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Abstract: As global populations grow and environmental constraints intensify, improving agricultural
water management is essential for sustainable food production. Traditional irrigation methods often
lack adaptability, leading to inefficient water use. Reinforcement learning (RL) offers a promising
solution for developing dynamic irrigation strategies that balance productivity and resource conser-
vation. However, agricultural RL tasks are characterized by sparse actions—irrigation only when
necessary—and delayed rewards realized at the end of the growing season. This study integrates
RL with AquaCrop-OSPy simulations in the Gymnasium framework to develop adaptive irrigation
policies for maize. We introduce a reward mechanism that penalizes incremental water usage while
rewarding end-of-season yields, encouraging resource-efficient decisions. Using the Proximal Policy
Optimization (PPO) algorithm, our RL-driven approach outperforms fixed-threshold irrigation strate-
gies, reducing water use by 29% and increasing profitability by 9%. It achieves a water use efficiency of
76.76 kg /ha/mm, a 40% improvement over optimized soil moisture threshold methods. These findings
highlight RL's potential to address the challenges of sparse actions and delayed rewards in agricultural
management, delivering significant environmental and economic benefits. The implementation code
for this study is publicly available at https://github.com/alkaffulm/aquacropgymnasium.

Keywords: reinforcement learning; sparse actions; delayed rewards; proximal policy optimization;
maize; water use efficiency; irrigation strategies

1. Introduction

As global populations continue to grow and environmental challenges become more pronounced,
optimizing water management in agriculture has emerged as a critical priority for sustainable food
production. By 2050, the Food and Agriculture Organization (FAO) projects that the Earth’s population
will reach 9.6 billion, necessitating a 50% increase in food production compared to 2013 levels [1].
However, conventional irrigation methods, which prioritize maximizing crop yield, often lead to
inefficient water use and contribute significantly to environmental degradation [2]. Irrigation cur-
rently accounts for nearly 70% of global freshwater withdrawals, depleting groundwater reserves at
unsustainable rates [3]. This excessive water consumption threatens the sustainability of vital water
resources and poses substantial risks to long-term food security [4,5]. Furthermore, the inability of
traditional irrigation systems to adapt dynamically to changing weather patterns and fluctuating water
availability exacerbates water wastage and highlights the inefficiency of these approaches [6,7]. Ad-
dressing these challenges requires innovative irrigation strategies that prioritize resource conservation
without compromising agricultural productivity [8,9]. Optimizing water use in agriculture is essential
not only for environmental sustainability but also for meeting growing food demands in the face of
increasing water scarcity [9].

Recent advances in agricultural simulation software have provided powerful tools for improv-
ing resource management and enabling more efficient farming practices. Examples of these tools
include APSIM (Agricultural Production Systems Simulator) [10], DSSAT (Decision Support System
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for Agrotechnology Transfer) [11], and AquaCrop [12]. These simulations enable accurate modeling
of crop growth, environmental interactions, and resource management strategies, allowing farmers
to test and refine practices in virtual environments before implementation in the field [13]. Among
these tools, AquaCrop stands out for its focus on simulating crop yield responses to water availability,
making it particularly effective in water-limited environments. By modeling the interactions between
crop growth and water supply, AquaCrop offers valuable insights into how irrigation strategies impact
yield under varying conditions.

In addition to agricultural simulation tools, artificial intelligence (AI) has emerged as a trans-
formative force in agriculture, driving innovations in resource optimization and decision-making.
Techniques such as deep learning (DL) and neural networks (NN) are being applied to monitor plant
health, predict water stress, and automate tasks like weeding and harvesting, improving operational
efficiency [14]. Al-based automation, leveraging tools like artificial neural networks (ANN) and
the Internet of Things (IoT), enables precise real-time monitoring of soil moisture and temperature,
enhancing resource management and sustainability.

Building on these Al-driven advancements, reinforcement learning (RL) has emerged as a promis-
ing framework for optimizing long-term decision-making in agriculture [15]. In the context of agri-
cultural water management, RL has the potential to address complex challenges by dynamically
adapting to real-time environmental conditions. RL algorithms could optimize irrigation schedules
by accounting for fluctuations in weather patterns, variations in soil moisture levels, and unforeseen
rainfall events. However, unlike domains such as robotics, where actions are frequently taken and
rewards are often immediate, agricultural RL tasks typically involve sparse actions—agents should
only intervene (irrigate) when truly necessary—and sparse rewards that become fully apparent only
at the end of the growing season [16]. This inherent sparsity in both actions and rewards introduces
unique computational and learning challenges, requiring RL approaches tailored to the agricultural
context. This adaptability offers the potential to enhance water use efficiency, minimize resource
wastage, and support improved crop productivity under diverse and dynamic conditions.

The integration of RL with agricultural simulations has garnered considerable interest, with
platforms such as CropGym [17,18], gym-DSSAT [19], CyclesGym [16], and SWATGym [20] enabling
RL models to make informed decisions based on simulated agricultural outcomes. For instance,
gym-DSSAT [19] integrates RL with the DSSAT crop growth model [11] to simulate management tasks
such as fertilization and irrigation, achieving higher yields with reduced resource input. Similarly,
CyclesGym [16] integrates the Cycles crop model [21] to optimize long-term tasks such as nitrogen
fertilization and crop rotation, balancing yield with environmental impacts such as nitrate leaching.

Expanding upon these prior developments, Kelly et al. (2024) introduced AquaCrop-Gym, a
pioneering framework that integrates the AquaCrop-OSPy model [22] with reinforcement learning (RL)
to evaluate irrigation strategies and their impact on crop yield. Their study demonstrated the potential
of RL-driven irrigation, particularly under extreme conditions, where it outperformed conventional
methods. Unlike Gym-DSSAT and CyclesGym, which integrate RL for broader crop management tasks,
AquaCrop-Gym specifically focuses on irrigation optimization using AquaCrop-OSPy’s detailed water-
crop interactions. However, its reward mechanism, centered solely on profitability, limits adaptability
and real-world applicability. Moreover, the study highlighted the need for RL approaches that can
better handle high rainfall variability, where conventional methods often proved more effective. These
limitations provide an opportunity for further research to enhance the adaptability and efficiency of
RL-based irrigation strategies.

Most RL-based studies, including AquaCrop-Gym, have focused primarily on yield or profit
maximization. For instance, CropGym and CyclesGym integrate RL to optimize nutrient and water
management but do not explicitly isolate irrigation as the primary optimization target. This approach
can obscure the specific impact of irrigation optimization. Further research, such as [23], [24], and [25],
has applied RL to specific crops, demonstrating water savings without compromising yield, yet they
lack a comprehensive focus on irrigation optimization.
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Our study builds upon the framework established by Kelly et al. [26], addressing key gaps in
adaptability, reward design, and evaluation. By isolating irrigation as the primary variable, we intro-
duce a novel reward system that not only penalizes excessive water use through step penalties and
incentivizes end-of-season yield optimization, but also inherently encourages sparse actions—irrigation
interventions occur only when truly beneficial—aligning with the delayed and intermittent nature
of agricultural decision-making. Unlike prior works, such as Gym-DSSAT and CyclesGym, which
integrate multiple resource management tasks, our approach focuses exclusively on irrigation man-
agement, ensuring precise evaluation of water use efficiency. This approach explicitly balances water
conservation with agricultural productivity, overcoming the narrow profit-maximization focus of
prior studies. Additionally, this study adopts Gymnasium [27], a stable and actively maintained RL
environment, which builds on and improves OpenAI Gym [28], the framework used in Kelly et al. [26]
AquaCrop-Gym. Gymnasium ensures long-term support, better compatibility with modern RL tools,
and an improved user experience for developing and evaluating RL-based irrigation strategies. By
integrating AquaCrop-OSPy simulations with Gymnasium, we provide a robust and flexible platform
for testing and comparing irrigation strategies through reinforcement learning (RL).

We developed an adaptive irrigation management system for maize crops using Proximal Policy
Optimization (PPO) [29], a state-of-the-art RL algorithm known for its stability and efficiency in
addressing complex decision-making environments. This system builds on the RL-based advancements
seen in CropGym, gym-DSSAT, and AquaCrop-Gym, but focuses explicitly on real-world irrigation
challenges and water use efficiency. It dynamically optimizes water use while ensuring high crop
yields, achieving a balance between resource conservation and agricultural productivity. Furthermore,
our approach is designed to handle the unique challenges of RL in agriculture, where irrigation
decisions are inherently sparse and rewards are delayed until the end of the growing season. By
leveraging a tailored reward mechanism that penalizes excessive water use and rewards end-of-season
yield, we ensure the RL agent learns effective policies even under these sparse action and sparse
reward constraints.

Our research advances agricultural sustainability by leveraging RL to address water scarcity
while promoting environmental conservation. By introducing a scalable and adaptable framework for
optimizing irrigation, our findings bridge the gap between theoretical advancements and practical
applications. These insights offer actionable strategies for policymakers and agricultural practitioners,
particularly in water-scarce regions, enabling informed decision-making that aligns economic goals
with environmental stewardship.

In the remainder of this paper, we review related work on RL in agriculture in Section 2. Section 3
details our methodological approach, including the integration of the Proximal Policy Optimization
(PPO) algorithm with the AquaCrop-OSPy crop simulation model and the development of our innova-
tive reward mechanism that balances water conservation with yield optimization. In Section 4, we
present our experimental findings, demonstrating how the RL-based irrigation strategies outperform
conventional methods in terms of water usage reduction and profitability enhancement. Finally,
Section 5 summarizes our key insights and discusses potential avenues for future research to advance
sustainable irrigation practices through reinforcement learning further.

2. Related Works

Reinforcement learning (RL) has emerged as a promising approach for addressing the com-
plexities of sustainable crop production in agricultural management. Its ability to make sequential
decisions and adapt to dynamic environments makes it particularly effective for optimizing agricul-
tural practices influenced by unpredictable weather conditions and soil variability [15]. However,
unlike RL applications in domains such as robotics—where actions are frequent and rewards are often
immediate—agricultural scenarios inherently feature sparse actions and delayed rewards. Irrigation
interventions may be required only intermittently, and their true impact on yield is not realized until


https://doi.org/10.20944/preprints202501.1285.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 January 2025 d0i:10.20944/preprints202501.1285.v1

40f19

the end of the growing season, posing unique challenges for both the agent’s learning and policy
evaluation.

2.1. RL in Crop Simulation Models

Recent advancements have explored the integration of RL with crop simulation models to enhance
crop management strategies. For instance, [19] presented Gym-DSSAT, an RL environment derived
from the Decision Support System for Agrotechnology Transfer (DSSAT) [11], enabling the simulation
of management tasks such as fertilization and irrigation. Initial results indicated that RL-based policies
could surpass conventional expert-designed strategies, achieving higher yields with reduced resource
input. Similarly, [16] developed CyclesGym, an RL environment based on the Cycles crop model [21],
which optimizes long-term crop management tasks such as nitrogen fertilization and crop rotation.
This approach balances yield optimization with environmental objectives, including mitigating nitrate
leaching.

[18] extended RL applications through CropGym, based on the PCSE crop model [30], focusing
on optimizing nitrogen fertilization for winter wheat. Their study demonstrated that RL could achieve
near-optimal nitrogen application policies, effectively reducing environmental harm from nutrient
runoff. Furthermore, [20] combined RL with the Soil and Water Assessment Tool (SWAT) [31] in
SWATGym, providing a platform to optimize irrigation and fertilization practices using real-time
data. These studies underscore the potential of RL in agricultural management, though many focus
on combined fertilization and irrigation strategies, complicating the isolation of irrigation-specific
impacts.

2.2. RL Applications in Irrigation Management

Other studies have applied reinforcement learning (RL) directly to irrigation management using
real-time data and machine learning models, often targeting specific crops. For example, [23] employed
a deep Q-Network (DQN) algorithm to optimize irrigation schedules for rice fields, demonstrating
significant water savings without negatively affecting crop yield. Similarly, [25] enhanced DQN
models with Long Short-Term Memory (LSTM) networks to incorporate time-series data on soil
conditions, leading to improvements in water use efficiency and productivity compared to fixed
irrigation schedules. In the context of orchard crops, [24] developed DRLIC, a Deep Reinforcement
Learning (DRL)-based irrigation system for almond orchards. This system utilized real-time soil
moisture data and incorporated safety mechanisms to prevent over- or under-irrigation, achieving
reduced water usage while maintaining crop health.

Although these approaches demonstrate the potential of RL in optimizing water use for specific
crops, their lack of integration with comprehensive crop simulation models limits their scalability
and adaptability to diverse environmental conditions. By relying primarily on real-time data and
crop-specific implementations, these methods may struggle to generalize across varied agricultural
systems or account for long-term environmental factors.

2.3. AquaCrop-Gym

A significant step forward in RL for irrigation management was made by [26], who introduced
AquaCrop-Gym. This framework integrates the AquaCrop-OSPy model [22,32] with OpenAI Gym
to evaluate the effects of RL-driven irrigation strategies on crop yield. Their findings demonstrated
that deep reinforcement learning (DRL) outperformed conventional heuristic methods under extreme
conditions, such as zero rainfall or severe water restrictions. However, in scenarios with high rainfall
variability, conventional soil moisture threshold (SMT) methods performed comparably or better.

AquaCrop-Gym highlights the potential of RL in optimizing irrigation strategies but also un-
derscores critical limitations, including a reward system focused solely on profitability. These gaps
provide an opportunity for further research to develop RL-driven frameworks that explicitly prioritize
water efficiency while maintaining adaptability across diverse environmental contexts.
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2.4. Research Gaps and Contributions

Despite significant progress in RL applications for crop and irrigation management, several critical
research gaps remain. Many studies simultaneously address irrigation and fertilization, making it
challenging to isolate the specific impacts of irrigation strategies on water efficiency. Existing RL reward
mechanisms often emphasize either penalizing water use or maximizing yield independently, without
integrating both objectives into a balanced framework. Moreover, while agriculture inherently involves
sparse actions—interventions are not continuously needed—and rewards that only manifest at the end
of the growing season, few studies have explicitly accounted for these intrinsic characteristics. This
oversight may hinder the development of RL agents capable of learning effective long-term strategies.

This study addresses these gaps by focusing exclusively on irrigation optimization and introduc-
ing several key innovations. First, we propose a novel reward system that balances water conservation
and yield maximization, incorporating step penalties for excessive irrigation and incentives for end-of-
season yield. This design inherently accommodates the sparse action and delayed reward nature of
agricultural RL tasks, encouraging agents to act only when necessary and strive for long-term perfor-
mance. Second, we utilize historical weather data spanning 1982 to 2018 for Champion, Nebraska, as
provided by the AquaCrop-OSPy model, ensuring authenticity and facilitating evaluation under realis-
tic conditions. Third, AquaCrop-OSPy is integrated with Gymnasium, a stable and actively maintained
successor to OpenAl Gym, improving compatibility with modern RL tools and ensuring long-term
scalability. Finally, this study evaluates RL-driven strategies using a comprehensive benchmarking
framework—including SMT, rainfed, interval-based, net irrigation, and random strategies—providing
a rigorous comparison to assess performance.

By addressing these gaps and tailoring RL approaches to the sparse, delayed nature of agricultural
decision-making, this study advances RL applications in irrigation management. It offers actionable
insights for real-world adoption and scalability, paving the way for more sustainable and efficient
agricultural practices.

3. Materials and Methods

This study employs reinforcement learning (RL) to optimize irrigation scheduling for maize crops,
aiming to enhance water efficiency without compromising yield. Unlike many RL applications—such
as robotics, where actions and rewards are dense—agricultural irrigation management involves sparse
actions (infrequent interventions) and sparse rewards (yield realized only at the end of the season).
To effectively address these challenges, we leverage Proximal Policy Optimization (PPO) [29], a
state-of-the-art RL algorithm known for its stability and efficiency in complex decision-making tasks.

Our approach compares PPO-based irrigation strategies to conventional methods that rely on
soil moisture thresholds or fixed intervals, as well as two baseline scenarios: rainfed (no irrigation)
and a random policy. To ensure a robust and fair comparison, we optimized both the PPO algorithm’s
hyperparameters and the soil moisture thresholds using the Optuna framework [33], which efficiently
explores large hyperparameter spaces. This systematic tuning ensures that each method’s performance
is measured under near-optimal conditions, enhancing the validity and reliability of our results.

All experiments were conducted on the Aziz supercomputer at King Abdulaziz University,
utilizing A100 GPUs with 32 CPU cores to ensure computational efficiency and scalability.

3.1. Reinforcement Learning Environment

Our work builds upon the aquacrop-gym environment introduced by Kelly et al. [26], which
integrates the AquaCrop-OSPy model with OpenAl Gym. To improve compatibility and long-term
maintainability, we transitioned to Gymnasium, the actively maintained successor to OpenAl Gym.
Gymnasium offers better support for modern RL libraries, enhanced stability, and streamlined devel-
opment, making it an ideal platform for implementing adaptive irrigation strategies.

In addition, we updated AquaCrop-OSPy from version 1.1.2 to version 3.0.9 to incorporate
the latest features and improvements. Dependency management was handled using Poetry [34],
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simplifying the installation process and ensuring a reproducible environment. These modifications
provide the RL agent with comprehensive access to crop and environmental parameters, enabling
more informed and adaptive decisions.

We selected PPO from the Stable-Baselines3 library [35] due to its proven effectiveness in policy
optimization tasks with discrete actions. PPO’s ability to balance exploration and exploitation while
maintaining training stability is critical for handling the sparse action and sparse reward nature of
agricultural RL tasks, where daily irrigation decisions have long-term repercussions on yield and
water efficiency.

3.2. Simulation Setup and Data

We employed historical weather and soil data from AquaCrop-OSPy [32] for Champion, Nebraska,
spanning 1982 to 2018. Each growing season starts on May 1, with the crop grown in Sandy Loam
soil—known for its balanced water retention and drainage. The initial soil water content is set to Field
Capacity to ensure optimal starting conditions. Weather data from 1982 to 2007 were used for training,
and data from 2008 to 2018 for evaluation, providing a realistic temporal split and ensuring that the
trained policies are tested on unseen conditions.

AquaCrop-OSPy simulates crop growth and water balance under varying irrigation regimes,
providing a high-fidelity environment for RL training and evaluation. By combining authentic weather
patterns, soil characteristics, and initial conditions, we ensure that the resulting irrigation policies are
both scientifically sound and practically applicable.

3.3. State and Action Spaces

At each daily timestep, the RL agent receives a 26-dimensional observation vector encompassing
crop parameters (e.g., age in days, canopy cover, biomass growth, soil water depletion, total available
water) and weather data (daily precipitation, minimum/maximum temperatures, and aggregated
weather summaries over the preceding seven days). This rich observation space allows the agent to
make context-aware decisions that consider both immediate soil moisture conditions and long-term
yield implications.

The action space consists of two discrete options at each timestep: apply no irrigation (0 mm) or
apply 25 mm of water. Restricting to a binary choice reduces complexity and directs the agent’s focus
toward determining the optimal timing of interventions rather than the quantity of water to apply.
Such simplicity is advantageous in real-world settings, where flexible but efficient strategies can easily
integrate into existing irrigation systems.

Figure 1 illustrates the daily interaction loop between the PPO agent and the AquaCrop-OSPy
simulation within the AquaCropGymnasium framework. At the start of each day, the agent receives an
observation vector describing the crop state (e.g., canopy cover, biomass growth, soil water depletion)
and environmental factors (e.g., precipitation, temperature). Guided by this information, the agent
selects an irrigation action (0 mm or 25 mm). AquaCrop-OSPy then simulates the crop and soil
responses over the course of that day, returning updated conditions—such as soil moisture and water
balance—to the agent at the next timestep. Through this iterative feedback process, the agent refines
its strategy, learning when and how much to irrigate to maximize yield while conserving water.

The reward mechanism combines step-based penalties for irrigation use with a final, yield-based
reward at the end of the growing season. Each daily irrigation event incurs a penalty proportional
to the amount of water applied, discouraging excessive water use. At the season’s conclusion, the
agent receives a terminal reward based on the final dry yield, thereby incentivizing it to maintain
productivity. Unlike the purely profit-focused approach of Kelly et al. [26], our method explicitly
integrates sustainability by balancing short-term resource use against long-term yield outcomes. Over
successive growing seasons, the agent learns to adopt irrigation practices that enhance crop yields
while minimizing water consumption.


https://doi.org/10.20944/preprints202501.1285.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 January 2025 d0i:10.20944/preprints202501.1285.v1

7 of 19

AquaCropGymnasium

Action ———— L
A

PPO Agent Step Penalty = Total Irrigation

Observation Space Action Space

Crop State Irrigate (25 mm)
Weather Data

1

or
Not Irrigate (0 mm)

AquaCrop-OSPy

Crop: Maize
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End of Season Reward = Dry Yield ** 4 J

L

Figure 1. The interaction between the PPO agent and the AquaCrop-OSPy simulation within the AquaCropGym-
nasium framework.

3.4. Reward Mechanism

A well-designed reward function is crucial for guiding the RL agent toward strategies that
balance water conservation and yield. In this study, the reward combines incremental penalties for
irrigation events with a yield-based terminal reward, reflecting the sparse action and delayed reward
characteristics inherent in agricultural tasks.

At each timestep t, the agent incurs a penalty based on the cumulative irrigation applied so far:

TotalIrrigationt, ifl; >0

Penalty, = 1

0, otherwise

where:

¢ Penalty, (mm) is the penalty at time step ¢.
¢  Totallrrigation, = Y+ _; Iy (mm) is the total water applied up to time ¢.
*  [; (mm) is the irrigation depth applied at time ¢.

This cumulative penalty discourages unnecessary irrigation by increasing the penalty with each
additional watering event, promoting sparse and judicious irrigation actions over the season.

At the end of the episode (the growing season), the agent receives a terminal reward based on the
final dry yield:

FinalReward = (DryYield)* ()

where:
* DryYield (t/ha) is the final dry yield of the maize crop.

Exponentiating the dry yield amplifies the reward for higher yields, motivating the agent to
prioritize strategies that enhance crop productivity. Raising the reward to the power of 4 ensures
the agent does not settle for a “just enough” positive reward but instead actively seeks to maximize
yield. This design creates a strong incentive for achieving optimal crop performance by significantly
amplifying the differences between mediocre and high yields, thereby guiding the agent toward
strategies that emphasize long-term agricultural success.

The total episode reward is thus:
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T
TotalReward = ) (—Penalty,) + (DryYield)*, 3)
=1

where:
e Tisthe total number of timesteps in the growing season.

This combined reward structure ensures the RL agent learns policies that emphasize sparse,
well-timed irrigation interventions, ultimately supporting sustainable and productive agricultural
practices. By combining immediate penalties for excessive irrigation with an amplified yield-based
terminal reward, the reward function strikes a balance between short-term resource conservation and
long-term productivity maximization.

3.5. Proximal Policy Optimization (PPO)

To develop an adaptive irrigation management system, we employ the Proximal Policy Opti-
mization (PPO) algorithm [29], a state-of-the-art policy gradient method known for its robustness
and sample efficiency in complex environments. PPO optimizes the policy by maximizing a clipped
surrogate objective function:

LCLIP(g) = E, [min(r:(0) Ay, clip(r:(0), 1 —€, 1+€)A;)], 4)

where r¢(0) is the probability ratio, A; the advantage estimate, € the clipping parameter, and 6 the
policy parameters. This objective function encourages beneficial policy updates while preventing
drastic changes that could destabilize learning. Both the policy and value functions in PPO use neural
networks with two hidden layers of 64 neurons each, employing ReLU activation functions. The
policy network outputs a probability distribution over actions, while the value network estimates the
expected return from a given state.

This configuration ensures that PPO can handle the complexity and uncertainty of agricultural
irrigation tasks, learning robust and scalable policies that promote water efficiency and high yields.

3.6. PPO Hyperparameter Optimization

To ensure optimal performance, we used Optuna [33] to systematically tune the hyperparameters
of the PPO agent. This framework efficiently explores large hyperparameter spaces, identifying
configurations that strike a balance between exploration and exploitation.

We conducted 50 trials, each involving training the PPO agent for 100,000 timesteps with a unique
hyperparameter set sampled from defined ranges (Table 1). Our objective was to maximize the mean
cumulative reward over the last ten training episodes. By focusing on final performance, we ensured
that the agent not only learned effectively but also generalized well by the end of training.

Table 1. Hyperparameter Search Ranges for PPO Optimization.

Hyperparameter Search Range

Learning Rate Log-uniform between 1 x 10> and 1 x 1073
Number of Steps per Update (n_steps) {1024, 2048, 4096}

Batch Size {128, 256, 512, 1024}

Number of Epochs Integers from 10 to 50

Discount Factor () Uniform between 0.90 and 0.99

Clip Range (¢) Uniform between 0.1 and 0.3

Entropy Coefficient Log-uniform between 1 x 10~° and 1 x 1073

After optimization, we identified the hyperparameters listed in Table 2 as yielding the best
performance. These settings provided a stable training regime that effectively accounted for the sparse
action and delayed reward structure of the agricultural domain.
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Table 2. Optimized PPO Hyperparameters.

Hyperparameter Value
Learning Rate («a) 6.34 x 10~%
Number of Steps per Update (n_steps) 2048

Batch Size 512
Number of Epochs 23
Discount Factor () 0.98

Clip Range (¢) 0.22
Entropy Coefficient 450 x 1074

Key hyperparameters include a relatively high discount factor (y = 0.98) to emphasize long-term
outcomes, and an entropy coefficient (4.50 x 10~#) that encourages sufficient exploration. The selected
clip range (¢ = 0.22) moderates policy updates, maintaining training stability, while the chosen
learning rate (6.34 x 10~%) and batch size (512) offer a good balance between convergence speed and
gradient estimate quality.

With these optimal hyperparameters, we retrained the PPO agent for various durations (500,000,
1,000,000, 1,500,000, 2,000,000, and 2,500,000 timesteps) to assess how the agent’s performance evolved
over extended training periods. Evaluating policies saved at these checkpoints provided insights into
the stability, consistency, and reliability of the learned irrigation strategies.

By integrating PPO with the optimized hyperparameters in our custom RL environment, we
established a robust foundation for RL-based irrigation management. This setup enabled us to compare
our RL-driven solutions against both optimized and conventional irrigation strategies, ultimately
providing a comprehensive evaluation of the agent’s real-world applicability.

3.7. Irrigation Strategies

To comprehensively evaluate the RL-based PPO agent, we compared its performance against both
optimized and conventional irrigation methods.

3.7.1. Optimized Strategies

Alongside the PPO agent, we optimized the Soil Moisture Threshold (SMT) irrigation strategy.
SMT applies irrigation when soil moisture falls below predefined thresholds tailored to specific crop
growth stages. Using Optuna, we conducted 50 trials to fine-tune thresholds for each growth stage.
The resulting optimal moisture thresholds were 23.72%, 26.46%, 38.19%, and 50.11% of total available
water (TAW) for emergence, canopy growth, maximum canopy, and canopy senescence, respectively.

To prevent overirrigation, we imposed a 300 mm seasonal irrigation cap. This ensures sufficient
soil moisture for crop growth without excessive water use. By combining threshold optimization with
an irrigation limit, we enhance water efficiency while maintaining productivity.

3.7.2. Conventional Strategies

In addition to the optimized SMT approach, we implemented several conventional irrigation
strategies commonly used in agricultural practice:

Interval-Based Irrigation: Irrigation is applied every seven days, regardless of soil conditions.
This approach reflects traditional fixed-interval practices and provides a straightforward baseline for
comparison.

Net Irrigation: Daily additions of water maintain soil moisture above 70% TAW, ensuring
consistently favorable conditions for crop growth.

Rainfed Irrigation: Serving as a natural baseline, this strategy relies solely on precipitation,
allowing us to measure the impact of supplemental irrigation on yield and water efficiency.

Random Agent: The random agent selects actions (0 mm or 25 mm) uniformly at each timestep,
ignoring environmental states. This nondeterministic baseline tests the PPO agent’s resilience and
effectiveness compared to random decision-making.
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3.8. Evaluation Framework and Performance Metrics

We evaluated the PPO agent and the optimized SMT strategy within the AquaCrop-OSPy simu-
lation environment, which accurately models crop growth and soil-water dynamics under varying
conditions. To ensure robust and statistically meaningful results, each irrigation method was tested
over 100 episodes, each representing a distinct growing season with unique weather and soil character-
istics. Using 100 episodes enhances statistical significance and captures the variability encountered in
real-world farming scenarios.

To address stochastic effects and initial condition variability, we employed three different random
seeds for each experiment. Averaging results across these seeds further improves the reliability and
robustness of our findings.

We assessed irrigation methods using key performance metrics:

*  Dry Yield (t/ha): Final maize yield at the end of the season.

e  Total Irrigation (mm): Total volume of irrigation water applied.

*  Water Efficiency (kg/ha/mm): Yield produced per millimeter of irrigation water, indicating how
effectively water is converted into biomass.

*  Profitability ($): Net economic gain, factoring in both crop yield and irrigation costs.

We report average values and standard deviations across the three random seeds and 100 episodes
for each metric, ensuring a comprehensive and reliable performance assessment.

All code, including PPO implementations, training scripts, evaluation scripts, and optimization
procedures, is publicly available at https://github.com/alkaffulm/aquacropgymnasium. This open-
source approach promotes transparency, reproducibility, and future research advancements.

4. Results and Discussion

This section presents a comparative analysis of our RL-based irrigation strategy and conventional
methods. We focus on how the reward mechanism guides policy development, ensuring water
conservation does not come at the expense of yield or profit.

4.1. PPO Training Progress and Performance at Different Timesteps

To understand how our agent’s strategy evolves, we evaluated its performance at training mile-
stones of 500,000, 1,000,000, 1,500,000, 2,000,000, and 2,500,000 timesteps. Figure 2 shows normalized
rewards across these checkpoints, and Table 3 summarizes key metrics—mean yield, seasonal irrigation,
profit, and water efficiency.

Initially, the agent prioritized yield, achieving 13.95-14.00 t/ha at 500,000-1,000,000 timesteps but
consuming more water (227-241 mm). Although profitability and water efficiency improved slightly,
water usage had not yet been optimized.

By 1,500,000 timesteps, the agent found a favorable balance: yield remained robust (13.80 t/ha),
seasonal irrigation dropped to 179.83 mm, and water efficiency surged to 76.76 kg/ha/mm, resulting in
the highest profit ($576.91). This milestone reflects the reward mechanism’s impact, aligning economic
returns with environmental sustainability.

Beyond 1,500,000 timesteps, further training improved water efficiency at the expense of yield and
profit. At 2,000,000 timesteps, yields declined to 13.51 t/ha, profits fell to $538.27, and water efficiency
reached 81.33 kg/ha/mm. By 2,500,000 timesteps, yield (13.64 t/ha) and profit ($560.41) partially
recovered while efficiency reached 81.72 kg/ha/mm. These fluctuations indicate that excessive
emphasis on water savings can diminish overall economic viability.

In essence, 1,500,000 timesteps emerged as the "sweet spot" where yield, profitability, and water
efficiency were optimally balanced. This result underlines the importance of careful training duration
selection, ensuring that the RL approach leverages the reward mechanism effectively to achieve
sustainable and economically viable irrigation strategies.

In Section 4.2, we compare the best-performing RL strategy with conventional soil moisture
threshold and interval-based methods. This analysis further illustrates how adapting irrigation
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decisions in response to real-time feedback—rather than relying on static thresholds—can promote
more efficient resource use, stable yields, and stronger economic returns.

(a) 500,000 Timesteps (b) 1,000,000 Timesteps

(c) 1,500,000 Timesteps (d) 2,000,000 Timesteps

(e) 2,500,000 Timesteps

Figure 2. Normalized rewards per episode for the PPO agent at different training milestones (500K to 2.5M
timesteps). The overall upward trend indicates effective policy learning and performance optimization over time.

Table 3. PPO agent performance metrics at various training stages.

Training Steps Mean Yield IS ea sor.lal Profit Water Efficiency
rrigation
(tonne/ha) (mm) %) (kg/ha/mm)
500,000 14.00 £+ 0.22 240.75 + 86.59 551.10 58.15
1,000,000 13.95 £0.21 226.92 + 88.15 556.81 61.49
1,500,000 13.80 £ 0.17 179.83 £ 89.44 576.91 76.76
2,000,000 13.51 £ 0.16 166.17 £ 85.95 538.27 81.33
2,500,000 13.64 £ 0.28 166.92 £ 87.26 560.41 81.72

4.2. Comparison of Irrigation Strategies

Table 4 compares the key performance metrics (yield, irrigation volume, water use efficiency, and
profitability) for the PPO strategy and several conventional irrigation methods. The PPO approach
stands out by achieving significantly better water conservation, higher water efficiency, and improved
profitability, while maintaining yield levels comparable to other top-performing strategies. The opti-
mized Soil Moisture Threshold (SMT) method ranks second, demonstrating strong overall performance
though slightly less efficient in water use than PPO. In contrast, while the random irrigation approach
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attains the highest absolute yield, it does so at the cost of excessive water usage and substantial
financial losses.

Table 4. Comparative Performance of PPO and Conventional Irrigation Strategies.

Strategy Yield (t/ha) Irrigation (mm) Water Efficiency (kg/ha/mm) Profit ($/ha)
PPO 13.80 £ 0.17  179.83 + 89.44 76.76 576.91
Thresholds (Optimized) 13.95+0.20 255.00 £ 112.05 54.72 528.83
Net Irrigation 1398 +£0.23 305.61 + 119.17 45.73 482.21
Interval-Based 13.81 £ 0.70  380.17 £ 33.69 36.32 37742
Random 14.02 £ 0.24 1640.83 + 141.89 8.54 -845.60
Rainfed 8.88 £3.75 0.0 N/A -130.19

4.2.1. Crop Yield (t/ha)

Crop yield indicates the productivity of each irrigation strategy. As shown in Figure 3, the random
strategy achieves the highest yield (14.02 t/ha), followed closely by net irrigation (13.98 t/ha) and the
optimized SMT approach (13.95 t/ha). The PPO agent, at 13.80 t/ha, delivers a slightly lower yield
than these methods, but the differences are marginal. All four approaches—random, net, SMT, and
PPO—demonstrate high overall productivity.
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Figure 3. Maize yields (t/ha) under different irrigation strategies. Although the random strategy achieves the
highest yield, its excessive water use and resulting financial losses limit its practicality. The PPO, SMT, and net
irrigation methods provide strong yields with more sustainable water use. Rainfed conditions yield significantly
less production due to reliance on natural rainfall alone.

While PPO does not achieve the absolute highest yield, it maintains a strong balance between yield
and resource efficiency, outperforming other strategies in terms of water use efficiency and profitability.
Although SMT uses slightly more water than PPO, it still offers a substantial improvement in efficiency
and productivity over more traditional methods, making it a viable option for farmers who prefer
simpler threshold-based approaches.

The rainfed strategy, relying solely on natural precipitation, predictably results in the lowest yield
(8.88 t/ha). Despite its minimal water input, its inconsistent and insufficient moisture supply hinders
productivity compared to strategies that supplement rainfall with irrigation.

It is worth noting that the AquaCrop-OSPy simulation may not fully capture the negative impacts
of severe overirrigation, as evidenced by the random agent’s strong yields despite excessive water
use. Real-world scenarios would likely see diminished returns from overirrigation due to factors like
waterlogging and nutrient leaching [36]. This suggests that models and reward structures should
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incorporate more realistic penalties for overirrigation to better align simulated outcomes with actual
on-farm conditions.

Overall, the PPO strategy stands out as a sustainable and economically beneficial approach,
delivering strong yields without the excessive water usage seen in the random strategy or the less
adaptive thresholds of SMT. This balance makes PPO particularly valuable in contexts where water
resources are limited and both productivity and sustainability are top priorities.

4.2.2. Irrigation (mm)

Irrigation volume, measured in millimeters (mm), reflects the total amount of water applied
during the growing season. This metric indicates how efficiently each strategy meets the crop’s water
demands without wasteful over-application.

As shown in Figure 4, the PPO strategy applies 179.83 mm of water, achieving the highest
water-use efficiency while sustaining robust yields. This amount is approximately 30% less than the
optimized Soil Moisture Threshold (SMT) strategy’s usage (255.00 mm), underscoring PPO’s precision
in timing and quantity of irrigation. By providing water only when needed, PPO prevents both over-
and under-irrigation, thus maximizing benefits in yield and resource conservation.
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Figure 4. Total irrigation applied (mm) under different strategies. PPO and SMT demonstrate efficient water use,
while random irrigation applies excessive amounts. Rainfed conditions rely solely on natural precipitation.

The SMT method, although using more water than PPO, still outperforms conventional practices.
It conserves 33% more water than interval-based irrigation and 17% more than net irrigation by
responding only when soil moisture levels drop below set thresholds. This adaptive approach ensures
sufficient moisture for optimal growth without unnecessary application.

In contrast, the random strategy applies a staggering 1,640 mm of water—far exceeding the crop’s
needs. While this overabundance leads to the highest yield, it also results in enormous resource waste
and significant operational costs, illustrating the drawbacks of indiscriminate irrigation.

Rainfed conditions, relying solely on natural rainfall, require no supplemental irrigation. Al-
though this approach conserves the most water, its unpredictable and often inadequate moisture
supply leads to substantially lower yields.

4.2.3. Water Efficiency (kg/ha/mm)

Water efficiency, measured in kilograms of yield per hectare per millimeter of irrigation water,
indicates how effectively each strategy converts water into crop production.

Figure 5 reveals that PPO achieves the highest water efficiency at 76.76 kg/ha/mm, outper-
forming all other methods. This exceptional efficiency—40% greater than that of the optimized SMT
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strategy (54.72 kg /ha/mm)—demonstrates PPO’s capacity to maintain strong yields while minimizing
water inputs. PPO’s precision in irrigation timing and volume ensures that each unit of water con-
tributes maximally to crop growth, making it the most sustainable choice, especially in water-scarce
environments.
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Figure 5. Water efficiency (kg/ha/mm) achieved under various irrigation strategies. PPO demonstrates the
highest efficiency, followed by SMT. Rainfed conditions do not apply since no additional water is used.

While SMT is less efficient than PPO, it remains the top-performing conventional strategy, offer-
ing significantly better efficiency than interval-based or net irrigation methods. By applying water
only when soil moisture levels fall below defined thresholds, SMT reduces wastage and enhances
productivity.

PPO’s superior water efficiency and consistently high yields make it an ideal strategy for regions
facing limited water availability. Its ability to deliver strong economic and agronomic performance,
while minimizing environmental impact, underscores its value as a key tool for sustainable and
productive agricultural systems.

4.2.4. Profit ($/ha)

Profitability measures the net economic return per hectare after deducting water costs and other
operational expenses. Consistent with Kelly et al. [26], we assume a crop price of $180/tonne, an
irrigation cost of $1/ha-mm, and fixed non-irrigation production costs of $1,728/ha. Under these
conditions, our PPO strategy emerges as the most profitable, reflecting its superior balance between
yield and water use efficiency.
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Figure 6. Profit per hectare ($/ha) under different irrigation strategies. PPO achieves the highest profitability,
surpassing the optimized SMT strategy by approximately 9%. Random and rainfed approaches yield negative
profits due to inefficient water use or reduced yields.

In comparing our results to prior work, we focus specifically on studies using SMT and PPO.
Kelly et al. [26] reported profits of $521.00/ha for SMT and $520.10/ha for PPO under similar cost
assumptions. Our SMT approach achieves $528.83/ha, slightly exceeding their SMT profit, indicating
incremental gains through refined threshold management. More notably, our PPO strategy attains
$576.91/ha, surpassing their PPO profit by approximately 11%, demonstrating that a reward mech-
anism emphasizing both yield and water conservation, paired with a daily decision interval, can
significantly enhance profitability.

Table 5. Comparison of Profit ($/ha) for SMT and PPO Strategies Between This Study and Kelly et al. [26].

Study SMT Profit ($/ha) PPO Profit ($/ha)
Kelly et al. [26] 521.00 520.10
This Study 528.83 576.91

Table 5 highlights these differences. While both SMT and PPO strategies reported here outperform
those from Kelly et al. [26], the PPO approach shows the most substantial improvement. The key
differentiators are the integration of water efficiency into the reward function and the daily decision-
making interval, which together foster a more adaptive and resource-conscious irrigation policy. This
synergy of factors ultimately yields a more sustainable and profitable irrigation management solution
for regions challenged by limited water availability.

4.3. Long-Term Environmental Benefits

The implementation of our PPO-based RL irrigation strategy shows strong potential for delivering
meaningful long-term environmental benefits. By reducing irrigation water usage by approximately
29% compared to the optimized Soil Moisture Threshold (SMT) method (see Table 4), our approach
can help alleviate pressures on groundwater reserves, addressing a critical concern where agriculture
heavily contributes to groundwater depletion [3].

Additionally, the PPO strategy achieves the highest water efficiency (76.76 kg/ha/mm), surpass-
ing conventional irrigation techniques (see Table 4 and Figure 5). This improved efficiency could,
over time, lead to more sustainable water usage, helping reduce nutrient runoff and soil erosion. By
ensuring that irrigation occurs only when necessary, the PPO model minimizes ecological disturbances,
supports healthier ecosystems, and preserves natural habitats.
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Moreover, our binary action framework—choosing simply whether or not to irrigate—helps
prevent over-irrigation. This restraint not only cuts down on water waste but also lowers energy
consumption associated with pumping and distribution. Such energy savings can decrease greenhouse
gas emissions, further reducing the agricultural sector’s carbon footprint and contributing to climate
change mitigation efforts.

Taken together, these environmental advantages suggest that PPO-based RL irrigation strategies
can steer agricultural practices toward greater sustainability. By optimizing water use, preserving
vital resources, and limiting environmental harm, this approach offers a promising pathway for future
agricultural resilience and ecological stewardship.

4.4. Bridging Simulation to Practical Implementation

While our results showcase the effectiveness of RL-based irrigation strategies in a simulated
setting, implementing these solutions in real-world farming contexts requires careful consideration of
existing infrastructure and technology.

Our PPO-based strategies, developed using the aquacropgymnasium environment, can readily
integrate with modern irrigation systems—such as drip or sprinkler setups—through Internet of Things
(IoT) platforms. This integration facilitates real-time data collection from soil moisture sensors, weather
stations, and other agricultural sensors. With continuous feedback, the RL agent can make informed,
timely irrigation decisions that align closely with environmental conditions and the underlying
simulation assumptions used during training.

The binary nature of our action space—irrigate or not—simplifies the process of automating
irrigation practices. Unlike approaches that require precise control of irrigation depth, a simple yes/no
action is inherently compatible with most existing systems. This simplicity reduces the complexity
of retrofitting RL-driven decision-making into current farm operations, minimizing the potential for
errors and easing adoption. Such user-friendliness is crucial, especially for farmers who may not have
specialized technical expertise.

By leveraging existing farm management software, farmers can interact with the RL system
through intuitive dashboards. These interfaces mirror the data handling and decision-making processes
of the simulation environment, ensuring a consistent and accessible user experience. As a result,
transitioning from simulated irrigation strategies to real-world implementation becomes more seamless,
ultimately fostering more efficient, sustainable, and responsive agricultural water management.

5. Conclusions

This study demonstrates the effectiveness of reinforcement learning (RL), specifically the Proximal
Policy Optimization (PPO) algorithm, in optimizing irrigation strategies for maize crops under condi-
tions characterized by sparse actions and delayed (end-of-season) rewards. By integrating RL with
AquaCrop-OSPy simulations within the Gymnasium framework, we developed an irrigation policy
that successfully balances water use efficiency, crop yield, and profitability. Compared to an optimized
soil moisture threshold (SMT) approach, PPO reduced seasonal water usage by approximately 29%
without compromising yields and increased profitability by about 9%. These results establish PPO as
both financially and environmentally advantageous.

A key innovation in this study lies in the reward mechanism, which penalizes excessive irrigation
while rewarding end-of-season yields. Unlike prior research that often prioritizes either yield or profit,
our approach explicitly incorporates water conservation as a fundamental objective. Consequently,
PPO achieved a water efficiency of 76.76 kg/ha/mm, a 40% improvement over the SMT strategy’s
54.72 kg/ha/mm. This substantial gain reflects the value of integrating environmental sustainability
into the RL optimization process, making the approach particularly suitable for regions facing water
scarcity.

The findings confirm that RL-driven irrigation management can address the intrinsic challenges
posed by sparse actions and delayed rewards in agriculture. By dynamically adjusting irrigation
schedules in response to environmental conditions and by embedding water efficiency goals into the
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learning process, the PPO strategy offers a scalable, adaptable, and resource-conscious solution. In
turn, this approach supports more resilient agricultural practices that protect vital water resources and
reduce environmental impact, all while sustaining strong economic returns.

Looking ahead, future research should explore the applicability of this RL framework to a variety
of crops and agricultural contexts. Incorporating real-time environmental data and weather fore-
casts into the simulation process may further enhance adaptability and responsiveness. Additionally,
conducting field trials would help validate the simulated outcomes, bridging the gap between theoret-
ical models and on-farm implementations. Ultimately, the continued development and refinement
of RL-based irrigation strategies have the potential to transform water management in agriculture,
contributing to global food security and sustainability.
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