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ABSTRACT

Efficient temperature control in greenhouses is essential for optimal plant growth, especially in
arid regions where the harsh environment poses significant challenges to maintaining a stable
microclimate. Maintaining the optimum temperature range directly influences healthy plant devel-
opment and overall agricultural productivity, impacting crop yields and financial outcomes. How-
ever, the greenhouse in the present case study fails to maintain the optimum temperature as it
operates based on predefined settings, limiting its ability to adapt to dynamic climate conditions.
To maintain an ideal temperature range within the greenhouse while dynamically adapting to fluc-
tuating external conditions, this study introduces a control framework using Deep Deterministic
Policy Gradient, a model-free deep reinforcement learning algorithm, to optimize temperature con-
trol in the closed greenhouse. A deep neural network is trained using historical data collected from
the greenhouse to accurately represent the nonlinear behavior of the greenhouse system under
varying conditions. The deep deterministic policy gradient algorithm learns optimal control policy
by interacting with a simulated greenhouse environment, continuously adapting without needing
an explicit system dynamics model. Results from the study demonstrated that, over a five-day
simulation period, the deep deterministic policy gradient control system outperformed the existing
greenhouse climate system in temperature regulation. It achieved a mean squared error of 0.01°C
and a mean absolute error of 0.13°C. Additionally, the deep deterministic policy gradient algorithm
demonstrated a significant improvement in energy efficiency, reducing total energy consumption
by 6.80% compared to the current system.
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INTRODUCTION

By 2050, the global population is projected to rise to
about 9.7 billion, significantly increasing the need for wa-
ter, energy, and food. To satisfy this growing food de-
mand, agricultural production must be increased by
nearly 70% from current levels. However, the persistent
effects of climate change create significant challenges
for increasing crop yields via conventional open-field
farming (1). More frequent extreme weather events,
higher temperatures, and changing rainfall patterns com-
promise these traditional methods. These environmental
challenges make traditional farming methods more vul-
nerable. Therefore, it's essential to develop innovative,
high-efficiency agricultural practices that preserve land
and resources while providing greater yields (2).
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Controlled Environment Agriculture (CEA) repre-
sents a viable solution, as it offers a regulated environ-
ment that mitigates climate-related risks (3). Among the
various CEA technologies, greenhouses effectively opti-
mize crop production by regulating environmental varia-
bles such as temperature, humidity, and CO, levels. How-
ever, efficiently managing greenhouse microclimates still
poses challenges, necessitating a careful balance of var-
ious factors to promote plant growth while minimizing en-
ergy and water consumption. To address these chal-
lenges, various control strategies have been developed
to regulate greenhouse environments, ranging from tra-
ditional rule-based methods to advanced model-based
approaches. However, the complexity and variability of
greenhouse conditions require more adaptive and data-
driven solutions.
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Reinforcement learning (RL) is a data-driven method
that can optimize greenhouse climate control without de-
pending on explicit system models (4). Unlike traditional
controllers, RL dynamically adjusts to changing condi-
tions, making it well-suited for complex and uncertain
greenhouse environments. Deep reinforcement learning
(DRL) methods, such as deep deterministic policy gradi-
ent (DDPG) and proximal policy optimization (PPO), have
demonstrated significant potential in managing green-
house operations. These methods use neural networks to
learn optimal control policies from data, allowing for real-
time adaptation to disturbances such as solar radiation
fluctuations and external temperature changes.

Several studies have explored RL-based green-
house control strategies, demonstrating promising re-
sults in improving energy efficiency and climate stability.
For instance, a DRL-based controller integrated with ro-
bust optimization reduced energy consumption by up to
57% while maintaining stable temperature regulation (5).
Multi-agent reinforcement learning approaches have also
been applied to coordinate multiple greenhouse subsys-
tems—such as heating, ventilation, and cooling—leading
to improved operational efficiency (6). While RL-based
strategies have demonstrated significant potential, their
implementation still encounters significant challenges.

Despite the advancements, multiple challenges per-
sist in RL-based greenhouse control systems. Training RL
agents requires a considerable volume of high-quality
data, and inadequate exploration strategies may result in
unstable learning behaviors. Furthermore, ensuring
safety constraints and interpretability in RL-based con-
trollers continues to represent a significant research
area. Additionally, a significant obstacle in RL deployment
is the reliance on precise greenhouse models for training
and evaluation.

Many researchers use physics-based models to
simulate greenhouse dynamics; however, these models
often include simplifying assumptions that may not accu-
rately reflect real-world conditions. For instance, they of-
ten oversimplify thermal behaviors and may overlook dif-
ficult-to-measure factors, such as air leakage through
greenhouse walls, heat exchange with the ground, or var-
iations in moisture levels. Such omissions can lead to less
accurate predictions about temperature variations and
energy consumption, limiting the effectiveness of control
strategies. Furthermore, greenhouses present unique
challenges compared to traditional structures because of
their specific design requirements. They are designed to
maximize sunlight for plant growth while also maintaining
a stable internal environment. This dual objective compli-
cates thermal and energy management, making tradi-
tional control methods less effective when environmental
conditions change rapidly. Given these limitations, a
data-driven approach can offer a more precise represen-
tation of greenhouse dynamics, allowing RL agents to

Mahmood et al. / LAPSE:2025.0334

Syst Control Trans 4:1133-1138 (2025)

make better-informed decisions.

To address the challenges associated with green-
house management, this study introduces a deep deter-
ministic policy gradient approach based on data-driven
modeling. Operational data has been collected from an
actual greenhouse to train a deep neural network (DNN)
surrogate model, which captures the intricate relation-
ships among various environmental variables. Utilizing
the developed DNN, a DRL agent using the DDPG algo-
rithm was developed to maintain optimal temperature
levels within the greenhouse while simultaneously mini-
mizing energy consumption. The performance of the
DDPG controller was evaluated in comparison to the ex-
isting greenhouse control system under deterministic
conditions.

METHODOLOGY

This study introduces a DRL approach that utilizes
the DDPG algorithm to optimize greenhouse temperature
control while minimizing energy consumption. The frame-
work integrates two essential components: a DNN surro-
gate model and a DRL-DDPG architecture. The DNN
model, trained using real-world greenhouse data, cap-
tures the dynamics of the greenhouse system, including
weather conditions, internal temperature, fan operation,
HVAC temperature (HT) settings, and energy usage. This
surrogate model was integrated into a DRL environment
to simulate greenhouse behavior, allowing the DDPG
agent to learn an optimal control policy.

Greenhouse system

The greenhouse, located in Qatar, utilizes glass as
its covering material to enhance the penetration of pho-
tosynthetically active radiation into the plant canopy, en-
suring optimal light for crop growth. To regulate cooling,
the facility is equipped with an HVAC system alongside a
hydroponic setup that efficiently supplies water, nutri-
ents, and fertilizers to the plants. Figure 1 demonstrates
the closed greenhouse.

The greenhouse operates as a closed-loop system
that captures hot, humid air from the plant canopy. In-
stead of releasing this air into the atmosphere, it is redi-
rected to an air-to-water chiller, where its temperature is
reduced below the dew point (12-13°C). This cooling
mechanism enhances the condensation of water vapor
present in the air, enabling the collection of the resulting
water for reuse in irrigation, significantly reducing water
loss. The cooled air is subsequently reheated to an opti-
mal temperature by the HVAC system prior to its recircu-
lation back into the greenhouse. To meet irrigation re-
quirements, additional water is supplemented from
groundwater sources and treated through a reverse os-
mosis process. The climate control system is calibrated
to maintain optimal growth temperatures for crops,
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sustaining 18°C during the night and 23°C throughout the
day.

Fiure 1: Closed gree"n.house located in Qatar.

Data collection

Data was collected every 5 min over a one-year pe-
riod, from September 2023 to September 2024, utilizing
a network of sensors installed at the greenhouse. These
sensors continuously monitored environmental variables,
with solar irradiance and external temperature recorded
by devices mounted on the greenhouse roof. The internal
temperature within the greenhouse was measured
through a sensor box located inside the unit. During the
summer months, solar irradiance reached a peak value of
1060 W.m2, and external temperatures to as high as 45.2
°C. A summary of the ranges for all measured variables is
detailed in Table 1.

Table 1: Range of measured variables.

Parameter Value and unit
Solar radiation 0-1060 W.m™
Outside temperature 7.5-45.2°C
Fan speed 25-100 %
HVAC control 17 -22°C
Greenhouse temperature 121-25.2°C

Deep reinforcement learning

The DDPG algorithm is a model-free, off-policy ac-
tor-critic approach in DRL. It builds upon the determinis-
tic policy gradient method and is appropriate for dynamic
environments with large, continuous action spaces (7).
DDPG learns an optimal policy through the interaction of
two primary components: the actor and critic networks.

The actor network, denoted as u(s|6*), maps
states to deterministic actions. Its goal is to identify the
best possible action for a given state by selecting actions
that maximize the Q-value predicted by the critic net-
work. The critic network, represented as Q(s,a|89),
evaluates the quality of actions by estimating the
Mahmood et al. / LAPSE:2025.0334
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expected cumulative future rewards for each state-ac-
tion pair. The actor network is trained to improve its pol-
icy by maximizing the Q-value, while the critic network is
updated using temporal difference learning to refine its
predictions based on immediate rewards and estimated
future values.

The DDPG algorithm incorporates several tech-
niques to enhance learning stability and efficiency. A re-
play buffer stores past experiences, which include the
current state, the action taken, the resulting reward, the
next state, and whether the episode has terminated. By
sampling and learning from these experiences, the agent
breaks the temporal correlation between consecutive
samples, improving the quality and efficiency of the train-
ing process.

Separate target networks are used for both the ac-
tor and critic. These networks provide stable reference
values during training, especially when calculating the
temporal difference error. To further enhance stability,
DDPG employs a soft update strategy, where the target
networks' parameters are gradually updated, preventing
abrupt changes that could destabilize the learning pro-
cess. The weight updates for the actor and critic net-
works are guided by mathematical equations. The actor’s
weights are updated to maximize the Q-value of the pol-
icy’s actions(8):

A6 =19V (%Z (s, T’-'(S(k)|9n)|¢Q)> M
keB
Here, Af represents the change in the actor's pa-
rameters, nyis the learning rate, Vg4 is a minibatch sam-
pled from the replay buffer, and N is the number of sam-
ples in the minibatch. The critic’s weights are updated to
minimize the difference between the predicted Q-value
and the target Q-value (8):
1 \
A =14 Vg (NZ (@50, u) | ¢g) = v(0),
keB
Here, A¢ is the change in the critic’s parameters,
u(k) is the action at time step k. Target Q-value is calcu-
lated as:

v(k) (3)
=r(k) +yQ'(stk+ 1), 7' (stk + 1) | 6,) | ¢Qr)

where r(k) is the immediate reward, y is the dis-
count factor, Q' is the target critic network, and =’ is the
target policy network. By iteratively refining the actor and
critic networks, DDPG efficiently learns optimal control
policies without requiring an explicit model of the envi-
ronment, making it highly suitable for control tasks in
complex, continuous systems.

System model

The surrogate model's accuracy in predicting future
states is critical for an effective control strategy.

1135



Traditional analytical models for greenhouses often rely
on estimated parameters, introducing errors that com-
promise predictive reliability. To overcome this, a DNN
was developed using PyTorch (9) to accurately represent
the greenhouse system, capturing the nonlinear relation-
ships among variables like solar irradiance, ambient tem-
perature, HT, and fan speed.

The architecture of the DNN includes an input layer
that processes 12 input features as illustrated in Figure
2. The model is trained using the Adam optimizer, which
efficiently handles parameter updates, and the MSE loss
function, which quantifies the prediction error. Training is
conducted over 50 epochs to ensure the model con-
verges to a solution that accurately captures the sys-
tem's dynamics. By using this DNN-based surrogate
model, the greenhouse system's behavior can be pre-
dicted with greater precision, providing a robust founda-
tion for the control strategy.

Figure 2: DNN model for the greenhouse system.

Reward function

The reward function for the DDPG agent is
designed to achieve two main goals: minimizing the
difference between the greenhouse temperature and the
desired set point and reducing energy consumption. By
penalizing both temperature deviations and energy
usage, the reward function ensures the agent prioritizes
maintaining optimal conditions while being energy
efficient. The function assigns specific weights to each
component, allowing for flexibility in emphasizing either

precise temperature control or energy savings,
depending on the desired objectives. The reward
function is expressed as:

R(k) = —(a - IT(k) = Tset (k)| + B - E(K)) (4)

Training

The critic network in the DDPG framework pro-
cesses both state and action inputs through two fully
connected layers, each containing 256 neurons. These
layers use RelLU activation functions and include batch
normalization to stabilize and improve the learning pro-
cess. The network outputs a single Q-value, representing
the expected cumulative reward for the given state-
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action pair. Similarly, the actor network processes the
state inputs through two fully connected layers with 256
neurons each. These layers also use RelLU activation
functions, along with batch normalization, to ensure sta-
ble and efficient learning. The network concludes with a
Tanh activation function, which outputs the control ac-
tions within the required range. The training phase for the
DRL agent spaned 500 epochs, with each epoch repre-
senting one day of operation, divided into 288 steps cor-
responding to 5-minute intervals. This high-resolution
sampling enabled the agent to respond effectively to
rapid changes in the greenhouse environment, which was
crucial for maintaining optimal growing conditions.

The training process used a learning rate of 1x10-4
to ensure steady weight updates. A soft update coeffi-
cient r of 0.005 was employed for gradual updates to the
target networks, enhancing stability during learning. The
discount factor y was set to 0.99, balancing the im-
portance of immediate rewards with long-term gains.

RESULTS AND DISCUSSION

Model performance

The DNN model, developed using historical data,
was evaluated for its ability to predict greenhouse tem-
peratures over a five day period from March 27th to April
1st, 2024. The model was trained on a dataset of 24,480
samples, with predictions generated at 5 min intervals. It
demonstrated high accuracy, achieving an R? score of
0.94 and an MSE of 0.676 °C, as illustrated in Figure 3.
While the model slightly underestimated greenhouse
temperatures during peak solar irradiance hours on the
last two days, it successfully captured the overall diurnal
trend.
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Figure 3: DNN greenhouse temperature prediction
performance.

Deep deterministic policy gradient performance

The performance of the DDPG controller in regulat-
ing greenhouse temperatures was assessed over a five-
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day simulation, comparing its performance to the existing
greenhouse control system for fixed setpoints of 23°C
during the daytime and 18 °C at night. As illustrated in
Figure 4, the DDPG controller outperformed the GCS in
achieving temperature control. The DDPG controller (rep-
resented by the blue line) maintained temperatures
within +0.1°C of the setpoints (green line), ensuring
smooth adjustments with minimal overshooting or under-
shooting. In contrast, the GCS experienced significant
temperature variability, with actual temperatures (red
line) often significantly deviating from the setpoints,
reaching peaks of 24.3°C during the day and dropping to
lows of 13.8°C at night. The GCS resulted in an MSE of
3.89 °C and an RMSE of 1.97 °C, while the DDPG control-
ler achieved a lower MSE of 0.01 °C and an RMSE of 0.13
°C, demonstrating its superior performance in tempera-
ture regulation.
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Figure 4: Temperature control performance comparison
between GCS and DDPG.

The control actions of the DDPG controller were
compared to the actual control actions implemented by
the GCS, as demonstrated in Figure 5. The DDPG control-
ler operated the fan at relatively lower speeds than the
GCS, ensuring smoother transitions in operation. Addi-
tionally, the fan speed was always operated above 25%,
maintaining consistent CO, circulation within the green-
house. For HVAC control, the GCS operated on fixed
temperature setpoints of 17°C at night and 22°C during
the day. In contrast, the DDPG controller adopted a more
dynamic approach, adjusting the temperature in re-
sponse to changing environmental conditions. This adap-
tive behavior resulted in improved temperature regula-
tion and overall greenhouse climate control.

Figure 6 illustrates the energy consumption over
five days, demonstrating that the DDPG controller con-
sistently resulted in lower energy consumption compared
to the GCS. The DDPG controller accounted for a total
energy usage of 7,789 kWh, while the GCS utilized 8,357
kWh. This led to an overall reduction of 6.80% in energy
consumption with the DDPG compared to the GCS.
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Figure 5: Control action comparison of GCS and DDPG.
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Figure 6: Energy utilization comparison of GCS and
DDPG.

CONCLUSION

This study demonstrated the effectiveness of a
deep reinforcement learning approach using DDPG for
greenhouse temperature control. The developed control
system significantly outperformed the existing green-
house control system, achieving superior temperature
regulation with a mean squared error of 0.01°C and root
mean squared error of 0.13°C, compared to 3.89°C and
1.97°C respectively, for the existing greenhouse system.
The DDPG controller maintained temperatures within
+0.1°C of the setpoints while implementing smoother
control actions, particularly in fan speed transitions. Fur-
thermore, the controller achieved a 6.80% reduction in
energy consumption, utilizing 7,789 kWh compared to
the existing greenhouse system's 8,357 kWh over the
five-day testing period.
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