment to
select actions based on the current state, while the target network is a
snapshot of the network parameters from a few iterations ago instead of
the last iteration. Usually, it has the same architecture as the policy
network but with frozen parameters for a certain number of iterations
(Mnih et al., 2013).

Intriguing, RL agent requires direct interaction with a system to build
its state-action, thus necessitating the need to access real-time data
measurements from sensors and actuation control. Many applications of
RL in controlling HVAC systems used historical weather data after
learning from sufficient training to adjust to the prevailing climatic
conditions (Ajagekar et al., 2023; Qin et al., 2023). However, before the
RL algorithm converges, predicted actions and frequency of sensor data
reading are not always safe for real systems. Therefore, a state-space
model that accurately describes the dynamics of the physical system is
preferred.

Numerical modeling software like IDA indoor climate energy, Engi-
neering Equation Solver (EES), EnergyPlus, Environmental Systems
Performance-Research (ESP-r), MATLAB, Modelica, and TraNsient Sys-
tem Simulation (TRNSYS) software can offer alternatives for ML models,
specifically RL agents to learn about physical systems and create its
state-space model. TRNSYS, unlike others, is a dynamic simulation tool
that enables the cosimulation of complex interactions within several
simulation tools and integration of other surrogate models. The TRNSYS
simulation tool allows for modeling systems using standard library
components or user-defined nonstandard components called “Types”
that can be written in C++, FORTRAN, or Python (Ogunlowo et al.,
2022). TRNSYS facilitates the development of a state-space model for
greenhouses, employing approximation methods to represent heat flow
in various areas based on envelope properties and external weather
conditions (Rabiu et al., 2023). The major setback to using the TRNSYS
model as an RL environment is its inability to allow the RL algorithm to
perform stepwise interaction within the simulation contrary to its
uninterruptible start-to-finish configuration, abating HVAC system to
use optimized controls from RL agent.

Therefore, in this paper, we implement a framework that leverages
on an RL agent to optimize the energy consumption of a previously
validated TRNSYS greenhouse model by Adesanya et al. (2022). In using
the model as the RL environment, TRNSYS Type 3157 (Bernier et al.,
2022), which permits an event-driven Python call from TRNSYS, was
utilized to write the observation, and read the action (control and energy
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consumption). Another external Python shell wrapped the model as an
OpenAl gym (Brockman et al., 2016) environment, to read observations,
compute rewards, and write actions from the RL agent to control the
TRNSYS simulation timestep. Considering that the greenhouse air tem-
perature is a continuous variable whose value is dependent on the
operation of the HVAC system, the DQN algorithm was used in this study
to solve the fixed control problem of TRNbuild heating type manager.
The main contributions of this study include:

Presents the design and implementation of a novel PID controller in a
greenhouse equipped with an HVAC system.

e Proposes a method to vary the setpoint temperature of the TRNbuild
heating type manager based on optimized PID parameters.
Introduces an RL algorithm as a proxy to optimize PID parameters
based on action intervention from the greenhouse environment.

e Develops a method to control the TRNSYS simulation time step based
on updated control from the RL agent compared to uninterrupted
running with a fixed control.

The paper’s structure is outlined as follows: Section 2 provides a
comprehensive review of relevant literature. In Section 3, the method-
ology of the proposed architecture is delineated, beginning with the
study’s assumptions, followed by the description of the experimental
greenhouse, the cosimulation environment framework, and the statis-
tical index for model evaluation. The cosimulation environment
framework details the modelling procedure in TRNSYS, the self-tuning
procedure of the PID parameters, the adoption of the DQN algorithm,
the formulation of TRNSYS as an RL environment, the selection of ob-
servations, the setting of actions, and the formulation of the reward
function for the RL environment. Section 4 presents the simulation and
experimental results, including climate conditions during the investi-
gation period, analysis of greenhouse energy efficiency, and compara-
tive analysis of greenhouse temperature with different control methods.
Section 5 discusses the study’s insights, limitations, and future research
focus. Finally, Section 6 concludes the study.

2. Related work

Precisely controlling HVAC systems in buildings is crucial as it
directly impacts indoor air quality and energy consumption. Several
control systems strategies have been developed, for instance, the clas-
sical control like bang-bang and PID control, modern control like fuzzy
logic and rule-based control (RBC) (Brandi et al., 2020), optimal control
like model predictive control (MPC) (Drgona et al., 2020), and linear
quadratic regulator (LQR) control (Asad Rizvi et al., 2023). ML tech-
niques, such as RL, have been claiming more futuristic performance in
recent years. However, the adoption in real-world systems is limited due
to its computational demand. Hence, most real-world systems rely
heavily on classical techniques because of their low computational de-
mand, precisely, on/off and PID control.

Research has shown the possibility of getting optimized parameters
of the PID controller with artificial neural networks-based self-tuning,
as proposed by Zhang et al. (2016). Despite the simplicity and light
computational demand of PID, this tuning approach is not designed to
handle multi-objective and highly nonlinear time-varying systems like a
greenhouse with growing crops. Therefore, more robust techniques like
the MPC (Afram et al., 2017) and various types of ML techniques have
been employed. For instance, Hu and You (2022) delved into the dy-
namics of greenhouse and crop growth, considering factors like green-
house geometry, weather dynamics, and control signals, to formulate a
state-space model for MPC. Subsequently, they devise a data-driven
Robust Model Predictive Control (RMPC) framework to regulate
greenhouse temperature, without focusing on energy consumption.

In a quest to strike a balance between the already provisioned clas-
sical control and the excellent performance of ML in real-world HVAC
systems, DRL is utilized in optimal control of HVAC systems and
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scholastic works exist for the optimal control of HVAC systems with DRL
agents. Brandi et al. (2020) compared a DRL algorithm with RBC and
climatic-based logics control to attain a setpoint water supply temper-
ature to a heating system. The DRL agent reduced the total energy
consumption between 5 % and 12 % with an enhanced indoor temper-
ature control with static and dynamic deployment. Similarly, an RL deep
deterministic policy gradient (DDPG) algorithm has been reported to
efficiently minimize energy consumption in residential HVAC systems
while meeting indoor thermal comfort requirements (Gao et al., 2020;
Du, Li, et al., 2021; Du, Zandi, et al., 2021). Likewise, an asynchronous
advantage actor—critic algorithm has been employed for a data center
(Biemann et al., 2021). Addressing energy consumption and microcli-
mate conditions in the greenhouse, a Q-learning approach effectively
handled continuous action space, resulting in a 61 % reduction in energy
consumption compared to DDPG (Ajagekar & You, 2022). Seemingly,
Ajagekar et al., (2023) integrated DRL techniques for greenhouse heat-
ing system control, achieving a 57 % reduction in energy consumption
compared to MPC, RMPC, and DDPG.

Utilizing the open-source BOPTEST building optimization tool as a
virtual environment, Gao and Wang (2023) examined the performance
of model-based RL and model-free RL in controlling an HVAC system.
The model-based RL version of the two model-free RLs, DQN and actor-
critic, accelerated the learning of RL agents and achieved comparable
control performance efficiency in a shorter training time. In the same
vein, Shin et al. (2024) proposed a model-free RL control of HVAC
systems based on weather forecasting data to reduce predictive error.
They utilized a gated recurrent unit model to predict future outside
weather data and employed experience replay technique combined with
DQON for optimal HVAC system operation in EnergyPlus simulation,
resulting in a 58.79 % energy savings compared to RBC. In a study by
Qiu et al. on an energy system in the Nantong Central Innovation District
in China, an improved RL based on Twin Delayed Deep Deterministic
Policy Gradient (TD3) reduced system operating costs by 2.76 %
compared to DDPG.

Azuatalam et al. (2020) compared EnergyPlus baseline with RL for
HVAC energy reduction in a commercial building, with RL achieving a
12 % reduction in weekly energy usage. Also, Du et al. (2021) compared
the performance of RBC and a model-free DRL based on the DDPG al-
gorithm, with DDPG-based HVAC control reducing comfort violations
by 98 %. Similarly, Solinas et al. (2024) investigated three RL ap-
proaches to HVAC optimization, finding that the direct online approach
provided a reliable solution to HVAC system optimization while main-
taining thermal comfort. However, the white-box model approach
resulted in a 65 % energy consumption reduction and a 25 %
improvement in thermal comfort compared to the baseline. Seemingly,
Asad Rizvi et al. (2023) applied the Q-learning algorithm to LQR of a
multi-zone HVAC system but observed algorithm bias due to distur-
bances from unknown heat gains, light sources, occupancy density, and
outside weather variations. To address this, a lumped bias term was
developed to enhance HVAC system control.

While extensive research has been conducted on various TRNSYS
HVAC system components, the utilization of RL for precise control re-
mains relatively unexplored. For instance, Zabnieriska-Géra et al. (2021)
investigated internal and external heating systems for a low-energy
single-family building in London. Their study employed a TRNbuild
heating type manager and a PV/T system connected to an idealized
mechanical ventilation system within TRNbuild. While the internal
heating system accurately depicted the building’s annual energy con-
sumption, the PV/T system encountered difficulties in maintaining
comfortable temperatures during winter. In a separate exploratory
study, Prieto et al. (2023) modelled the thermal demand of a greenhouse
in a Mediterranean climate in southern Spain using TRNbuild. Their
energy supply system incorporated an integrated solar thermal system,
biomass, and an air-cooled absorption chiller to regulate the greenhouse
temperature for tomato cultivation.
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3. Materials and methods
3.1. Study’s assumptions

The study’s first assumption involved utilizing the TRNbuild heat
type manager to represent the HVAC system, including fan-coil units
(FCU) and hot-water pipes (HWP), installed at the experimental site.
Previously, Adesanya et al. (2024) presented the design of an optimal
HVAC system based on estimated heat loads from TRNbuild and
compared the experimental performance of the case study HVAC sys-
tems with several emission standards. However, this study advances the
building model to operate on three heating scenarios using the heating
type manager in TRNbuild. The real HVAC system to mimic the opera-
tion of the installed FCU and HWP could not be modelled in the TRNSYS
simulation interface due to the absence of a TRNSYS-type FCU model
based on manufacturers’ data (Calise et al., 2012). Nevertheless, the
TRNbuild heating type manager has proven accurate in predicting the
energy consumption of greenhouse HVAC systems (Rasheed et al.,
2022). Secondly, the use of file lock to synchronize simulation steps for
observations and actions exchange assumed that only one instance of
TRNSYS is interacting with the project environment during the experi-
ment. Finally, depending on the workload on a computer, the operating
system (OS) sets priority for program execution, potentially leading to
premature termination of some processes. We considered such OS in-
terruptions on TRNSYS as a terminal state and counted them as the end
of the episode.

3.2. Description of the experimental greenhouse

The experimental site, Purme Social Farm (PSF), is located in Ohak-
dong, Yeoju-si, Gyeonggi-do, South Korea as shown in Fig. 3 and ac-
cording to Koppen’s climate classification, the region possesses a
monsoon-influenced hot-summer humid continental climate with an
average annual temperature of 12.8 °C. To produce as much energy as
the greenhouse consumes, PSF is integrated with solar thermal collec-
tors, photovoltaic thermal collectors, heat pumps, and thermal energy
storage systems. Also, it is equipped with HVAC terminal units that
absorb thermal energy from heat pumps in the form of hot and cold
water stored in short-term thermal energy storage and separated into
two primary insulated headers: U-tube HWP and FCU. The HWP header
provides the tube rails, growing tubes, side, and rear tubes as shown in
Fig. 4. The tube rails are installed in 34 sections laterally on the ground
floor to cover the greenhouse growing area. The greenhouse has an area
of 3942 m? Farm A (2160 mz) and Farm B (1782 mz). Farms A and B are
Venlo-roofed with dimensions of 32 m x 67.5m x 7.25 m and 36 m x

Fig. 3. Aerial view of the experimental greenhouse.
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Fig. 4. Arrangement of the HVAC systems and positioning of the thermal screens.

49.5 m x 7.25 m, respectively.

To save energy, PSF was built with thermal screens and covering
materials that are good at keeping heat. Horticultural glass and a fluo-
rine film enclosed the sides and roof of the greenhouse, while retractable
horizontal (Tempa and Luxous) and vertical (Obscura) thermal screens
were installed inside the greenhouse. The white surface of the Obscura
reflects light onto the crop to promote crop growth. Tempa is used in the
summer to lessen daytime sun exposure. By diffusing and reflecting
sunlight, it reduces the heat load of the greenhouse and keeps it cool
(Rabiu et al., 2022). Luxous is a thermal screen that helps the green-
house retain a steady temperature by holding heat at night. To measure
the environmental conditions and energy consumption in the green-
house, several sensors were installed in both farms. The properties of the
installed sensors are listed in Table 1 and Eq. (3) was used to calculate
the experimental greenhouse energy consumption.

Q=mxC,x At 3
where Q is the amount of energy consumed (kWh); m is the mass flow
rate (L/min); G, is the specific heat capacity of water (kJ/kg.C), and At is
the changes in water temperature (C).

3.3. Cosimulation environment framework

3.3.1. Modelling in TRNSYS
The greenhouse modelling and simulation process involved several

Table 1
Sensor specifications.

Parameter Unit Sensor Sensor Precision
Ambient temperature °C HOBOMX1102A +0.5°C

Relative humidity % HOBOMX1102A +0.5%

Solar radiation Wm™2  CMP3 pyranometer +20 Wm 2
Water temperature °C I-sensor, PT 100 +0.3%

Flow rate LPM KFCM-1000 K-2101083-2 +0.5%

Wind speed ms 2 Clima sensor, US +5%

Wind direction degree Clima sensor, US +5%

Ambient pressure hPa PTB-220TS, VAISALA +5 hPa

steps. Initially, the greenhouse was designed in TRNSYS 3D, an add-on
of Google Sketchup, as multi-zones with 17 spans of 4 m each, a ridge
height of 0.95 m, and a roof slope of 30°. Farms A and B are represented
by two of the zones, with eight and nine spans, respectively, as shown in
Fig. 5. The entire surfaces of the zones were modeled as a window to
define the exact greenhouse material properties using the Lawrence
Berkeley National Laboratory Windows 7.7 program. The 3D model was
then imported into TRNbuild (a building interface of TRNSYS compo-
nent named Type 56) as a.idf file.

The 3D model, which was drawn in the fixed north—south direction in
Google Sketchup, was oriented 45° in the simulation studio using an
equation solver named “orientation” in Fig. 6, in order to depict the
exact orientation of the greenhouse. This orientation was linked to the
equation solver named “azimuth”, to define all the possible orientation
for external walls and windows. Since the investigated greenhouse is
located in South Korea, the setting of the hemisphere in the TRNbuild
was fixed to the Southern and all other components necessary for the
dynamic simulation are shown in Table 2. The ambient data needed for
the simulation, solar radiation (SR), temperature, relative humidity,
wind speed, and wind direction were saved in the weather data reader
(Type 9). The observed SR was measured on a horizontal surface and the
diffuse, beam, and reflected solar radiation was computed by linking
Type 9 with the solar radiation processor (Type 16) using the Reindl
et al. (1990) correlation in Eq (4)-(6):

1, RH
7" = 0.426kt —0.256sin(@,) +0.00349Tm, +0.0734(; )

()]
where I; represents the diffuse radiation on the horizontal surface
(kJh~'m~2), I denotes the total radiation on the horizontal surface
(kJh~m~2), kt represents the clearness index, a; denotes the solar alti-
tude angle (°), Tamp represents the ambient temperature (°C), and RH
represents the relative humidity (%).

The horizontal beam radiation (I,) is determined as the difference
between the diffuse and the total radiation on the surface (Eq. (3)):

L =1-14 5)

The total radiation on the tilted surface (Ir) is determined from Eq. (4):
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Fig. 5. 3D model of the greenhouse.
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Fig. 6. TRNSYS simulation studio interface.

cosf
) +10.5(1 —cosp)p, +1a  0.5(1 + cosfp) 6)

cosf,

It=1e

where 6 represents the beam radiation incident angle (°), 6, denotes the
solar zenith angle (°), # is the surface slope (°), and p, denotes the
ground reflectance (—).

Further, Type 9 was linked with the psychrometric component (Type
33) to obtain data for the dry bulb temperature and relative humidity in
order to calculate the dewpoint temperature. Both Type 16 and Type 33
were linked with the sky temperature component (Type 69) to deter-
mine the effective sky temperature for the calculation of the radiative
heat transfer and the external surface longwave radiation exchange.

In the 3D model depicted in Fig. 5, the greenhouse was segmented
into three zones, each delineated by thermal screens. Drawing an
analogy to residential buildings, where shading devices adjust based on
SR, the SR data from Type 9 was integrated with the monthly scheduler
component (Type 518). As the greenhouse employed three distinct
screens, each operating on a unique schedule, three equation solvers
named “Luxuos,” “Tempa,” and “Obscura” were employed to govern the
controls for these screens. Additionally, equation solvers labelled

“heating monthly” were utilized to establish the requisite setpoint
temperature within the greenhouse.

Meanwhile, people, equipment, and plants were all considered as the
greenhouse loads that affect the thermal capacitance of the greenhouse.
People and equipment scheduling were implemented using the Type 14
forcing function in the simulation studio. The ASHRAE130W-person
gain type was selected for the occupancy gain, and a radiative and
convective power of 0.5 kJ h™! was selected as the equipment gain.
Compared with the occupancy and equipment schedule, the plant den-
sity is significantly different during the growth and fruiting stages.
Therefore, a stand-alone component (Type 780) that considers the
transient change of the crop growth was used to estimate the heat flux
induced by the crop. Type 780 estimates the crop evapotranspiration
based on the step-by-step Penman-Monteith algorithm (Zotarelli et al.,
2014). The evapotranspiration rate is estimated as the sum of the
evapotranspiration from wind and radiation.

Evapotranspiration by wind is described by the following equation:

ETywina = PT X TT (5 — ¢,) 7)
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Table 2
Greenhouse components description in TRNSYS 18.
Component Type Description
Greenhouse 56 Analyzes greenhouse thermal behavior. It was also

used to model the greenhouse ventilation.

Weather data Reads the user-defined weather data.

Solar radiation 16 Use the total direct solar radiation on the horizontal
processor surface, ambient temperature, RH, and building
slope to calculate the total, beam, reflected, and
diffuse radiation on all greenhouse tilt surfaces.

Psychrometer 33 Use the ambient temperature and the relative
humidity are to calculate the dew point
temperature.

Sky temperature 69 Calculate the sky temperature using the horizontal
beam radiation, the horizontal diffuse radiation, the
dry bulb temperature, and the dew point
temperature as inputs.

Forcing function 14 Set the weekly equipment and occupancy schedule,
and the daily temperature setpoint.

Forcing function 41 Identifies the unique day of the week.

sequencer

Monthly schedule 518 Controls the opening and closing of the screen based
on solar radiation.
To define the constant and necessary equations

needed during the simulation.

Equation solver -

Crop model 780 Computes the rate at which the vegetated surface
vaporizes the readily available soil water using the
Penman-Monteith algorithm.
Controller 661 Controls the natural ventilation and airflow through
Controller 165 the thermal screens,
Controller 23 On/off controller for HVAC system
PID controllers for HVAC system
Plots and printer 65, Displays and prints simulation results.
25
Python 3157 Calling Python script to control simulation steps
and to exchange actions and observations with RL
agent.
where,
14
PT= 1 ®)
A+y(1+Cy x Uy)
C, x U,
=" )]
T
and,
r= Cp X Palm (10)
hyg X A

where e, denotes the average saturation pressure (kPa), e, represents the
vapor pressure of water (kPa), PT is the pressure term, A is the slope of
the vapor pressure curve, Cy is a constant that the depends on the SR in
the greenhouse and the crop type, TT is the temperature term, C, is also
dependent on the crop type but the value does not change between day
and night unlike Cy, U, represents a constant used to estimate the wind
velocity at the crop height (ms™!), Ti denotes the mean temperature
(°Q), y is the psychrometric constant, C, is the specific heat of air (J kg~!
K™D, Pum represents the atmospheric pressure (kPa), hy, is the latent
heat of vaporization of water (J), and 4 is the ratio of the molecular
weight of water vapor to the molecular weight of dry air (-).

The evapotranspiration by radiation is also described by the
following equation:

ET giaion = DT % Rng (11)
and,

A

D[ =—MMM
A+}’(1+Cd><U2)

(12)

where R,, represents the difference between the incoming shortwave
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radiation and the outgoing longwave radiation (MJ m2h™1).
Specifically, we utilize the built-in HVAC system in TRNbuild, as the
air-conditioning system. By default, this control is done internally in
TRNbuild during energy rate control mode by setting the minimum
comfort temperatures for the occupants, in this case, the crops in the
greenhouse and the maximum heating/cooling power. TRNbuild as-
sumes that the heating type manager uses an idealized heating control
and does not account for hysteresis that could occur with feedback
controllers. Alternatively in this paper, a more flexible external control
was implemented using TRNSYS controllers integrated with equation
solver. The external on/off, unoptimized PID, and optimized PID
controller was implemented by routing the control output from the on/
off controller (Type 165), PID controller (Type 23), and a self-developed
PID-RL controller through the equation solver tagged “heating monthly”
in the simulation studio before connecting it to TRNbuild. Additionally,
the PID parameters were stored in the equation solver named “PID set
values” in the simulation studio interface shown in Fig. 6. Apparently,
this interface serves as the assembly panel to create, modify, and run the
integrated model as an entity. Finally, by using an online plotter (Type
65) and a printer (Type 25), the greenhouse temperature, energy de-
mand from TRNbuild, and the control signal from the PID-RL controller
are visualized and printed to an external file for RL agent to act upon.

3.3.2. Self-tunning of PID parameters

The effectiveness of PID controller on the overall performance of a
system relies heavily on how well it has been tuned. The performance is
characterized by response time, overshoot, settling time and steady state
error. The tuning of PID parameters is broadly grouped into classical and
optimization techniques (Abbas & Mustafa, 2023). Aside from tuning by
trial and error, the most common of the classical technique is the Ziegler
— Nichols rule (Ziegler & Nichols, 1995). This rule elucidates guidelines
for finding the gains for the P, I, and D terms based on the transient
response characteristic of a specific model. In this work, the proposed
DRL tuning strategy belongs to the optimization-based technique while
the manual tuning technique adopted is the Ziegler — Nicholas method.

3.3.3. Formulating TRNSYS model as RL environment

TRNSYS offers a utility folder that facilitates the integration of
external programs, such as CONTAM, EES, ESP-r, Excel, MATLAB, and
Python. Python, distinct from the others, has emerged as the preferred
language within the ML community, owing to renowned packages like
scikit-learn, TensorFlow, and PyTorch that cater to Python users.
TRNSYS standard components, specifically Type 163 and Type 169,
enable the transfer of TRNSYS environment states to Python, facilitating
the operation of RL agents. Type 163 utilizes both Fortran-based input/
output files and Python, albeit with limited speed. In contrast, Type 169,
coded in C++, leverages Python’s C-API principle for improved per-
formance. While Type 169 embeds Python within the code, it necessi-
tates extensive C wrapper code to enable direct variable communication
between TRNSYS and Python. Alternatively, users employ a custom user
defined TRNSYS component known as Type 3517, which facilitates data
exchange with Python via the CFFI (C Foreign Function Interface)
package. CFFI allows users to define an interface for predefined Python
functions, generating a DLL (referred to as CFFI DLL) that interact with
both the TRNSYS DLL and the Python DLL during simulation.

Generally, for an RL agent to get trained by most RL algorithms, an
unlimited trial with access to full or partial states and control action on
each timestep is essential. Usually, the dynamic model of the problem
serves as the playground for the RL agent; in this case, our greenhouse
model in TRNSYS. Theoretically, adding a means to reset the terminal
states and step the model simulations to return the appropriate state
after applying the supplied action at each timestep should suffice to
formulate any dynamic model as an RL environment. A well-known
framework in the community is the OpenAl gym (Brockman et al.,
2016). Unfortunately, TRNSYS does not offer an out-of-the-box direct
way to step simulating model manually (that is, it is designed to run an
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uninterrupted simulation from start to end). Researchers have imple-
mented various methods to enable RL agents’ stepwise interaction with
building simulation tools. For instance, Gao et al. (2019) implemented
MATLAB-MySQL and Chen et al. (2023) used Python-filelock to syn-
chronize simulation steps and exchange state-action information. Our
approach follows the latter; however, we utilize two Python shells. One
shell runs the implementation provided by TRNSYS Type 3157 (Bernier
et al., 2022) to lock and write the observation file and block simulation
until the next action is unlocked as shown in Algorithm 1. The other shell
is an external (to TRNSYS) Python shell that wraps the environment as
an OpenAl gym, named trnsys_env (that is TRNSYS-Environment). The
trnsys_env is a class that inherits the OpenAlI gym and provides methods
to override the reset, step, and close methods in the parent class. The
reset method terminates its previously instantiated TRNSYS process (if
any) and starts another using the TRNSYS input file (deck file). The step
method writes and unlocks the action file to step the simulation and
reads the observation file then locks the action file to pause the simu-
lation until the next action is available. The closed method is a means to
terminate instantiated TRNSYS. Algorithm 2 illustrates the complete
workflow in trnsys_env.

Algorithm 1: Implementation on the Type 3157

Require: Inputs: observation, outputs: action
Initialization (TRNData):

1: if is_busy

2: is_busy = False

3: if obs_is_locked

4: obs_is_locked = False
StartTime (TRNData):

1: obs = TRNData.inputs
2: with obs_is_locked

3: write (obsFile, obs)

Iteration (TRNData):

with is_busy

with obs_is_locked

write (obsFile, TRNData.inputs)
wait action == unlock

with act_is_locked

action = read (actFile)
TRNData.outputs = action

Noahwdhre

Algorithm 2: OpenAl Gym TRNSYS-Environment, trnsys_env

Require: templateDeckFile, config

step(action):

1: with is_busy

2: with actLock

3: write (actFile, action)

4: obs = read (obsFile)

5: reward = compute_reward ()

6: info = {}

7: done = False (TRNSYS_PID OR Not EndOfSeason) else True
8: return obs, reward, done, info

reset ():

1: if TRNSYS_PID

2: Task-kill TRNSYS_ProcID

3: TRNSYS_ProcID = background-run trnsys.exe ‘templateDeckFile‘
4: obs = read (obsFile)

5 return obs

close ():

1: Task-kill TRNSYS_ProcID

2: return

Like in MATLAB and Simulink, the RL state-action is formulated by
deriving inspiration from the PID control, where the controller (v) aims
at driving the error (e) between the setpoint and measured value to the
minimum at any time (t). For a good tracking response, the P, I, and D
gains are iteratively set in Eq. (13), conventionally, by trial and error. In
TRNSYS, the implementation is as simple as using Type 23 with
appropriately tuned parameters. According to TRNSYS’s description of
Type 23, the PID implementation follows a slight modification:
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W) = K [e(t) +% /0 Ce(e)dr + Tddz(tt)

i

=P+I1+D (13)

However, Type 23 implementation of the PID controller places some
restrictions on the nature of acceptable PID parameters, thus limiting the
tuning freedom. The adoption and implementation of a discrete PID
controller mitigated this constraint. Hence enabling the ground for the
conventional tuning technique and the proposed DRL-based tuning
technique described in subsection 3.3.4 to 3.3.7.

In this work, DRL is utilized in achieving optimal tuning of PID gains
to not only optimize for minimal setpoint error but as well as to mini-
mize energy consumption. This is contrary to the usual convention of
using the trained RL agent itself. The reason for this path is because most
greenhouse HVAC systems are already equipped with a PID controller,
and the resource is only limited for its computation. Therefore, they do
require additional computational overhead to inference RL agent.

3.3.4. Selecting observation for the RL environment.
To achieve this for our RL TRNSYS-environment shown in Fig. 7, the

observation space is set as a (3 x 1) vector of [e(t), jé e(r)dr,dfl—(:)r,
constituting the error term, the integral, and derivative of the error,
respectively. The error is the difference between the setpoint and the
measured temperature in Celsius (°C). This observation is normalized
around the possible minimum and maximum range observed during
TRNSYS model validation. The error term ranges from -50 to + 50, the
integral term ranges between -1,000 and + 1,000, and the differential
term ranges from -1,000 to + 1,000. However, the observation are
clipped in a situation where the values are out of these boundaries.

3.3.5. Setting the action for the RL environment

The action space is a 27 discrete space that maps to the possible
combinations of [-1, 0, 1] for each of the P, I and D gains. The inter-
pretation of this action is to determine whether to cause a negative, zero,
or positive change to each gain by a specific predetermined delta value
[Ap, Aj, Agl. The resulting gains are then multiplied and summed up
with the observation to compute the control efforts for the HVAC system
as shown in Fig. 7. Shown in Table 3 is the list of the combinations and
their respective index.

3.3.6. Formulating the reward function for the RL environment

The reward function was inspired by the MATLAB and Simulink. The
reward function incorporates three components: an error term, an en-
ergy term, and a weight term for energy (Wengy). The error represents the
disparity between the setpoint and the measured temperature in Celsius
(°C), while the energy denotes the power consumed by the TRNbuild
HVAC system during the simulation in kilowatt-hours (kWh). To ensure
unit consistency of the energy and error term, the heat energy in Eq. (3)
is utilized for conversion. This dimensionless weight term (wengy) ranges
between 0 and 1, allowing for the scaling of energy consumption to
adjust the RL agent’s priorities. Thus, the reward function is structured
to minimize the sum of squared error and the weighted squared energy,
as depicted in Eq. (14). Ultimately, the agent aims to maximize the cu-
mulative reward, achievable through various RL algorithms proposed by
researchers.

reward = — (error* + wengy*energf) a4

By wrapping our TRNSYS model as an OpenAl gym environment, as
presented in Algorithm 2, community implementations of RL algorithms
automatically become available because many frameworks leverage the
universality of the gym. This decoupling of RL algorithm and environ-
ment makes RL researchers often consolidate efforts to expand appli-
cations for more use cases or propose novel RL algorithms on existing
applications. However, this work focuses on the former.
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Fig. 7. Formulation for the RL environment.

Table 3
Mapping of the discrete action space to the possible combinations of [-1, 0, 1] for
each of the P, I and D gains.

Index Kp Ki Kd
0 -1 -1 -1
1 -1 -1 0
2 -1 -1 1
3 -1 0 -1
4 -1 0 0
5 -1 0 1
6 -1 1 -1
7 -1 1 0
8 -1 1 1
9 0 -1 -1
10 0 -1 0
11 0 -1 1
12 0 0 -1
13 0 0 [
14 0 0 1
15 0 1 -1
16 0 1 0
17 0 1 1
18 1 -1 -1
19 1 -1 0
20 1 -1 1
21 1 0 -1
22 1 0 0
23 1 0 1
24 1 1 -1
25 1 1 0
26 1 1 1

3.3.7. Adoption of the DQN algorithm

This work focuses on building RL environment to leverage RL algo-
rithm’s potential in solving the pressing issue in greenhouse. Therefore,
rather than designing a new RL algorithm, we opt to select potential
existing algorithm for the problem. We acknowledge that unique
application problems that perform unsatisfactorily on existing algo-
rithms have given birth to novel RL algorithms, thus limiting these RL
algorithms to a specific scope. A typical example is the type of obser-
vations and actions they could handle. In this case, our observations and
actions are continuous and discrete respectively, thus making the pop-
ular Q-Learning (Watkins and Dayan, 1992) and a few others not best
suited for training our agents. Although Fujimoto et al. (2018) and Qiu
et al. (2023) presented that TD3 and improved TD3 perform well for
heating load energy optimization. However, our motive is to optimize P,

I and D gains to minimize tracking error and heating energy with RL
agent by taking discrete actions. Therefore, this work adopts the Deep Q-
Network (DQN) algorithm in training the proposed RL agent (Mnih
et al., 2013).

As mentioned earlier, DQN is a version of Q-Learning that utilizes
neural network as the universal approximator instead lookup/transition
table used in Q-Learning. The agent in this case is a multilayer percep-
tron (MLP) comprising of two fully connected hidden layers with 400
and 300 neurons and a rectified linear unit as the activation function.
The agent accepts continuous input observations and returns a discrete
action. The discrete action is translated to HVAC control effort by
interpreting it as a combination to cause a negative (—1), zero (0), or
positive (+1) change of delta to each gain. For instance, given that the
agent outputs an action value of 21, the corresponding action lookup is
[1, 0, —1] in Table 3. For a fixed delta change of 0.001, it means the
current Kp should be incremented by 0.001, K; should be incremented by
0 (remain unchanged) and Kp should be decremented by 0.001. The
summation of the resulting new Kp multiplied by error, K; multiplied by
integral of error and Kp multiplied by differential of error gives the
HVAC control effort.

However, during training, we implemented early stopping as an
intervention to avoid meaningless exploration and to enhance the use-
ability of the actions learned by the agent. As some of the gains learned
by the agent might not be practically realistic and are found to easily
saturate the idealized HVAC system in TRNbuild. Therefore, our stable
controller learned to discard gains (restored last best gain) that are not
yielding improved cumulative rewards when compared to the previ-
ously earned rewards (at the of planting duration). After several
repeated discarding, the training is stopped, as such, the agent is able to
avoid meaningless exploration and reduce the computation cost. Algo-
rithm 3 shows the implementation of the PID-DQN algorithm.

Algorithm 3: PID-Deep Q-learning

Initialize replay buffer D to capacity N
Initialize action-value function Q with random weights
Initialize Kp, Kj, and Kp
Initialize [Ap, Aj, Aq] where A € (0, 1)
lookup(index) « Table 3
Initialize best reward rpes
for episode = 1, M do
Initialize sequence s; and episodic cumulative reward reymy
fort=1,T do
With probability € select a random action a;
otherwise select @, = ml;axQ* (s1,a;0)

(continued on next page)
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(continued)

Algorithm 3: PID-Deep Q-learning

[Kp, K1, Kp] = [Kp, K, Kp] + [lookup(a,)] *. [Ap, Aj, Adl

[e, [, de/dt] =s,

Control-Effort = Kp * e + Ky * [ + Kp * de/dt

Execute Control-Efforts in TRNSYS and observe reward r, and state s, 1
Update cumulative reward reymy + =r¢

Store transition (s;,a;,r¢,s¢+1) in D

Sample random minibatch of transitions (s;,a;,r;,sj+1) from D

Sety, — { I for terminal $j+1

J rj + ymax,Q(sj;1,a;0) for non — terminal sj,1

Perform a gradient descent step on (y; — Q(sj,aj;ﬂ))z according to equation (2)

end for
Apply gains discard criteria.
_ | [Kp,K1,Kp] UTeumu > Thest
[KP:KIaKD]lastBest - { [KP‘K’7KD]lasrBesl otherwise
end for

3.4. Statistical index for model evaluation

The TRNSYS model was validated against the experimental mea-
surements using the Nash-Sutcliffe coefficient (NSE) and the root mean
square error (RMSE). NSE quantifies the fit of the simulated data with
the experimental data in a 1:1 plot. Its value ranges from —oo to 1, with
values close to 1 indicating a substantial predictive potential of the
model. The RMSE shows the magnitude of the error between the simu-
lated and experimental measurements; the smaller the RMSE value, the
better the model. The mathematical relationship of the validation
indices is presented in Egs. (15) and (16):

— (vi-2) }

" ; (15)
ooV — )’)2

n v \2
i=( Yi— Vi
RMSE = L 16)
n

where N denotes the total number of observations, y; represents the
measured value, y; is the simulated value, y denotes the mean of the
observed values, and n is the total number of observations.

4. Results

As the first step in the proposed optimization of PID parameters with
DRL relies on a state-space model, specifically TRNSYS, we run a
simulation of the greenhouse climate that is controlled by on/off regu-
lation from October 2021 to March 2023. In contrast to residential
buildings, which experience occupied and unoccupied periods with a
fixed human comfort temperature, plants are consistently present in
greenhouses with varying nighttime and daytime comfort temperatures.
For tomatoes, the comfort temperature varies according to variety and
region but is typically between 13 °C and 16 °C during the night and 23
°C and 27 °C during the day (Ogunlowo et al., 2021; Soussi et al., 2022).
In the experimental greenhouse at Yeoju, the nighttime temperature is
maintained between 15 °C and 20°C, while the daytime temperature is
regulated within the range of 30 and 35°C, primarily due to the lower
cooling capacity of 8.13 kW of the FCU compared to its heating capacity
of 14.03 kW (Adesanya et al., 2024). These controlled setpoints serve as
the threshold for temperature control during the simulation.

4.1. Climate conditions during the experimentation period

Fig. 8 illustrates the total monthly SR measured on a horizontal
surface and the monthly average outside temperature throughout the
experiment. From December 2021 to May 2022, the SR gradually
increased from 89.8 kWh/m? to 205.7 kWh/m?, declining to 163.6
kWh/m? in June 2022. A similar trend was observed in the second year,

Expert Systems With Applications 252 (2024) 124126

250 35

< Solar radiation Ambient temp.

£

§ F30 ©
= 200+ L2s £
2 4
§ . 20 &
S 150 5
< 15 g
H \ \ L 10 2
£ 100 - . ‘ . :
5 ‘ e E
s o =
2 50 g
E -6 =
=

O r 8 = &4 © % W e K ® 9 o r N T N ©

T T T & 9 2 % 9 9 3 8 8 v T v o o9

I I E EEEEEEEE R

S 8§ 8 § § 8§ § 8 8§ 8 8§ 8§88 8888

S 8 8 8 S8 s & S8 s s 8 S8 8 e 8 8 g

& 8§ 8§ § § R § § 8 { R {88 -’ -’ KR
Months

Fig. 8. Total monthly horizontal solar radiation and monthly average ambient
temperature.

with a reduction in SR from December 2022 to February 2023. The
hottest and coldest months occurred in May and December 2022,
respectively, featuring mean monthly outside temperatures of 18.1 °C
and —4.7°C, along with total horizontal SR of 205.7 kWh/m? and 82.3
kWh/m?, respectively. During the first year of heating, the lowest and
highest hourly temperatures, —17.8 °C and 20.2°C, were recorded on
December 26, 2021, at 07:00, and March 12, 2022, at 15:00, respec-
tively. In the second year, the lowest and highest hourly temperatures,
—20.7 °C and 25.9°C, were recorded on January 26, 2023, at 07:30, and
March 22, 2023, at 14:40, respectively.

4.2. Greenhouse load in TRNSYS

The solar heat gained in the greenhouse significantly influences both
microclimate conditions and energy consumption. TRNbuild employs
various modes—simple, standard, and detailed—for calculating solar
heat gain in the greenhouse, and the choice among them depends on the
greenhouse’s design. The TRNbuild standard and detailed modes, as
validated in a prior study (Adesanya et al., 2022), accurately predicted
the temperature in the concave and convex shapes of farms A and B.
Consequently, these two modes were employed to assess the total
greenhouse load in the TRNSYS simulation.

Fig. 9 presents a comparison between the total monthly simulated
on/off control and experimental energy consumption. It is evident that
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Fig. 9. Comparison of the energy requirements between experiment
and simulation.
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in some months, external factors contributed to the lower experimental
energy consumption compared to the simulated energy demand. For
instance, during the coldest periods, more heat is lost from the green-
house, and the HVAC system supplies excess energy in order to maintain
the greenhouse set-point temperature (Adesanya et al., 2023). The
measured experimental energy consumption steadily increases by 0.35
%, 3.57 %, and 9.38 % compared to the simulated results as the average
outside temperature decreases from 6.5 °Cto —0.67 °C and — 3.59 °C in
November 2021, December 2021, and January 2022, respectively. In
February 2022, the deviation reduces to 3.26 % as the outside daily
temperature increases by 1.41 °C compared to the January 2022 base-
line. The total simulated energy demand resulted in 1357.50 MWh,
while the experimental energy consumption was 1308.57 MWh during
the investigation period. Overall, the calculated NSE and RMSE were
0.98 and 6.6 MWh, respectively. This suggests that the RL agent can rely
on the validated on/off control model as its RL environment.

4.3. Energy efficiency of the manually tuned and optimized PID
parameters

The validated on/off controller results obtained from the TRNSYS
simulation served as the baseline for comparing the performance be-
tween the manually tuned PID parameters and the PID parameters
optimized by the proposed DRL. Given the precision and accuracy of the
Farm B detailed mode in predicting energy consumption compared to
the Farm A standard mode, it was chosen as the OpenAI gym RL envi-
ronment for optimizing PID parameters. The hardware environment for
the cosimulation of TRNSYS and Python involved a notebook computer
equipped with an Intel Core i7-6700 CPU @ 3.40 GHz, 16.0 GB of RAM,
and a GTX 1050 GPU. For the sake of simplicity and ease of deployment,
the cosimulation was conducted over a 59-day period, spanning from
January to February 2022.

The RL agents underwent training using the Deep Q-Network,
repeated four times to produce outcomes labelled RL-1, RL-2, RL-3, and
RL-4, each corresponding to different PID optimized parameters tested
in the simulation environment. The training was set to 50 thousand
timesteps, and each timestep corresponds to approximately 1 h of
simulation step. Therefore, 1 episode is approximately 1417 TRNSYS
simulation timesteps. Other hyperparameters are presented in Table 4. It
is also important to mention that early stopping was utilized to prevent
input saturation for the controller, as it was observed that some optimal
parameters are not realistic for TRNSYS to handle. To allow the trained
DRL agent to use its optimized PID parameters to control the greenhouse
during validation, the action is fixed at index 13 as shown in Table 3.
This simply means all subsequent stepwise incremental changes to the
optimized parameter should be frozen.

Table 5 summarizes energy consumption across various control
scenarios and presents the weighted parameter values utilized in the
proposed reward for each agent. The values of the weighted parameters
of the RL agents were chosen to emphasize the degree of energy mini-
mization over deviation from setpoint tracking. The reported results
pertain to a two-month period during the heating season in Farm B,
spanning from January 1 to February 28, 2022. Notably, manually

Table 4

Hyperparameter settings for training the RL agent.
Parameter Value
Learning Rate 0.001
Discounting factor 0.99
Optimizer Adam
Batch Size 32
Episode 228
Exploration Epsilon [start, end, rate] [0.1, 1.0, 0.05]
Delta values [0.001, 0.001, 0.001]
Wengy €(0,1)
Replay Buffer 1,000,000

11
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tuning the PID controller led to a 7.2% reduction in energy consumption,
while all RL agents achieved reductions ranging from 8.84% to 12.99%.
This varying degree of energy consumption minimization can be
attributed to the “Wengy”, which is the weighting parameter proposed in
the reward model to control the degree energy minimization. As
envisaged, increasing this weighting parameter resulted in more
reduced energy consumption, although, this is at the expense of the
minimum average temperature which is slightly lower than RL-3 with
Z€ro “ Wengy”. Nevertheless, this is still approximately tolerable and
better than the manually tuned PID, thus underscoring the impact of
optimized PID parameters on energy consumption minimization.

4.4. Comparative analysis of greenhouse temperature for different
scenarios

Four days during the simulation was selected to illustrate the dif-
ferences between nighttime and daytime temperatures for various con-
trol scenarios and to assess whether the setpoint temperature is
maintained according to the control methods. It should be noted that
only the heating setpoint is set in the TRNbuild heating regime type. The
cooling setpoint, which, in this case, is the maximum comfortable crop
temperature, is not set as the considered period is winter and no cooling
is required. Nevertheless, the natural ventilation mode is utilized using
the TRNFLOW model in TRNbuild (Ogunlowo et al., 2023).

Fig. 10 depicts the variation in the greenhouse’s internal tempera-
ture during February 2022. Without activating the HVAC system
(depicted with grey colour in Fig. 10a) between 12:00 on February 1 to
23:00 on February 4, the greenhouse inside temperature was uncom-
fortable for the crop due to the low outside temperature and SR. The
greenhouse nighttime temperature dropped as low as —2.26 °C when
the outside temperature and SR were —11.75 °C and 8.87 Wh/m?,
respectively. However, as SR increased, the greenhouse’s internal tem-
perature steadily rose during the day, reaching a peak value of 16.76 °C
when the outside temperature and SR were 2.04 °C and 654.35 Wh/m?.
These scenarios indicate that the greenhouse inside temperature can
achieve reasonable thermal comfort during the day at higher outside
temperatures and SR, even without the operation of the HVAC system.
This depends on the spectral transmissivity of the greenhouse covering
materials and the thermal inertia of the greenhouse. In this case, the
greenhouse was constructed with glass that allows over 90 % of the
visible range of SR to enter the greenhouse while preventing the escape
of infrared radiation.

By controlling the HVAC system with on/off control, the nighttime
temperature of the greenhouse was maintained at the setpoint with little
deviation, while the daytime temperature increased by a maximum of
4.01 °C compared with the unconditioned greenhouse (depicted with a
blue colour in Fig. 10a). The increased temperature can be attributed to
the continuous nighttime heating that occurred during the previous days
in the greenhouse. During the same period, the manually tuned PID
controller was also utilized (depicted with a green colour in Fig. 10a). It
was observed that there was no difference in the daytime temperature of
the on/off and PID controllers because the HVAC system was off, and the
greenhouse inside temperature was within a comfortable range. How-
ever, a significant disparity is observed during the night.

Further, Fig. 10b shows the greenhouse inside air temperature with
the proposed and on/off control methods. As seen, the greenhouse inside
air temperature with all the RL runs substantiates the effect of the DRL
algorithm on the PID parameters. The DRL-based optimized PID
parameter control strategy prevents nighttime temperatures from
significantly exceeding the minimum required temperature by intelli-
gently regulating the temperature based on the crop’s thermal comfort.
The temperature inside the greenhouse fluctuates less at the setpoint
compared to the unoptimized PID parameters. This was because the
manually tuned PID is constrained to all its PID gains to be positively
signed. In contrast, the RL agent was able to explore outside this
constraint, thus learning a negative derivative gain consistently to
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Table 5
Comparison of the energy consumption with different control scenarios.
Control PID parameters Weighting Energy consumption Avg. nighttime temperature below setpoint % Energy
method parameters (MWh) “Q reduction
On/off - - 143.95 14.51
PID P =0.9,1=0.1,and D = 0.005 - 133.58 13.91 7.2
RL-1 P =0.4252,1=0.2097, and D = Wengy = 0.001 127.79 14.59 11.2
-0.1198
RL-2 P =0.7426,1=0.2542, and D = Wengy = 0.005 125.25 14.53 12.99
-0.069
RL-3 P = 0.7844,1 = 0.1479, and D = Wengy = 0 131.21 14.69 8.8
-0.0081
RL-4 P =0.7972,1=0.161,and D = Wengy = 0.0001 130.61 14.68 9.3
-0.0516
a baseline), while our proposed PID controller dynamically adjusted the
@ 20 4000 setpoint based on rewards from the RL-agent, prompting a more
—— Inside Temp_ONBOFF Control —s— Solar radiation aggressive response aimed at swiftly minimizing the error between the
27— ::::gz I::ﬁ::?&:’::ﬁ' = Outside Temp I- 3500 setpoint and measured temperature in a short amount of time in order to
20 Setpoint | 3000 _ reduce energy consumed. Secondly, the simulation time step of 1 h led to
€ the aggregation of control decisions, resulting in a perceived stability in
g b - 2500 § the on/off control compared to the PID. These factors collectively
£ 10 s influenced the observed trends in temperature fluctuations. It is note-
§ 5] - 2000 E worthy that the manually tuned PID parameters exhibited significant
g | 1500 & deviations from the setpoint temperature, as depicted in Fig. 10a, in
=0 3 contrast to the optimized PID parameters obtained through RL that pe-
54 L 1000 @ nalizes the setpoint deviation, as shown in Fig. 10b.
10 “_‘- / \ / \ / \ 500 5. Discussion and future research
15 4+ . . . 0
1Feb 2Feb 3 Feb 4Feb 5.1. Insights and limitations
Date (-)
The model utilized in this study represents the third stage of
o) improvement aimed at developing a robust integrated greenhouse
30 T e Temp ONGOFT Control  ———inside Tomp_RLA —— imeide Tomp Rz 000 model to enhance energy efficiency in the horticultural sector for
25 . ooide Temp_RL3 e e R | 2500 farmers and stakeholders. Over the years, this model has undergone
regular enhancements and has served as a resource for analysing the
201 / \ , \ / \ - 3000 thermal performance of various greenhouse thermal screens (Rabiu
G 15 4 | 2500 § et al., 2023) and assessing the impact of different renewable energy
% 104 % systems on greenhouse loads (Adesanya et al., 2023). The base model
2 L 2000 S examined the effect of greenhouse structure on energy demand using the
g 54 % TRNSYS radiation mode (Adesanya et al., 2022), while the second
§ 04 1500 ¢ improved model introduced a crop model based on the Penman-
| 1000 a Monteith algorithm, investigating the influence of crops on heating
54 . . and cooling loads (Adesanya et al., 2024). In its current form, the model
104 - 500 incorporates a new control method using an idealized heating system in
s "y . TRNbuild. This choice was made due to the absence of an FCU model in
1 Feb 2 Feb 3 Feb 4Feb the TRNSYS library capable of operating in both heating and cooling
Date () modes based on manufacturer data (Calise et al., 2012). However, this

Fig. 10. Comparison of the greenhouse temperature with different controls (a)
Uncontrolled, on/off, and manually tuned PID and (b) on/off, and optimized
PID with DRL.

dampen the oscillation around the setpoint. Although having negative
gains is unusual but not impossible. This possibly imply an inverse
relationship between the error and the control action. In decreasing
order, the average minimum observed temperature deviation from set-
point is 1.09°C, 0.47°C, 0.41°C, 0.32°C, and 0.31°C, for manually tuned
PID, RL-2, RL-1, RL-4, and RL-3, respectively. As observed, RL-2 with the
highest deviation of the RL from the setpoint achieved the highest en-
ergy consumption reduction of 12.99 %, indicating the influence of
controlled temperature on energy consumption.

The apparent discrepancy in trends between the on/off and PID
controls can be attributed to two factors. Firstly, our study employed an
idealized heating system in TRNbuild, where the on/off controller
automatically fixed the greenhouse temperature to the setpoint (just like

12

study is significant because it addresses certain obstacles in TRNbuild,
such as the fixation of building air temperature to the temperature set-
point during energy rate control and the constrained internal control of
the idealized heating type manager.

Consequently, this present study evaluates the energy required to
maintain crop thermal comfort during two heating seasons of green-
house operation using three variants of heating systems in the multizone
building model of TRNSYS software. While the greenhouse temperature
fluctuates when the heating system is off (primarily during the day in the
winter season), the first variant control (on/off) maintained the green-
house temperature at the setpoint when the heating system was on
(mostly during the night in the winter season). Ideally, it is not possible
to maintain the greenhouse temperature precisely at the setpoint, but
this setting in the heating type manager enables the analysis of the
maximum amount of heat to be supplied to the greenhouse based on the
control methods. In contrast, the other two variants of manually tuned
and optimized PID control with RL caused the greenhouse temperature
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to fluctuate around the setpoint when the heating system was on.
5.2. Future directions

In this study, we successfully tackled the challenges of obtaining
optimal PID values from an RL agent, resulting in significant energy
reduction compared to on/off and manually tuned PID controllers. The
proposed methodology was tested in a virtual environment, with
experimental energy consumption and observed greenhouse tempera-
ture serving as the baseline for comparison. Uncertainties recorded
during the experiment were not accounted for in the virtual environ-
ment. However, future research could explore the feasibility of imple-
menting the proposed method in a real greenhouse HVAC system with
its negatively optimized PID parameters.

Furthermore, in future endeavours, the developed building model
will be operated in TRNbuild temperature level control and connected to
a real HVAC system to provide hot air, utilizing heat pumps as the heat
source. This will demonstrate whether the energy savings achieved by
the proposed control method can be replicated across different seasons
of the year. To facilitate this, a new TRNSYS FCU model will be devel-
oped based on data files containing air dry bulb temperature, air wet
bulb temperature, fluid mass flow rate, and inlet fluid temperature, as
the introduced hot air conditions may deviate from the greenhouse
setpoint temperature.

6. Conclusion

In this study, a combination of numerical and ML models was
employed to simulate a greenhouse HVAC system. The developed
methodology was tested on an ideal heating system in TRNbuild using
on/off and PID controllers. The PID controller parameters were manu-
ally tuned and intelligently optimized using Ziegler-Nichols and DRL
through TRNSYS-Python cosimulation. Unlike the on/off and manually
tuned PI controllers, which lack an optimality criterion, the PID opti-
mized controller from RL algorithm follows a reward function to
improve the performance of the HVAC system at each simulation time
step. The RL agents were trained on the Deep Q-Network, with training
repeated four times, resulting in corresponding results tagged RL-1, RL-
2, RL-3, and RL-4. The performance of the optimized PID parameter
control was compared with that of simulated on/off and manually tuned
PID parameter controllers in terms of crop thermal comfort and energy-
saving potential. The crop thermal comfort temperature with manually
tuned PID control, RL-1, RL-2, RL-3, and RL-4, was reduced by 1.09°C,
0.41°C, 0.47°C, 0.31°C, and 0.32°C, respectively, leading to a 7.17 %,
11.19 %, 12.99 %, 8.81 % and 9.23 % reduction in energy consumption
compared with the on/off baseline control. This study has established a
framework for enhancing the energy efficiency of greenhouse HVAC
system operations.
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