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Abstract—In recent years, due to the world population growth,
the demand for agricultural products has also increased. Global
crises such as climate change, destruction of water resources,
pollution and destruction of aquatic ecosystems, have limited the
access to clean water to irrigate the agricultural fields in a global
scale. Meanwhile, according to the reports of Food and Agricul-
ture Organization of the United Nations (FAO), about 70% of
global water consumption is allocated to agricultural activities.
Therefore, it is necessary to minimize water consumption during
agricultural irrigation while maximizing crop yield by the end
of the season. Most IoT frameworks used in irrigation systems
collect data from the soil and weather, then send it to the user,
leaving the final decision on irrigation to the user. This approach
may cause water wastage or even water stress for the plants
as the amount of water irrigated in fields may be low. In this
paper, we will use deep reinforcement learning approaches to
reach this goal. We propose a novel approach to minimize water
usage while keeping the yield produced at the highest level.
Our approach utilizes DQN and A2C networks. The findings
demonstrate that our methods reduce water wastage compared
to previous approaches, making it more flexible and practical in
varying weather and soil conditions.

Keywords—Deep Reinforcement Learning, Water Manage-
ment, Smart Agriculture, Smart Irrigation

I. INTRODUCTION

With population growth and rising food demand, freshwater
resources are under significant pressure. Climate change has
led to fluctuations in rainfall patterns and air temperatures
which directly affect available water resources [14], [15]. Ac-
cording to reports from the Food and Agriculture Organization
(FAO), agriculture accounts for about 70% of global water
use [18]. This highlights the urgent need for better irrigation
practices and reduced water usage in food production.

Studies have also shown that in Iran [12], the agriculture
is responsible for the largest share of domestic water con-
sumption . These studies indicate that Iran uses approximately

42.43 billion cubic meters (BCM) of domestic water annually
to produce 19 major agricultural products [12].

The agricultural water consumption in Iran is heavily re-
liant on internal water resources, significantly impacting the
availability of renewable and non-renewable water sources,
particularly groundwater resources [13]. Excess water usage
has caused major issues such as the drying up of rivers and
lakes and the declines in groundwater levels [18]. As a result,
to address the water crisis in Iran, immediate attention should
be given to agriculture policies to align with the constraints
on water resources.

The Internet of Things (IoT), Big Data, and Artificial
Intelligence (AI) have shown promising results for improving
water management in agriculture [7], [20]. These technologies
use sensors, wireless communication, and efficient algorithms
to collect accurate data on soil, weather, and crops, helping
farmers make better decisions about irrigation and water
management.

A promising approach in this field is using machine learn-
ing to optimize water consumption in agricultural irrigation
[4], [8]. By analyzing environmental data such as, humidity,
temperature, soil moisture, and plant characteristics, machine
learning algorithms can accurately predict plant water needs
and soil moisture. This helps farmers determine the right
timing and amount of irrigation, reducing water waste.

One limitation of certain machine learning approaches is
their reliance on supervision and manual threshold config-
uration [2]. To address this, a reinforcement learning-based
irrigation control method [5] can enable fully autonomous,
optimal, or near-optimal decision making.

In this study, we implemented a deep reinforcement
learning-based approach to irrigation scheduling to optimize
crop yield. Compared to traditional reinforcement learning
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methods, this approach accommodates a larger state space
and a larger number of irrigation configurations, improving
its adaptability and efficiency.

In the following sections, we will first review related re-
search in this field, then outline our methodology, and finally
present and discuss our results.

II. RELATED WORK

The integration of advanced technologies into agriculture
has gained significant research attention with the aim of
improving precision and efficiency in various sectors. This
section reviews previous work on smart irrigation systems,
highlights advances, limitations, and relevance to the proposed
deep-reinforcement learning (DRL)-based approach.

A. IoT and Sensor-Based Irrigation Systems

IoT-based irrigation systems are essential for many intelli-
gent agricultural practices. Sahu and Behera [19] introduced
a cost-effective smart irrigation system in 2015 that used soil
moisture sensors to automate water irrigation. This approach
demonstrated simplicity but relied heavily on static thresholds,
limiting adaptability to dynamic environmental conditions.
Similarly, Zhao et al. [24] employed LoRa technology in 2017
to enable long-range communication for remote irrigation
control, resulting in improved water efficiency but lacking
integration with advanced prediction models for real-time
decision-making.

Naji et al. [23] developed a WSN-based system in 2021
using Arduino and XBee for autonomous soil moisture man-
agement. While their system reduced water usage significantly,
there were limitations in incorporating external factors, such
as weather conditions. Bhoi et al. [3] addressed this gap by
integrating weather data and machine learning models, By
using an SVM model that outperformed other classifiers in
optimizing water usage. However, the dependence on static
machine learning models limited their adaptability in dynamic
farming scenarios.

B. AI and Advanced Decision-Making Techniques

Recent research has focused on incorporating AI for smarter
irrigation decision-making. Alibabaei et al. [1] employed a
deep Q-Network model in 2022 for scheduling irrigation in
tomato crops in Portugal, achieving an 18–30% reduction
in water consumption compared to threshold-based methods.
This work highlighted the potential of reinforcement learning
for adaptive irrigation scheduling. However, the approach was
limited to specific crop types and did not take into account
broader environmental factors. Yang et al. [22] utilized DRL,
specifically Deep Q-Networks (DQN), as the core method-
ology for their irrigation scheduling system. Their study en-
compassed diverse weather conditions and crop types, demon-
strating the adaptability of the proposed approach. However,
The evaluation relies heavily on simulated environments (using
AquaCrop), which may not fully capture the complexities of
real-world field conditions.

Florea et al. [6] in 2023 proposed an IoT-based system with
Mamdani fuzzy logic, automatically adjusting irrigation times
based on rainfall predictions and plant conditions. Despite
outperforming traditional methods, their approach still relied
on predefined rules and did not fully utilize the potential of
dynamic learning systems.

C. Irrigation Frameworks and Their Challenges

Frameworks like the ”Smart&Green” proposed by Campos
et al. [10] emphasized customization, enabling outlier removal
techniques for accuracy improvement. Although effective in
reducing water usage by up to 90.4%, such frameworks often
relied on user interventions and were challenging to implement
in a small-scale or rural farms. Vallejo-Gómez et al. [21]
reviewed intelligent irrigation systems in 2023 and identified
IoT combined with machine learning as the recognized trend.
However, they mentined that these systems often lacked scal-
ability and applicability in urban or small-scale agricultural
settings.

D. Identified Gaps and Relevance to the Proposed Method

Despite the advances, most of the studies share common
limitations:

Many systems depend on static thresholds or user in-
tervention for decision-making, reducing their effectiveness
in dynamic environments. In addition, critical factors such
as evapotranspiration, unexpected weather events, and soil
heterogeneity are often underrepresented. Finally, existing
solutions struggle to balance precision and practicality in small
farms or rural settings. In our purposed method we aim to
address these gaps by employing reinforcement learning for
adaptive irrigation scheduling. By incorporating external fac-
tors such as weather data and soil characteristics, the method
ensures higher adaptability and precision. Furthermore, DRL’s
ability to learn from historical data allows for reduced reliance
on user intervention, making it applicable for diverse farming
scales.

III. METHODOLOGY

In this section we describe our approach in data collection
and model training in details.

A. Data Collection

To conduct this research, we needed to collect data on the
growth characteristics of a plant and the factors influencing
soil water content (e.g., temperature, humidity, wind speed,
rainfall, etc.). However, since field studies and data collection
for such parameters—especially for training machine learning
models—often require years of effort, we opted to accelerate
the process by utilizing simulated data.

For this research, we utilized the Decision Support System
for Agrotechnology Transfer (DSSAT) [11] to simulate the
data essential for our study. DSSAT is a powerful and widely-
used suite of crop simulation models capable of analyzing and
predicting the growth, yield, and resource utilization of various
crops under a wide range of environmental and management
conditions.
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By configuring the software with specific parameters such as
soil type, weather conditions, and crop varieties, we generated
realistic data sets representing the growth characteristics of
the selected plant and the factors influencing the soil water
content. This approach allowed us to overcome the time-
intensive nature of field studies and facilitate the development
of machine learning models while ensuring the fidelity of the
data to real-world agricultural conditions.

As mentioned above, creating a real-world dataset is com-
plicated and requires years of effort. To address this issue, we
used DSSAT to generate a dataset. We carefully configured
the parameters to simulate agricultural conditions typical of
Iran. For instance, we chose ”Priestly-Taylor/Ritchie” for
Evapotranspiration, a method suited for arid and semi-arid
regions like much of Iran, where managing water loss is
crucial. Similarly, the ”Soleiman-Ritchie” Soil Evaporation
Method accounts for significant soil evaporation in hot, dry
climates with intense sunlight. The ”Ceres (Godwin)” Soil
Organic Matter Method reflects Iran’s low-organic-matter soils
common in arid areas. Parameters such as Planting Date,
Depth, and Row Spacing are tailored to crops like wheat and
barley, typically planted in winter or early spring to avoid
extreme summer heat. In general, the selected parameters
simulate conditions for semi-arid to arid climates, focusing on
efficient water use and soil management for drought-resistant
crops. Table I shows the complete list of parameters used to
create the data set for this study.

Parameter Value
Evapotranspiration Priestly-Taylor/Ritchie
Infiltration Soil Conservation Service
Init. Soil Cond. As reported
Photosynthesis Leaf Photosynthesis re-

sponse curve (Hourly)
Hydrology Ritchie water balance
Method of soil organic matter Ceres (Godwin)
Soil evaporation method Soleiman-Ritchie
Soil layer distribution Modified soil profile
Watering Method Sprinkler, mm
Management depth 30 cm
Threshold, % of max available 50
End point % of max available 100
End of application, growth stage GS000
Efficiency fraction 0.75
Planting/Emergence date 03/01/2010
Planting method Dry seed
Planting distribution Rows
Plant population at seeding 3
Plant population at emergence 3
Row spacing 60 cm
Row direction, degrees from north 90
Planting depth 7 cm

TABLE I: Table of parameters and values used for dataset
creation with DSSAT.

B. Irrigation Scheduling with Deep Reinforcement Learning

Machine learning has been widely applied across various
domains to identify patterns and make predictions [17]. In

Fig. 1: Actual values vs. predicted values of The LSTM model
for SWTD

agriculture, like other fields, numerous studies have employed
machine learning techniques for irrigation scheduling.

Deep learning, a subset of machine learning, is faster
and more efficient than traditional models, with the ability
to automatically extract features from input data. Among
these, deep reinforcement learning (DRL), which combines
deep learning with reinforcement learning, has emerged as a
powerful approach for solving complex decision-making prob-
lems. In this work, we leverage DRL techniques to optimize
irrigation scheduling for improved efficiency and crop yield.
More specifically two DRL models, DQN and A2C, are used
which are explained in the following sections. Before delving
into the specifics of these deep learning models, we first
describe the learning environment for our agent and formally
define the problem.

1) Environment for the DRL agent: To enable the DRL
agent to determine the optimal irrigation policy, we designed
an environment where the agent regulates irrigation by observ-
ing the soil water content (SWTD).

Prior to training the DRL model, two Long Short-Term
Memory (LSTM) networks were utilized for pre-processing.
The first LSTM model processes data from the preceding
four days to predict the total soil water content (SWTD).
The second LSTM model analyzes data spanning 172 days,
corresponding to an agricultural season, to forecast the crop
yield at the end of the season. These LSTM outputs are then
fed into the DRL model to support learning.

To evaluate the performance of our LSTMs, we trained the
models for up to 150 epochs. The LSTM for SWTD prediction
achieved an R2 score of 0.97 and a MAE of 0.014. Similarly,
the LSTM for yield prediction, also trained for 150 epochs,
achieved an R2 score of 0.89 and a MAE of 0.08. Figures 1
and 2 show the comparison between the actual and predicted
values for SWTD and yield, respectively.

In our model of irrigation, the total reward is defined as :

Reward = log (yPy −WPw + nirrWmaxPw + 0.1)

In this formula y is the total amount of yield, Py is the
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Fig. 2: Actual values vs. predicted values of The LSTM model
for Yield

Fig. 3: The environment diagram utilized in this study.

price of 1kg of yield, W is the total quantity of used water
and Pw is the price of water. Furthermore to ensure a positive
reward, the formula includes a logarithmic term representing
the product of the number of irrigation events to the maximum
allowable water usage.

2) Problem Formulation: In this study, we employ a
Markov Decision Process (MDP) [9] l. to enable the system
to transition probabilistically between states. At each state
s ∈ S the agent selects an action a ∈ A at time t that
transitions the agent to state s

′ ∈ S. Hence, the agent would
receive the reward Ra(s, s

′
). Moreover, the probability of

transitioning from state s to s
′

using action a is defined by
the state transition function Ta(s, s

′
). The state represents the

current situation of the environment which is observed by
the agent. In this irrigation system, the soil moisture level
(SWTD) is defined as the state, while the actions represent
the amount of water used for irrigation. The agent transitions
to a new state by adjusting the irrigation water applied. Figure
3 demonstrates the general diagram of our model.

3) Deep Q-Network: Deep Q-Network is a type of DRL
model that combines Q-learning with deep learning. In Q-
learning, an agent learns to make decisions by estimating

the value of action-state pairs, called Q-values. A DQN uses
a neural network to approximate the Q-values, enabling the
agent to handle high-dimensional input spaces where tradi-
tional Q-learning would be impractical. The neural network is
trained using experience replay and target networks to stabilize
the learning process and enhance performance in complex
decision-making tasks, such as irrigation scheduling in this
research. Algorithm 1 is the pseudo code of DQN that we
have used for training our irrigation optimization problem.

Algorithm 1 Deep Q-Network for Irrigation Optimization

1: Initialize: Replay buffer D, Q-network Q(s, a; θ), target
network Q′(s, a; θ−), and learning rate α.

2: Set target network parameters θ− ← θ.
3: for each episode do
4: Reset environment; observe initial state s0.
5: for each time step t do
6: Select action at using an ϵ-greedy policy:

at =

{
random action with probability ϵ

argmaxa Q(st, a; θ) otherwise.

7: Execute action at, observe reward rt and next state
st+1.

8: Store transition (st, at, rt, st+1) in replay buffer D.
9: Sample a random minibatch of transitions (s, a, r, s′)

from D.
10: Compute target value:

y =

{
r if episode ends at s

′
,

r + γmaxa′ Q′(s′, a′; θ−) otherwise.

11: Update Q-network by minimizing loss:

L(θ) = E(s,a,r,s′)

[
(y −Q(s, a; θ))

2
]
.

12: Update network parameters: θ ← θ − α∇θL(θ).
13: Periodically update target network: θ− ← θ.
14: end for
15: end for

C. Advantage Actor Critic (A2C)

A2C [16] is an on-policy algorithm that is a combination
of both policy gradient and value-based methods. It is made
up of two networks, the actor and the critic. In this algorithm,
an agent, in the role of the Actor, learns a policy (probability
distribution over actions) to choose an action, and a value
function, in the role of Critic, assesses the actions performed
by the Actor.

A2C introduces the concept of advantage that calculates the
improvement of an action compared to the average expected
action in a given state. The algorithm uses this advantage
and adjusts the policy to improve performance. Furthermore,
the actor maximizes the rewards and the critic minimizes the
prediction errors.

in A2C , πθ(at|st) represents the policy the agent uses to
take actions and produces a probability distribution on the
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possible actions for the state s. While Vϕ(s) is the value
function that estimates the expected cumulative reward from
a given state. s. Accordingly the advantage is calculated as
At = Gt − Vϕ(st) which shows how much better the action
at worked compared to the estimation of the critic (Vϕ(s))
where Gt is the discounted cumulative reward.

Algorithm 2 shows the pseudo code of the A2C algorithm.

Algorithm 2 Advantage Actor-Critic (A2C) Algorithm

1: Initialize actor network πθ(a|s) and critic network Vϕ(s)
with parameters θ and ϕ

2: Initialize environment
3: repeat
4: Reset environment and initialize state s0
5: for each step in trajectory t = 0, 1, . . . , T − 1 do
6: Sample action at ∼ πθ(at|st)
7: Execute action at in the environment
8: Observe reward rt and next state st+1

9: Store (st, at, rt, st+1)
10: end for
11: Compute cumulative discounted rewards Gt =∑T−1

k=t γk−trk
12: Compute advantage estimate: At = Gt − Vϕ(st)
13: Update critic network by minimizing loss:

Lcritic =
1

T

T−1∑
t=0

(Gt − Vϕ(st))
2

14: Update actor network using policy gradient:

∇θJ(θ) =
1

T

T−1∑
t=0

∇θ log πθ(at|st)At

15: Update ϕ and θ using gradient descent
16: until convergence or maximum episodes reached

IV. RESULTS

In this study, in order to train the agent, we have used
two deep learning models, DQN and A2C. While previous
studies [1] employed a DQN network to optimize irrigation
scheduling, we implemented A2C to compare its performance
against DQN in terms of total rewards. Figure 5 and 6 illustrate
the average reward during the training of DQN and A2C
models respectively.

Figure 4 shows the average rewards of the agent when
evaluated on a DQN and an A2C network. As demonstrated
in figure 4, The A2C agent indicates a higher stability in
its performance compared to the DQN agent. The rewards
for A2C are more consistent across episodes, while the DQN
agent exhibits larger fluctuations in reward values. In addition,
the total reward average for the agent using the A2C network
scored as 21.06, while the average was 20.82 when DQN
was utilized. A2C combines the benefits of both policy-based
and value-based methods, which can lead to more stable
and faster convergence. As shown in figure 6, A2C has less
fluctuations in the convergence compared to DQN model

Fig. 4: Comparing DQN and A2C in rewards.

Fig. 5: The Average reward during the training of DQN.

Fig. 6: The Average reward during the training of A2C.

shown in figure 5. Hence, the A2C model is particularly useful
in complex environments where the irrigation system must
adapt to varying conditions like weather, soil moisture, and
crop requirements.

We selected A2C over DQN due to its greater stability
and ability to address some inherent challenges in DQN.
DQN is prone to overestimation bias in Q-values and involves
complexities associated with experience replay. In contrast,
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A2C updates policies using gradient ascent, which promotes
stability, and leverages the advantage function to reduce vari-
ance, making it a more robust choice.

V. CONCLUSION

In this study, we tackled the irrigation optimization problem
using a deep learning framework, employing DQN and A2C
models to improve water efficiency and crop yield. Following
the simulation of our data using DSSAT, LSTM models were
used for preprocessing. Eventually, the comparative results
showed that A2C outperformed DQN in terms of stability and
reward optimization, showcasing its robustness for complex
decision-making tasks. These findings highlight the adaptabil-
ity and practicality of DRL-based irrigation systems in diverse
environmental conditions, providing a promising step toward
sustainable agriculture. In future work, we aim to incorpo-
rate transfer learning techniques and investigate other deep
learning models, such as Proximal Policy Optimization (PPO)
and Asynchronous Advantage Actor-Critic (A3C). Employing
Proximal Policy Optimization (PPO) could be advantageous as
it could enhance the stability of policy-based methods, such as
A2C, by limiting the amount of change in policy updates via
a clipped objective function, preventing the agent from getting
too greedy or too cautious.
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