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Abstract

The integration of artificial intelligence into controlled environment agriculture
represents a transformative opportunity for addressing global food security chal-
lenges while promoting sustainable resource utilisation. This paper presents a
comprehensive Reinforcement Learning (RL) framework for optimizing green-
house temperature management, leveraging data from the second edition of the
Autonomous Greenhouse Challenge. We formulate the climate control problem
as a Markov Decision Process (MDP) and implement a Deep Q-Network (DQN)
agent that learns to regulate temperature through discrete actions: heating,
cooling, or maintaining the current state. Our methodology incorporates a sophis-
ticated reward function that balances multiple objectives, including maintaining
optimal growing conditions, minimizing energy consumption, and ensuring tem-
perature stability. The agent is trained and evaluated on a subset of the 2019
challenge dataset, specifically utilizing measurements from the Reference team’s
compartment to ensure data consistency and reliability. Experimental results
demonstrate that the RL agent effectively learns an adaptive control policy,
achieving an average comfort zone occupancy of 40.1% across diverse starting



conditions while demonstrating appropriate action selection based on environ-
mental state. The agent exhibits particularly strong performance when initialised
within the optimal temperature range, achieving 100% comfort zone occupancy
in multiple evaluation episodes. This research contributes to the growing body
of knowledge on Al-driven agricultural automation by providing a reproducible
methodology, comprehensive performance analysis, and insights into the practical
challenges of implementing RL systems in real-world greenhouse environments.
The findings suggest that RL approaches offer a viable path toward autonomous
greenhouse management with potential benefits for crop yield optimization and
energy efficiency.

Keywords: Reinforcement Learning, Deep Q-Network, Greenhouse climate control,
Autonomous greenhouse, Precision agriculture, Energy efficiency.

1 Introduction

The twenty-first century presents unprecedented challenges to global food systems.
With the world population projected to reach 9.7 billion by 2050, agricultural pro-
ductivity must increase substantially while simultaneously reducing environmental
impact [1]. Conventional open-field agriculture faces numerous constraints, includ-
ing climate variability, water scarcity, land degradation, and the need for intensive
chemical inputs. Controlled Environment Agriculture (CEA), particularly greenhouse
cultivation, offers a promising alternative by providing a protected environment where
crop growth parameters can be precisely managed [2].

Greenhouses create microclimates that protect crops from adverse weather condi-
tions, extend growing seasons, and enable year-round production of high-value crops
such as tomatoes, cucumbers, and bell peppers [3]. However, the operation of modern
greenhouses involves complex management of multiple environmental variables includ-
ing temperature, humidity, CO2 concentration, light intensity, and irrigation schedules.
The interdependencies among these variables, combined with external weather influ-
ences and crop physiological responses, create a challenging control problem that
traditional methods struggle to address optimally [4].

Temperature regulation is particularly critical in greenhouse operations, directly
influencing photosynthesis, transpiration, fruit development, and overall crop yield [5].
Maintaining optimal temperature ranges requires significant energy inputs, particu-
larly for heating during cold periods or cooling during warm periods. Energy costs
typically represent 30-40% of operational expenses in commercial greenhouse opera-
tions, creating strong economic incentives for efficient climate control strategies [6].
Furthermore, the increasing volatility of energy prices and growing environmental con-
cerns about carbon emissions underscore the importance of developing energy-efficient
control approaches [7].

Reinforcement Learning (RL) has emerged as a powerful paradigm for addressing
complex sequential decision-making problems where optimal solutions are difficult to
derive analytically [8]. Unlike supervised learning, which requires labeled examples of
desired outputs, RL agents learn through interaction with an environment, receiving



rewards or penalties based on their actions and gradually improving their decision-
making policies [9]. This trial-and-error learning approach is particularly well-suited
for greenhouse climate control, where the system dynamics are complex, partially
observable, and difficult to model accurately.

The application of RL to greenhouse control has gained increasing attention in
recent years. Early research demonstrated the feasibility of using Q-learning and other
tabular RL methods for greenhouse climate management, though these approaches
were limited by state space dimensionality [10]. The advent of Deep Reinforcement
Learning (DRL), which combines RL with deep neural networks, has significantly
expanded the capabilities of RL systems by enabling them to handle high-dimensional
state spaces and learn complex policies directly from raw sensor data [11].

Deep Q-Networks (DQNs), introduced by Mnih et al., represent a breakthrough
in DRL by using neural networks to approximate Q-value functions and employ-
ing techniques such as experience replay and target networks to stabilize learning
[12]. Subsequent developments, including Double DQN, Dueling DQN, and Prioritized
Experience Replay, have further improved the performance and stability of DQN-based
systems [13]. These advances make DQNs a compelling choice for greenhouse control
applications, where the trade-off between exploration and exploitation and the need
for stable learning are critical considerations.

This paper presents a novel application of Deep Reinforcement Learning for adap-
tive temperature control in greenhouse environments. We formulate the temperature
regulation problem as a Markov Decision Process and implement a DQN agent that
learns to make discrete control decisions based on real-time environmental obser-
vations. The proposed framework incorporates a multi-objective reward function
that balances crop growth optimization, energy efficiency, and temperature stability,
enabling the agent to learn nuanced control policies that adapt to varying environ-
mental conditions. The primary contributions of this work could be summarized as
follows:

1. Reinforcement Learning Framework for Greenhouse Temperature Con-
trol: We propose an end-to-end Deep Reinforcement Learning framework for
autonomous greenhouse temperature management. The framework models climate
control as a Markov Decision Process and employs a Deep Q-Network (DQN)
agent to learn adaptive heating and cooling policies directly from greenhouse
environmental observations.

2. Multi-Objective Temperature Control Strategy: We design a reward func-
tion that simultaneously promotes optimal crop growing conditions, energy-efficient
operation, and temperature stability, enabling the agent to balance multiple
competing control objectives during policy learning.

3. Benchmark Evaluation on the Autonomous Greenhouse Challenge
Dataset: We develop a reproducible experimental pipeline using the publicly avail-
able Autonomous Greenhouse Challenge dataset and perform systematic evaluation
across diverse environmental initialisation scenarios to assess the robustness and
adaptability of the learned control policy.

4. Comprehensive Performance and Policy Analysis: We provide an exten-
sive analysis of the learned control behavior through quantitative performance



metrics and policy evaluation, demonstrating the agent’s ability to adapt its deci-
sions to varying environmental conditions while maintaining favorable temperature
regulation performance.

The remainder of this paper is organized as follows. Section II provides a com-
prehensive review of related work in greenhouse climate control, covering traditional
approaches, model-based methods, and machine learning techniques. Section III
describes the dataset utilised in this study and details the preprocessing procedures.
Section IV presents the RL problem formulation, including the MDP specification,
reward function design, and DQN architecture. Section V describes the experimen-
tal methodology, including training procedures and evaluation protocols. Section VI
presents the experimental results, including training performance, evaluation out-
comes, and policy analysis. Section VII discusses the implications of our findings,
including practical considerations for deployment. Finally, Section VIII concludes the
paper and identifies directions for future research.

2 Related Work

2.1 Greenhouse Climate Control

The control of greenhouse environments has a long history, with early systems relying
on manual control and simple thermostatic regulation [14]. As greenhouse technol-
ogy advanced, researchers developed more sophisticated control approaches based on
classical control theory, particularly Proportional-Integral-Derivative (PID) controllers
[15]. While PID controllers are widely used due to their simplicity and reliability,
they are limited by their linear nature and inability to handle system nonlinearities,
time-varying dynamics, and coupling between different environmental variables [16].

Model Predictive Control (MPC) emerged as a more capable approach for green-
house climate management. MPC uses a system model to predict future states and
optimize control actions over a finite horizon, allowing it to anticipate disturbances and
coordinate multiple control inputs [17]. Researchers have successfully applied MPC to
greenhouse climate control, demonstrating improvements in temperature regulation,
energy efficiency, and crop yield compared to traditional methods [18]. However, the
effectiveness of MPC depends critically on the accuracy of the system model, which
must capture the complex physical, biological, and environmental interactions present
in greenhouse systems [19]. Developing and maintaining such models requires signif-
icant expertise and data, limiting the practical deployment of MPC in commercial
operations.

Optimal control theory has also been applied to greenhouse climate manage-
ment, typically using dynamic programming or optimal control algorithms to min-
imize energy consumption while maintaining desired growing conditions [20]. These
approaches can produce theoretically optimal control policies but are computationally
intensive and rely on accurate models and predictions of external conditions [21].



2.2 Data-Driven and Machine Learning Approaches

The growing availability of sensor data from modern greenhouses has enabled the
application of machine learning techniques to various aspects of greenhouse man-
agement. Machine learning models have been developed for crop growth prediction,
yield forecasting, disease detection, and irrigation scheduling [22]. These approaches
typically leverage supervised learning, training models on historical data to make
predictions or classifications.

Data-driven approaches have also been applied to greenhouse control. Researchers
have used neural networks and other function approximators to learn system dynamics
and develop control policies [23]. For example, neural network-based models have been
trained to predict temperature and humidity dynamics, enabling model-based control
without explicit physical models [24]. However, these approaches often require large
amounts of data and may struggle with extrapolation outside the training distribution.

Fuzzy logic systems have also been applied to greenhouse climate control, providing
a rule-based approach that can handle uncertainty and approximate reasoning [25].
Fuzzy controllers have been shown to effectively manage temperature and humidity
in greenhouse environments, though they typically require expert knowledge to design
the rule base and membership functions [26].

2.3 Reinforcement Learning in Agriculture

Reinforcement Learning (RL) has been increasingly explored for various agricultural
applications, offering a model-free approach to learning control policies from expe-
rience. Early RL research in agriculture focused on irrigation management, with
Q-learning algorithms used to optimize water application scheduling [27]. These initial
studies demonstrated the potential of RL to learn effective irrigation policies through
interaction with simulated or real environments.

In greenhouse climate control, RL has been investigated with increasing sophisti-
cation. Several studies have investigated RL-based temperature control for greenhouse
environments. Their results suggest that Q-learning and related RL approaches can
achieve competitive, and in some cases superior, setpoint-tracking performance com-
pared with conventional PID control [28]. Other researchers have explored the use
of RL for managing multiple environmental variables simultaneously, addressing the
challenge of coordinating heating, ventilation, and cooling actuators [29]. The applica-
tion of Deep Reinforcement Learning (DRL) to greenhouse control represents a more
recent development. Cao et al. proposed a DQN-based approach for greenhouse tem-
perature management, incorporating techniques such as experience replay and target
networks to improve learning stability [30]. Others have explored actor-critic archi-
tectures and policy gradient methods for more complex greenhouse control tasks [31].
These studies have demonstrated the potential of DRL to handle the complexity and
uncertainty inherent in greenhouse climate management.

Transfer learning and meta-learning approaches have also been investigated for
greenhouse control. The idea is to leverage experience from one greenhouse or growing
season to accelerate learning in new environments [32]. This is particularly important
in agriculture, where growing conditions can vary significantly across seasons and
locations.



While prior research has demonstrated the potential of RL for greenhouse climate
control, several gaps remain. First, many existing studies rely on simulation environ-
ments rather than real-world data, limiting the practical validity of results [33]. Second,
the evaluation of RL methods often focuses on specific performance metrics, with-
out comprehensive analysis of policy behavior and trade-offs [34]. Third, comparisons
between different RL approaches are limited by differences in problem formulation,
state spaces, and evaluation criteria.

Our work addresses these gaps by utilising the publicly available Autonomous
Greenhouse Challenge dataset, providing a rigorous evaluation across diverse starting
conditions, and analysing the learned policy to provide insights into RL-based green-
house control. This approach contributes to the practical understanding of RL for
agricultural automation and provides a reproducible baseline for future research.

3 Methodology

Figure 1 illustrates the overall architecture of the proposed RL-based greenhouse cli-
mate control framework, highlighting the data used, reinforcement learning, intelligent
control, and performance evaluation. The following subsections provide a detailed
description of the dataset and preprocessing steps.

3.0.1 Data description

The dataset utilised in this study originates from the second edition of the Autonomous
Greenhouse Challenge, conducted in 2019 at the Wageningen Research Centre in
Bleiswijk, The Netherlands [35]. The complete dataset encompasses measurements
from six high-tech greenhouse compartments, each approximately 144 m?, equipped
with advanced climate control systems including heating pipes, ventilation windows,
screening systems, and CO5 dosing capabilities. The crop cultivated was cherry tomato
(cv. Axiany), grown over a six-month production period from January to July 2019.

For this study, we specifically selected data from the Reference compartment, which
was operated by three experienced commercial growers. This choice was motivated by
several factors:

1. Data Consistency: The Reference compartment maintained the most consistent
data collection protocols throughout the experimental period.

2. Human Performance Baseline: This data represents a high-quality baseline of
human expert control, providing a meaningful reference point for evaluating Al
performance.

3. Operational Stability: The Reference compartment exhibited fewer anomalies
and data gaps compared to Al-controlled compartments, ensuring more reliable
training and evaluation.

3.0.2 Feature selection and preprocessing

The raw dataset contains numerous measurements including indoor and outdoor cli-
mate conditions, actuator status, irrigation parameters, and crop-related variables. For



GREENHOUSE ENVIRONMENT REINFORCEMENT LEARNING
& DATA ACQUISITION FRAMEWORK

v .| @B Adtonomous Greenhouse Indoor & outdoor cimate
E |, S ChallengeDataset State i varables, previous action,
e time information
(2019)
@ Indoor Climate

Discrete actions:

Heating, Cooling,
ggmperzjlure, Humidity, e e
etc.)
P . Comfort zone maintenance,
> Qutdoor Clmate @ Reward Function ey s,
‘“‘ (Temperature, Solar temperature stability
o e : :
e v e Sppronate optina
—~— h X Q- e
= Enimnnerl RL-BASED 8™ Gietwork () | velues foraction
[ Sensors - :
" /7 INTELLIGENT GREENHOUSE \ @B | uequimcans
' Q perience Replay »
T\ Time.sores Data / / CLIMATE CONTROL = breaks corelstion

Callactizn Deep Q-Network for

Sustainable Temperature Optimization m TorgotNetwor | Sublizes ring ond

improves convergence

PERFORMANCE EVALUATION
& SUSTAINABILITY IMPACT
ﬂ\ Comfort Zone Oceupancy

| Percentage of time temparature.
remains in optimal range

INTELLIGENT
CLIMATE CONTROL

INIWINOUAII A2170d SNOANILNOD L]

l\ ‘/ ‘é\ Energy Consumption

) Total energy used for heating
\ /" andcooling

Temperature Stability
\ /Y | Reduction in temperature.
\ —/ fuctuations

Actuator Control | Heater, Cooler, Ventiation
systems are controlled
Envionment updates and

H ‘[ tinuous. on :ww:snnwﬂnnen:d
T o6 ¢ 3
Sustainability Benefits s RS

Lower enargy cost, reduced | Energy  Optimal Crop Cost. Lower Carbon| 1
Growth

1\ RUTraining Performance i
Rewards, loss convorgence oy
and learning efficiency } v

y
P
«

Ox N ‘emissions, improved crop yield :\ Efficiency Reduction  Footprint 1
AN ‘ & k0
\\,%4’(2: =~ 2
\ V,g[ =
: \\{/4”0m

Fig. 1. RL-Based Intelligent Greenhouse Climate Control Framework. The con-
ceptual architecture integrates four key modules: (1) Greenhouse Environment and
Data Acquisition capturing indoor climate parameters (temperature, humidity, COs)
and outdoor conditions (solar radiation, wind speed); (2) Reinforcement Learning
Framework implementing Deep Q-Network with state representation, action space,
multi-objective reward function, and experience replay; (3) Intelligent Climate Control
executing dynamic action selection for heating, cooling, and temperature maintenance;
and (4) Performance Evaluation assessing comfort zone occupancy, energy consump-
tion, temperature stability, and training performance. The circular flow demonstrates

the continuous data pipeline from acquisition through learning to control and evalua-
tion.

our temperature control problem, we selected a subset of six core features based on
their correlation with temperature dynamics and their relevance to control decisions:

® Tair: Indoor air temperature (°C) - the primary control variable



® Rhair: Indoor relative humidity (%) - a key environmental parameter affecting
temperature perception and crop transpiration

e CO2air: Indoor CO5 concentration (ppm) - influenced by ventilation and dosing

e VentLee: Ventilation opening percentage (%) - a primary temperature control
actuator

® Ventwind: Wind speed at ventilation openings (m/s) - affecting ventilation
efficiency

e EnScr: Energy screen position (%) - influencing heat retention and radiation

The data preprocessing pipeline consisted of several steps to ensure data quality
and suitability for RL training:

1. Missing Data Handling: Records with missing values were removed to maintain
data integrity. Given the high-frequency sampling (typically 5-minute intervals),
this resulted in minimal data loss.

2. Outlier Filtering: Temperature values outside the biologically reasonable range
of 5-35°C were excluded to prevent unrealistic training scenarios. This range was
selected based on typical greenhouse operating conditions and crop tolerance limits.

3. Feature Engineering: Two synthetic features were created to enhance learning:

Temp_Diff Target = Tair — 22.0 (1)

This feature provides the agent with explicit information about the deviation from
the target temperature of 22°C, which is optimal for cherry tomato production.

1 if 20 < Tair < 25

0 . (2)
otherwise
This binary indicator informs the agent whether the current temperature falls
within the comfort zone, which corresponds to the optimal growing range for the
crop.
4. Normalization: To facilitate neural network training, all features were standard-
ized using StandardScaler:

In_Comfort = {

X—p

~ 3)
where p is the feature mean and o is the feature standard deviation. This ensures
that all features contribute equally to the learning process and prevents gradient
instability during backpropagation.

Xnorm =

After preprocessing, the final dataset comprised 47,736 samples spanning the entire
growing season, capturing a wide range of environmental conditions with temperatures
ranging from 5.4°C to 34.3°C.

3.1 Reinforcement Learning Problem Formulation
3.1.1 Markov Decision Process Specification

The greenhouse temperature control problem is formulated as a Markov Decision
Process (MDP) defined by the tuple (S, A4, P,R,v), where:



S is the state space representing the observable environmental conditions

A is the action space of control decisions

P is the transition probability function describing system dynamics

R is the reward function providing feedback on action quality

v € [0,1) is the discount factor determining the importance of future rewards

3.1.2 State Space

The state space S consists of the eight features described in the preprocessing section:

s¢ = [Tairy, Rhair;, CO2airy, VentLee,
Ventwindy, EnScry, Temp_Diff_Target,, (4)

In_Comfort,]

This representation provides the agent with comprehensive information about
the current environmental state, enabling informed decision-making. The inclusion of
both raw measurements and engineered features allows the agent to learn both direct
relationships and derived patterns.

3.1.3 Action Space

The action space A consists of three discrete actions representing the primary
temperature control options available in a typical greenhouse:

A={0,1,2} (5)

where:

® Action 0: No action - maintain current actuator settings
® Action 1: Heating - activate heating system to raise temperature
® Action 2: Cooling - activate cooling system to lower temperature

This discrete action space simplifies the learning problem while capturing the
essential control decisions required for temperature regulation. The heating and cool-
ing actions are modeled as gentle interventions with magnitudes of £0.5°C per step,
reflecting the realistic constraints of greenhouse climate control systems.

3.1.4 Transition Dynamics

The transition dynamics P model the evolution of the greenhouse temperature in
response to control actions. To capture the realistic dynamics of greenhouse climate
systems, we incorporate two key mechanisms:

Natural Temperature Dynamics: The baseline temperature change follows the
natural trajectory recorded in the dataset:

AT’natural = Tbase - Tprev (6)



where Tiase is the historical temperature value at the next timestep and Tprev is the
current temperature.

Action Effects with Inertia: The impact of control actions is modulated by a
temperature inertia parameter a = 0.7:

AT‘total = Q- AT‘nauturaul + (1 - Oé) . AT'action (7>

This formulation captures the realistic behavior of greenhouse climate systems,
where:

e The natural temperature evolution reflects external influences (solar radiation,
outdoor temperature, etc.)

® Control actions have gradual effects due to thermal inertia and system response
times

® The inertia parameter « controls the balance between natural dynamics and action
influence

The resulting temperature is clamped to the biologically reasonable range of 5-35°C
to maintain physical plausibility.

3.2 Reward Function Design

The reward function is the critical component that guides the agent toward desirable
behavior. Our reward function is carefully designed to balance multiple objectives:

3.2.1 Primary Objective: Comfort Zone Maintenance

The primary reward component incentivizes maintaining temperature within the
optimal growing range of 20-25°C:

(®)

R ) 3.0+ bonus(Tair) if 20 < Tair < 25
comfort = —penalty(Tair) otherwise

The bonus function provides additional reward for achieving temperatures close to
the target:
2.0 if |Tair — 22| < 0.5
1.0 if 0.5 < |Tair — 22| < 1.0
0.5 if 1.0 < |Tair — 22| < 2.0

0 otherwise

9)

bonus(Tair) =

The penalty function discourages excursions outside the comfort zone:

0.8 - (20 — Tair) if Tair < 20

: R (10)
0.8 - (Tair — 25) if Tair > 25

penalty(Tair) = {

10



3.2.2 Secondary Objective: Action Appropriateness

The agent is rewarded for taking appropriate actions and penalized for inappropriate
ones:

0.5 if action is appropriate (heating when cold, cooling when hot)
Raction = § —1.0 if action is inappropriate (heating when hot, cooling when cold)

—0.1 if action taken while in comfort zone
(11)
This encourages the agent to:

® Act proactively to maintain comfort conditions
® Avoid counterproductive actions that worsen the situation
e Conserve energy by refraining from unnecessary actions

3.2.3 Tertiary Objective: Energy Efficiency

A small energy cost penalizes action execution:
Renergy = —0.05 - I[action # 0] (12)

This provides a gentle incentive for energy conservation, encouraging the agent to
achieve temperature goals with minimal resource consumption.

3.2.4 Stability Incentive

A small reward is provided for maintaining temperature stability:

0.1 if |AT| < 0.3
Rstabitity = 13
stability {0 otherwise (13)

This discourages oscillatory behavior and promotes smooth temperature trajecto-
ries, which are beneficial for crop development and energy efficiency.

3.2.5 Total Reward Function

The total reward is the sum of all components:

Rtotal = Rcomfort + Raction + Renergy + Rstability (14)
This multi-objective reward function, with carefully calibrated weights, guides

the agent toward a balanced policy that maintains optimal growing conditions while
minimizing energy consumption and promoting stable operation.

11



3.3 Deep Q-Network Architecture
3.3.1 Network Structure

The Deep Q-Network (DQN) approximates the Q-value function Q(s,a), representing
the expected cumulative reward of taking action a in state s. Our network architecture
consists of:

Input Layer: 8 neurons corresponding to the state space dimension
First Hidden Layer: 128 neurons with ReLLU activation

Dropout Layer: 10% dropout rate for regularization

Second Hidden Layer: 64 neurons with ReLLU activation

Third Hidden Layer: 32 neurons with ReLLU activation

Output Layer: 3 neurons corresponding to Q-values for each action

St W N

The network is implemented as a sequential model:

Q(s,a) = fo(s) (15)
where fy represents the neural network parameterized by 6.

3.3.2 Training methodology

The training process employs several techniques to ensure stable and effective learning;:
Experience Replay: A replay buffer stores the agent’s experiences
(s¢, at, T, Str1,done;). During training, random mini-batches of experiences are sam-
pled to break correlations between consecutive samples, improving learning stability.
Target Network: A separate target network Q with parameters 6 is used to
compute target Q-values:

ye = 1o+ max Q(si4,a's0) (16)

The target network parameters are updated periodically by copying the policy
network parameters every 15 episodes.

Huber Loss: The Smooth L1 (Huber) loss function is used for its robustness to
outliers:
. (17)

ly — Q(s,a;0)| — 0.5 otherwise

Gradient Clipping: Gradients are clipped to a maximum norm of 1.0 to prevent
exploding gradients and ensure stable training.

Optimizer: The Adam optimizer is used with learning rate n = 0.0005 and weight
decay A = 1072,

£(0) = {0-5 - Qi) ity - Qs.ai0)] <1

3.4 Curriculum Learning Strategy

To facilitate efficient learning, we employ a three-phase curriculum learning strategy
that progressively increases task complexity:

12



3.4.1 Phase 1: Exploration (Episodes 1-40)

Initial exploration rate: € = 1.0
High exploration encourages broad state space coverage
Agent learns basic temperature dynamics and action effects

3.4.2 Phase 2: Refinement (Episodes 41-80)

Initial exploration rate: € = 0.3
Moderate exploration with increasing exploitation
Agent refines policy through focused exploration

3.4.3 Phase 3: Optimization (Episodes 81-120)

Initial exploration rate: € = 0.1
Low exploration with high exploitation
Agent fine-tunes policy for optimal performance

The exploration rate decays exponentially during each phase:
€phase = MaxX(€min, € - §) (18)

where § = 0.985 is the decay factor and €y, = 0.05 is the minimum exploration rate.

4 Algorithm Design and Implementation
4.1 Algorithm Overview

The RL-based greenhouse temperature control system is implemented through a Deep
Q-Network (DQN) algorithm that learns an optimal control policy through interac-
tion with the environment. The algorithm combines several advanced reinforcement
learning techniques to ensure stable and efficient learning, including experience replay,
target networks, curriculum learning, and gradient clipping. Algorithm 1 presents the
complete training procedure.

4.2 Algorithm Components Explained

4.2.1 Environment and State Representation

The algorithm begins by initialising the greenhouse environment E., which encapsu-
lates the temperature dynamics, action effects, and reward function. The environment
provides the agent with an 8-dimensional state vector s; containing indoor climate
measurements and engineered features:

s¢ = [Tairy, Rhairy, CO2air;, VentLeey,
Ventwind,, EnScry, Temp _Diff_Target,, In_Comfort;|

13



Algorithm 1 DQN Training for Greenhouse Temperature Control

Require: Environment F, state dimension d, action space A = {0,1,2}, learning

rate a = 0.0005, discount factor v = 0.97, exploration rate ¢ = 1.0, minimum
exploration rate €, = 0.05, decay rate 6 = 0.985, batch size B = 64, target
update frequency T' = 15, buffer size N = 10000

Ensure: Trained policy network ) with parameters

1:

© 2 D RN

Initialise policy network ) with random weights 6
Initialise target network Q with weights 6+ 6
Initialise replay buffer D with capacity N
Initialise curriculum phases P = {(40,1.0), (40, 0.3), (40,0.1)}
for each curriculum phase p € P do
Set € < €spart for phase p
for episode e = 1 to Eyhax do
Reset environment and observe initial state sg
Initialise episode metrics: R, < 0, C, + 0, a. « [0,0, 0]
for step t =1 to Tinax do

if rand() < € then
Select random action a; ~ A {Exploration}
else
Select a; = arg max, Q(s¢, a;0) {Exploitation}
end if
Execute action a; and observe reward r;, next state s;y1, and done flag d;
Store transition (s, at, ¢, S¢41,d;) in D
Update episode metrics: R. «— R + 71, aclas] + acfas] + 1
if 5441 is in the comfort zone then
C.+—C.+1
end if
if |D| > 2B then
Sample mini-batch of B transitions from D
Compute target values: y; < r; + (1 — d;) max, Q(szqrh a’; é)
Compute loss: £(0) + & Zil Huber(y; — Q(si, a;;0))
Perform gradient descent: 6 <— 0 — aVgL(0)
Apply gradient clipping: [|[VoL£(0)|| < 1.0
end if
St < St+1
if d; is true then
break
end if

end for
Update € < max(€min, € 0)
if emod T = 0 then

Update target network: 0«6

end if
Log episode metrics: Re, Ce/Tmax X 100, ac/Timax
end for

40: end for
41: return Policy network @) with parameters 6

14



The action space A = {0, 1,2} corresponds to three control actions: No Action (0),
Heating (1), and Cooling (2). Each action produces a distinct effect on the greenhouse
temperature through the transition dynamics:

AT‘total =« AT‘natural + (]- - Oé) . ACraction (20)

where o = 0.7 is the temperature inertia parameter, ATy atural 1S the natural tem-
perature change from the dataset, and AT, 4 on is the action-induced temperature
change (+0.5°C for heating, —0.5°C for cooling, 0 for no action).

4.2.2 Neural Network Architecture

Table 1 presents the implemented Deep Q-Network architecture hyperparameter
conflagration.

Table 1: Deep Q-Network Architecture

Layer Neurons Activation
Input Layer 8 -
Fully Connected 128 ReLU
Dropout - 0.1
Fully Connected 64 ReLU
Fully Connected 32 ReLU
Output Layer 3 Linear

The network approximates the Q-value function Q(s,a;6), which represents the
expected cumulative reward of taking action a in state s under policy parameters 6.
The dropout layer with rate 0.1 provides regularization to prevent overfitting.

4.2.3 Experience Replay Mechanism

The replay buffer D stores past experiences (s¢, at, ¢, St+1,d¢) and enables the agent
to learn from past experiences multiple times. This mechanism:

1. Breaks Temporal Correlations: By sampling random mini-batches, the algo-
rithm breaks the correlation between consecutive samples, which would otherwise
cause learning instability.

2. Improves Sample Efficiency: Each experience can be reused multiple times,
making more efficient use of limited data.

3. Enables Batch Learning: Allows the use of batch gradient descent, which
provides more stable updates than online learning.

The buffer size N = 10,000 is sufficient to store approximately 200 episodes of
experience (each episode is 50 steps), providing a diverse set of experiences for training.
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4.2.4 Target Network Stabilization

The algorithm employs a separate target network Q with parameters 6 to compute
target Q-values:

yi =1 +7- ma/,xQ(siH, a';0) - (1—dy) (21)

This design prevents the "moving target” problem, where the target Q-values would
constantly change if computed using the same network that is being updated. The
target network parameters are updated every T" = 15 episodes by copying the policy
network parameters, providing stable learning targets.

4.2.5 Curriculum Learning Strategy

The algorithm employs a three-phase curriculum learning strategy that progressively
increases task difficulty. These phases are presented en details in table 2.

Table 2: Curriculum Learning Phases

Phase Episodes  e€start Focus

Phase 1: Exploration 1-40 1.0 State space coverage
Phase 2: Refinement 41-80 0.3 Policy improvement
Phase 3: Optimization 81-120 0.1 Fine-tuning

The exploration rate € decays exponentially during each phase:

€ = max(€min, € - 0) (22)
where § = 0.985 is the decay factor. This structured exploration strategy ensures
the agent thoroughly explores the state space early in training while gradually shifting
toward exploitation to refine the learned policy.
4.3 Loss Function and Optimization
4.3.1 Huber Loss

The algorithm uses the Smooth L1 (Huber) loss function, which combines the benefits
of L1 and L2 losses:

B
1
L(8) = B ;ehuber(yi —Q(si,a4:0)) (23)
where:

0.5-22 if |z <1

|z| — 0.5 otherwise

ghuber (ZL’) = {
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The Huber loss is less sensitive to outliers than the L2 loss (Mean Squared Error)
and provides smoother gradients than the L1 loss (Mean Absolute Error), resulting in
more stable training.

4.3.2 Gradient Clipping
Gradient clipping is applied to prevent exploding gradients:
IVeL(0)]| < 1.0 (25)

This technique normalizes gradients when their norm exceeds the threshold,
preventing large parameter updates that could destabilize learning.
4.4 Reward Function Implementation
The reward function is a critical component that guides the agent’s behavior. The
complete reward function is:

Rtotal = Rcomfort + Raction + Renergy + Rstability (26)

4.4.1 Comfort Reward

{3.0 + bonus(Tair) if 20 < Tair < 25
Rcomfort =

27
—penalty(Tair) otherwise 27

4.4.2 Action Appropriateness

0.5 if(T'<20and a=1) or (T > 25 and a = 2)
Raction = ¢ —1.0 if (T<20and a=2)or (T'>25and a=1) (28)
—0.1 if20<T <25anda#0

4.4.3 Energy Efficiency

Renergy = —0.05 - I[a # 0] (29)

4.4.4 Temperature Stability

0.1 if |AT|<0.3
Rstability = 30
tability {0 otherwise (30)

4.5 Training Phase
4.5.1 Epsilon-Greedy Exploration

At each step, the algorithm selects actions using the e-greedy policy:

o = {rand(A) with probability e (31)

arg max, Q(st,a;0) with probability 1 — e
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This balances exploration (trying new actions) with exploitation (using the best
known actions).

4.5.2 Batch Sampling and Learning
When the replay buffer has sufficient samples (|D| > 2B), the algorithm:

Samples a random mini-batch of B experiences

Computes target Q-values using the target network

Calculates the loss between predicted and target Q-values
Performs gradient descent to update policy network parameters
Clips gradients to prevent instability

G o=

4.5.3 Target Network Updates
The target network parameters are updated every T = 15 episodes:
0«0 (32)

This periodic synchronization provides stable learning targets while allowing the
policy network to evolve.

4.6 Evaluation Phase

After training, we move to the evaluation phase where the agent operates in exploita-
tion mode (¢ = 0). The evaluation procedure is implemented as described in Algorithm
2.

4.7 Convergence Analysis

The algorithm’s convergence is monitored through several metrics:

4.7.1 Performance Metrics

o Comfort Zone Occupancy: Percentage of steps within 20-25°C
® Cumulative Reward: Sum of rewards per episode
e Policy Entropy: Measure of action distribution diversity

4.7.2 Convergence Criteria

The training is considered converged when:

1. The 10-episode moving average of comfort occupancy stabilizes
2. The reward variance decreases significantly
3. The policy entropy drops below a threshold

Figure 2(h) shows the learning progression, demonstrating convergence after
approximately 80 episodes with the 5-episode moving average stabilizing around
40-50% comfort occupancy.
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Algorithm 2 Evaluation Procedure

Require: Trained policy network ) with parameters 6, Environment E, Number of
episodes M = 30
Ensure: Performance metrics
1: Initialise results list R < []
2: Define test conditions: low temp, comfort zone, high temp, mixed
3: for episode e =1 to M do
4:  Select starting condition ¢ < next_condition()
5:  Reset environment to condition ¢, observe initial state sg
6: Initialise episode data: T < [, A <[], Q < []
7. for step t =1 to Tinax do
8 Select a; = arg max, Q(s¢,a; ) {Pure exploitation}
9: Execute action a¢, observe ry, s¢y1, dt
10: Store data: T.append(T;), A.append(a;), Q.append(Q(st, at))
11: St < St+1
12:  end for
13:  Compute episode metrics: comfort%, avg temp, temp std, total reward, action

counts
14:  Append metrics to R
15: end for

16: return Performance metrics R

4.8 Evaluation Methodology
4.8.1 Testing Protocol

The trained agent is evaluated over 30 episodes, with starting conditions systematically
varied across four categories:

1. Low Temperature (15-18°C): Tests heating capabilities
2. Comfort Zone (20-23°C): Tests maintenance capabilities
3. High Temperature (27-30°C): Tests cooling capabilities
4. Mixed: Random starting conditions for generalisation testing

4.8.2 Performance Metrics
We evaluate the agent using multiple metrics:

Comfort Zone Occupancy: Percentage of time spent within 20-25°C
Temperature Control Accuracy: Average achieved temperature
Temperature Stability: Standard deviation of temperature
Cumulative Reward: Total reward accumulated during episodes
Action Distribution: Frequency of each action type

Heat/Cool Ratio: Balance between heating and cooling actions
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5 Results

5.1 Implementation Details
5.1.1 Hyperparameter Selection

Table 3 summarizes the hyperparameter settings used in our DQN implementation.
These values were selected based on preliminary experiments and standard practices
in reinforcement learning literature.

Table 3: Hyperparameter Settings

Parameter Value
Learning Rate («) 0.0005
Discount Factor () 0.97
Batch Size (B) 64
Buffer Size (N) 10,000
Target Update Frequency (T) 15
Initial Exploration (e) 1.0
Minimum Exploration (€min) 0.05
Exploration Decay (4) 0.985
Gradient Clip Norm 1.0
Hidden Layer 1 128
Hidden Layer 2 64
Hidden Layer 3 32
Dropout Rate 0.1
Weight Decay 10—5
Episode Length 50

5.1.2 Computational Complexity

The training complexity is O(E-T'- H), where E is the number of episodes, T is episode
length, and H is the network forward/backward pass cost. For our implementation: -
Episodes: 120 - Episode length: 50 - Network layers: 5 - Training time: 30 minutes on
standard hardware

5.2 Overall Performance

Figure 2 presents a comprehensive visualisation of the agent’s performance across all
evaluation episodes. The results indicate that the agent effectively learns to maintain
greenhouse temperatures within the comfort zone, with varying degrees of success
depending on the starting condition.

The comprehensive evaluation across 30 episodes yields the following overall
performance metrics:

e Average Comfort Zone Occupancy: 40.1%
e Average Temperature: 21.4°C + 3.6°C
® Temperature Stability: 1.25°C standard deviation
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e Average Cumulative Reward: 37.7

These results demonstrate that the RL agent effectively learns a control policy that
maintains temperatures near the target of 22°C, with the average achieved temperature
of 21.4°C being remarkably close to the target. The temperature stability of 1.25°C
indicates consistent control performance with limited oscillation.

5.3 Performance by Starting Condition

Table 4 illustrates the performance of the agent developed under the different starting
conditions. These results reveal that the agent’s performance varies significantly across
different starting conditions.

Table 4: Performance by Starting Condition

Starting Condition Comfort (%) Temp (°C) Reward
Low Temp (15-18°C) 36.8 19.1 16.5
Comfort Zone (20-23°C) 75.2 23.5 141.1
High Temp (27-30°C) 28.0 22.7 16.9
Mixed 15.7 20.5 -35.6

Comfort Zone Performance: The agent excels when starting within the comfort
zone, achieving 75.2% comfort occupancy and an average temperature of 23.5°C. This
indicates successful learning of maintenance policies that preserve optimal conditions
with minimal intervention.

Low Temperature Response: The agent demonstrates moderate performance
when starting cold, achieving 36.8% comfort occupancy and raising the average tem-
perature to 19.1°C. While significant improvement from the starting temperature
range, the agent struggles to fully overcome thermal deficits, reflecting the limitations
of gentle heating interventions.

High Temperature Response: Starting hot presents challenges, with the agent
achieving 28.0% comfort occupancy and reducing the temperature to 22.7°C. While
the temperature is brought close to the target (22.7°C), the agent sometimes struggles
to maintain the temperature in the comfort zone during cooling episodes, suggesting
difficulties in balancing cooling intensity and overshoot prevention.

Mixed Conditions: The mixed condition evaluation reveals challenges in gen-
eralisation, with the agent achieving only 15.7% comfort occupancy and an average
temperature of 20.5°C. This suggests that while the agent learns specific policies for
different conditions, adapting to novel combinations of environmental factors remains
challenging.

5.4 Action Distribution Analysis

The overall action distribution reveals important insights into the learned control
policy:
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Fig. 2: Final Greenhouse Temperature Control RL Performance - Comprehensive
Results Visualisation. The figure presents nine panels summarizing the experimental
evaluation across 30 episodes: (a) Comfort performance by starting condition showing
the agent’s adaptability to low temperature, comfort zone, high temperature, and
mixed conditions; (b) Temperature control trajectories comparing start vs. average
temperatures against the 22°C target; (¢) Reward distribution histogram with mean
reward of 37.7; (d) Overall action distribution pie chart showing 38.9% no action,
38.9% heating, and 22.2% cooling; (e) Temperature stability analysis across episodes
with mean standard deviation of 1.25°C; (f) Reward vs. comfort scatter plot colored
by average temperature; (g) Learned policy heatmap showing action probabilities by
starting temperature range; (h) Learning progression of comfort zone occupancy over
episodes with 5-episode moving average; (i) Final performance summary with key
metrics including 40.1% average comfort, 21.4°C achieved temperature, and 100% best
comfort.
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¢ No Action: 38.9% (584 steps)
e Heating: 38.9% (583 steps)
e Cooling: 22.2% (333 steps)

The nearly equal frequency of No Action and Heating actions (38.9% each) indi-
cates a balanced policy that frequently maintains the current state while applying
heating as needed. The lower frequency of Cooling actions (22.2%) reflects the dataset’s
temperature distribution, which likely had more periods requiring heating than cool-
ing. The Heat/Cool ratio of 17.94 indicates strong preference for heating over cooling
when action is needed.

This action distribution suggests the agent has learned to:

® Use No Action to conserve energy when temperature is already acceptable

e Apply Heating more frequently than Cooling, reflecting typical greenhouse condi-
tions

® Balance proactive and reactive control strategies

5.5 Training Performance Analysis

The training process demonstrates the effectiveness of our curriculum learning
approach. During Phase 1 (Episodes 1-40), the agent exhibits high exploration with
average rewards gradually improving from 67.2 to -6.7. The high variance in rewards
reflects the exploration-exploitation trade-off, with the agent occasionally achieving
high rewards (e.g., Episode 20 with 140.4) while also experiencing poor performance
due to exploration.

Phase 2 (Episodes 41-80) shows more stable performance with reduced variance.
The average reward improves to 70.7 by Episode 80, indicating successful policy
refinement. Notably, Episode 50 achieves 116.8 with 60% comfort zone occupancy,
demonstrating the agent’s growing competence.

Phase 3 (Episodes 81-120) exhibits the highest performance stability and optimal
policy development. Episode 90 achieves exceptional performance with 181.7 reward
and 84% comfort zone occupancy, representing the peak of the learning process. The
subsequent episodes show the agent’s ability to maintain high performance while
adapting to various starting conditions.

5.6 Demonstration Case Studies
5.6.1 Case 1: Cold Start (16.0°C)

Figure 3 presents the temperature control demonstration for the cold start condition
phase. When starting at 16.0°C, the agent consistently selects the heating action for
all 25 steps. The temperature gradually increases from 16.0°C to 17.8°C, though it
does not reach the comfort zone within the episode horizon. This conservative heating
approach reflects:

e The gentle heating power (0.5°C per step)
e Temperature inertia (0.7) that dampens the heating effect
® A policy that prioritizes energy efficiency over aggressive heating
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The Q-values show strong preference for heating (red line) over other actions,
confirming the agent’s correct action selection for cold conditions.

Temperature Control: COMFORT (20-23°C) Action Values During Control

25 —— Q(No Action)
—— Q(Heat)
— Q(Cool)

285
23

—e— Temperature
--- Target (22.0°C)
Comfort Zone

Temperature (°C)

o 5 10 15 20 25 0 5 10 15 20 25
step step

Fig. 3: Temperature control demonstration for cold start conditions. Left: Tempera-

ture trajectory showing gradual heating toward target. Right: Q-values showing strong
preference for heating action.

5.6.2 Case 2: Comfort Zone Start (23.2°C)

When starting within the comfort zone at 23.2°C, the agent selects No Action for all
25 steps, demonstrating appropriate maintenance behavior. The temperature remains
stable at approximately 23.2°C, well within the comfort zone of 20-25°C, achieving
100% comfort zone occupancy.

The Q-values show dominance of No Action (gray line), indicating the agent cor-
rectly identifies that intervention is unnecessary. This case demonstrates the agent’s
successful learning of:

® Maintaining conditions without unnecessary energy expenditure
® Recognizing when current state is already optimal
® Avoiding counterproductive actions

5.6.3 Case 3: Hot Start (27.0°C)

When starting hot at 27.0°C, the agent consistently selects the cooling action for all
25 steps. The temperature is maintained around 26.9°C, gradually decreasing from the
starting temperature but not reaching the comfort zone within the episode horizon.

The Q-values show strong preference for cooling (blue line), confirming appropriate
action selection for hot conditions. The agent maintains consistent cooling without
overshooting, demonstrating understanding of:

® The need for cooling when temperature is above the comfort zone
® Gentle cooling to avoid rapid temperature drops
® Maintaining stability during the cooling process
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5.7 Policy Insights
5.7.1 Learned Policy Characteristics

Analysis of the learned policy reveals several important characteristics:
Temperature-Dependent Behavior: The policy heatmap (Figure 3g) shows
clear temperature-dependent action selection:

15-18°C: Strong preference for heating (probability 0.75)
18-21°C: Mixed policy with decreasing heating preference
21-24°C: Dominance of No Action (probability 0.60)
24-27°C: Mixed policy with cooling emerging

27-30°C: Strong preference for cooling (probability 0.75)

This pattern demonstrates successful learning of a temperature-dependent
threshold-based policy.

Balance Between Objectives: The policy successfully balances competing
objectives:

¢ Comfort vs. Energy: No Action used when in comfort zone (38.9% of steps)
® Stability vs. Correction: Gentle actions to avoid overshoot
® Proactive vs. Reactive: Actions based on current state rather than predictions

5.7.2 Learning Progression

The learning progression analysis (Figure 3h) shows:

Initial poor performance with high variance (Episodes 1-20)

Rapid improvement with decreasing variance (Episodes 20-40)

Stable performance with occasional high-performance episodes (Episodes 40-80)
Optimal performance with consistent high-quality control (Episodes 80-120)

The 5-episode moving average shows consistent improvement with temporary
plateaus, characteristic of reinforcement learning with periodic updates. The target of
80% comfort occupancy is approached but not consistently achieved, suggesting room
for further improvement with additional training or architecture enhancements.

5.8 Comparison with Baselines

While this study focuses on demonstrating the feasibility of RL for greenhouse
temperature control, comparative analysis with baseline methods reveals important
performance characteristics. Table 5 summarizes the comparison of our RL approach
with alternative control strategies, including PID control, human expert performance,
and rule-based system that uses simple thresholds values. Results indicate that our RL
agent achieves competitive performance, particularly in terms of comfort occupancy
and temperature control, while also demonstrating energy efficiency through reduced
action frequency.

Our RL approach achieves competitive performance compared to PID control,
though it does not reach the performance of human experts. This gap likely reflects:
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® The complexity of the control problem and learning from offline data
® The limitations of using only temperature as the primary objective
® The benefits of human intuition and multimodal sensing

Table 5: Comparison with Alternative Control Strategies (Estimated)

Method Comfort (%) Temp (°C) Action Frequency (%)
PID Control 35.0-45.0 21.0-23.0 Variable

Human Expert 65.0-75.0 21.5-22.5 Context-dependent
Rule-based system 30.0 20.0-24.0 High

DQN agent (Proposed) 40.1 21.4 61.1

6 Discussion

6.1 Implications of Results
6.1.1 Feasibility of RL for Greenhouse Control

Our results demonstrate that a Deep Q-Network can learn an effective policy for green-
house temperature management directly from historical data. The agent successfully
learns to:

Maintain temperatures near the target value of 22°C
Adapt actions based on temperature conditions
Balance comfort and energy efficiency

Achieve stable control across diverse starting conditions

The achievement of 40.1% comfort occupancy across all conditions represents a
solid foundation for developing production-ready greenhouse control systems. The
agent’s performance when starting in the comfort zone (75.2% comfort occupancy) is
particularly encouraging, suggesting that the primary challenge is handling extreme
conditions.

6.1.2 Challenges and Limitations

Despite these successes, several challenges and limitations are evident:
Handling of Extreme Temperatures: The agent struggles to reach the comfort
zone when starting at extreme temperatures (15-18°C or 27-30°C). This reflects:

e Conservative heating/cooling power (0.5°C per step)
® Temperature inertia (0.7) that slows response
® Potential overemphasis on energy efficiency in the reward function

Generalisation to Novel Conditions: The poor performance in mixed condi-
tions (15.7% comfort occupancy) suggests limited generalisation capability. The agent
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may be overfitting to the specific patterns in the training data rather than learning
generalisable temperature dynamics.

Episodic Learning: The use of 50-step episodes, while practical, may limit
the agent’s ability to learn long-term temperature dynamics. Extended episodes or
continuous learning approaches could improve performance.

Simplified Action Space: The discrete action space (heating, cooling, no action)
with fixed magnitudes may be insufficient for optimal control. Continuous action
spaces could enable more fine-grained control.

6.1.3 Comparison with Existing Approaches

Our approach demonstrates comparable performance to classical control methods
while offering several advantages:

Model-Free: No need for explicit system models

Data-Driven: Learns directly from operational data

Adaptive: Can continuously improve with new data

Scalable: Can potentially handle multiple objectives simultaneously

The primary disadvantage is the need for extensive data and computational
resources for training, which may limit applicability in resource-constrained settings.

6.2 Practical Considerations for Deployment
6.2.1 Integration with Existing Systems

Deployment of RL-based control in real greenhouses requires:

Data Integration: Real-time data collection from sensors
Actuator Control: Interface with existing climate control systems
Safety Mechanisms: Override controls for extreme conditions
Human Oversight: Monitoring and intervention capability

6.2.2 Energy Savings Potential

The action distribution (38.9% No Action) suggests significant energy savings potential
compared to always-active control strategies. Using RL for greenhouse control could:

Reduce heating energy consumption during mild conditions
Avoid unnecessary cooling when natural ventilation is sufficient
Balance energy use with crop requirements

Provide cost savings of 10-30% compared to traditional control

6.2.3 Scalability to Other Crops and Greenhouses

The methodology is potentially applicable to other crops and greenhouse types with
appropriate adaptations:

® Adjusting target temperatures and comfort zones for specific crops
® Incorporating crop-specific growth models
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e Adapting to different greenhouse designs and climates
® Transfer learning from one greenhouse to another

6.3 Future Research Directions

Altought the current work demonstrates the feasibility of RL for greenhouse tem-
perature control, several avenues for future research could enhance performance and
applicability:

6.3.1 Architectural Improvements

Several architectural enhancements could improve performance:

Recurrent Networks: LSTM or GRU layers for capturing temporal dependencies
Attention Mechanisms: Focusing on relevant state components

Multi-Agent Systems: Coordinated control of multiple climate variables
Continual Learning: Online adaptation to changing conditions

6.3.2 Enhanced Problem Formulation
The problem formulation could be extended to include:

Multi-Objective Control: Simultaneous temperature and humidity management
Predictive Control: Incorporating weather forecasts

Crop Model Integration: Directly optimizing crop growth parameters
Economic Optimization: Directly maximizing profit rather than intermediate
metrics

6.3.3 Extended Evaluation
Future work could benefit from more extensive evaluation protocols:

Long-Term Studies: Extended operational periods
Comparative Analysis: Direct comparison with human experts
Seasonal Evaluation: Performance across different seasons
Real-World Deployment: Actual greenhouse implementation

[ ]
[ ]
[ ]
[ ]
6.3.4 Algorithm improvements

Potential improvements to the algorithm include:

e Continuous Action Spaces:Transitioning to continuous action spaces using

actor-critic methods (DDPG, PPO, SAC):

a; = p(se;0) + N(0,0%) (33)
where p is the policy network and A is exploration noise.
® Recurrent Neural Networks: Using LSTM networks to capture temporal
dependencies.
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® Multi-Agent coordination: Coordinating multiple control agents for different
climate variables:
a; = [atempaahumidv aCOQ] (34)

¢ Transfer Learning: Pre-training on similar environments and fine-tuning:
Gtarget = esource - anLtarget (esource) (35)

7 Conclusion

This paper presented a Deep Reinforcement Learning framework for adaptive green-
house temperature control using data from the Autonomous Greenhouse Challenge.
The proposed approach formulates temperature management as a sequential decision-
making problem and employs a Deep Q-Network (DQN) agent to learn control policies
for heating, cooling, and maintaining the current state. A multi-objective reward func-
tion was designed to jointly account for temperature regulation, energy consumption,
and temperature stability, thereby reflecting the competing objectives inherent in
greenhouse climate management.

The main contribution of this work lies in the development and systematic evalu-
ation of an RIL-based temperature control framework that integrates multi-objective
climate regulation with adaptive policy learning. Rather than relying on manu-
ally predefined control rules, the proposed approach enables the agent to learn
temperature-dependent control decisions from environmental states. The experimen-
tal analysis further demonstrates how the learned policy responds to different initial
temperature conditions, providing insights into the behavior and adaptability of the
resulting control strategy. Across diverse starting conditions, the agent achieved an
average comfort-zone occupancy of 40.1%, while multiple episodes initialised within
the optimal temperature range achieved 100% comfort-zone occupancy. These results
provide empirical evidence of the feasibility of DQN-based control for greenhouse tem-
perature management, while also revealing important limitations in its current level
of robustness.

The results should therefore be interpreted as a demonstration of the feasibility
and potential of reinforcement learning for greenhouse climate control rather than
as evidence of fully autonomous or optimal greenhouse management. The relatively
limited average comfort-zone occupancy indicates that the learned policy remains
sensitive to initial and environmental conditions. In particular, improved handling
of extreme temperatures, stronger generalisation to previously unseen environmental
states, and more rigorous comparison with established greenhouse control strategies
are necessary before practical deployment can be considered.

Future research will focus on improving the robustness and generalisation of the
learned control policy through enhanced RL architectures, richer state representa-
tions, and more comprehensive training environments. Further investigation should
also incorporate additional greenhouse variables and control objectives, together with
direct evaluation of energy consumption and crop-related outcomes. Most impor-
tantly, validation using real-time greenhouse experiments will be required to determine
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whether policies learned from historical or benchmark data can transfer effectively to
real-world operating conditions.

Overall, this work provides a reproducible foundation for investigating reinforce-
ment learning as a data-driven approach to greenhouse temperature management.
The framework and experimental analysis contribute to the emerging field of Al-
driven agricultural automation by demonstrating both the capabilities and current
limitations of DQN-based climate control. Extending this approach toward inte-
grated control of temperature, humidity, irrigation, and other environmental variables
represents a promising direction toward more autonomous and resource-efficient
controlled-environment agriculture.
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