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Abstract 
Controlled environment agriculture, particularly hydroponic cultivation, has emerged 
as a critical solution to global food security challenges, enabling year-round crop 
production with reduced water consumption and land requirements. However, 
traditional hydroponic systems rely on static nutrient schedules and rule-based 
environmental controls that fail to account for dynamic plant responses and 
environmental variability. Reinforcement learning algorithms offer a paradigm shift 
by enabling adaptive, data-driven decision-making that optimizes nutrient delivery, 
climate control, and resource allocation in real-time. This review examines the 
application of reinforcement learning methodologies, including Q-learning, Deep Q-
Networks, policy gradient methods, and actor-critic algorithms, in developing 
intelligent hydroponic systems that integrate sensor networks, actuator control, and 
closed-loop optimization frameworks. Key applications include adaptive nutrient 
dosing, dynamic pH and electrical conductivity regulation, light spectrum 
optimization, and multi-objective yield enhancement. The synthesis of experimental 
validations demonstrates significant improvements in crop biomass, resource 
efficiency, and operational cost reduction compared to conventional approaches. 
Critical challenges encompassing computational complexity, hardware integration, 
reward function design, and scalability for commercial deployment are discussed. The 
review concludes that reinforcement learning represents a transformative technology 
for next-generation precision agriculture, with ongoing advances in edge computing, 
transfer learning, and hybrid control architectures poised to accelerate widespread 
adoption in commercial hydroponic operations. 
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1. Introduction 

1.1 Importance of Hydroponics in Controlled Environment Agriculture 

Hydroponics, the cultivation of plants without soil using nutrient-enriched water solutions, has become increasingly vital in 

addressing global agricultural challenges including arable land scarcity, water resource limitations, and climate variability [1, 2]. 

Controlled environment agriculture systems enable precise manipulation of growing conditions, resulting in accelerated growth 

rates, higher yields per unit area, and reduced pesticide requirements compared to conventional field cultivation [3]. Urban vertical 

farms and greenhouse operations worldwide demonstrate the commercial viability of hydroponic production for leafy vegetables, 

herbs, and specialty crops [4]. 

 

1.2 Limitations of Traditional Nutrient and Environmental Management 

Despite these advantages, conventional hydroponic systems predominantly employ static nutrient formulations and 

predetermined environmental setpoints derived from generalized crop models [5]. Such approaches fail to accommodate 
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phenotypic variability, developmental stage transitions, and 

real-time environmental fluctuations that influence nutrient 

uptake kinetics and photosynthetic efficiency [6]. Manual 

adjustments by skilled operators remain labor-intensive and 

subject to human error, while rule-based automation lacks the 

adaptability required for optimal resource utilization [7, 8]. The 

absence of closed-loop feedback mechanisms results in 

suboptimal growth trajectories and excessive nutrient waste. 

 

1.3 Scope and Objectives of the Article 

This review critically examines reinforcement learning 

applications in smart hydroponic systems, focusing on 

adaptive control algorithms that enable real-time 

optimization of nutrient management and environmental 

parameters. The objectives include analyzing RL 

fundamentals adapted for agricultural contexts, surveying 

system architectures integrating sensors and actuators, 

synthesizing experimental evidence from case studies, and 

identifying implementation challenges for commercial 

scalability. The scope excludes general hydroponic reviews 

and basic automation studies, concentrating specifically on 

RL-driven adaptive decision-making frameworks. 

 

2. Reinforcement Learning Fundamentals for 

Hydroponics 

2.1 Core RL Principles and Algorithms 

Reinforcement learning enables autonomous agents to learn 

optimal control policies through trial-and-error interactions 

with dynamic environments [9]. The framework consists of 

states representing system conditions, actions corresponding 

to control interventions, and rewards quantifying 

performance outcomes. The agent seeks to maximize 

cumulative rewards by learning a policy that maps states to 

optimal actions [10]. Model-free algorithms including Q-

learning and SARSA have been adapted for hydroponic 

control due to their ability to handle partially observable 

environments without requiring explicit system models [11, 12]. 

Deep reinforcement learning extends classical methods by 

employing neural networks as function approximators, 

enabling handling of high-dimensional sensor data from 

imaging systems, spectroscopy, and environmental 

monitoring arrays [13]. Deep Q-Networks combine Q-learning 

with convolutional neural networks to process visual 

observations of plant morphology for growth stage 

classification and stress detection [14]. Policy gradient 

methods, including Proximal Policy Optimization and Actor-

Critic architectures, facilitate continuous action spaces 

necessary for precise actuator control in nutrient dosing and 

climate regulation [15, 16]. 

 

2.2 Sensor and Actuator Integration 

Modern hydroponic RL systems integrate diverse sensor 

modalities to capture comprehensive state representations 

(Table 1). Solution chemistry sensors monitor pH, electrical 

conductivity, dissolved oxygen, and individual ion 

concentrations in real-time [17]. Environmental sensors track 

temperature, humidity, CO2 concentration, and 

photosynthetically active radiation [18]. Computer vision 

systems analyze leaf area index, chlorophyll content, and 

morphological indicators of nutrient deficiencies [19]. The 

fusion of multimodal sensor streams provides rich state 

information for RL agents. 

Actuator systems translate RL policy outputs into physical 

interventions. Peristaltic pumps deliver concentrated nutrient 

stock solutions with millisecond precision, while pH 

adjustment systems inject acids or bases based on RL 

commands [20]. Climate control actuators regulate HVAC 

systems, LED light spectra, and CO2 injection rates [21]. The 

integration of sensors and actuators creates closed-loop 

systems where RL agents continuously observe plant 

responses and refine control strategies. 

 

2.3 Reward Functions and Adaptive Control Strategies 

Reward function design critically influences RL performance 

in hydroponic applications [22]. Simple reward structures may 

prioritize single objectives such as final biomass, while multi-

objective formulations balance yield maximization against 

resource consumption, energy costs, and environmental 

sustainability [23]. Time-delayed rewards present challenges 

as plant growth responses to nutrient interventions manifest 

over days to weeks, complicating credit assignment [24]. 

Shaped reward functions incorporating intermediate 

milestones, such as daily growth rates or leaf expansion, 

accelerate learning by providing more frequent feedback 

signals [25]. 

Adaptive control strategies leverage RL's ability to 

continuously update policies based on observed outcomes. 

Rather than following fixed schedules, RL agents 

dynamically adjust nutrient concentrations in response to 

real-time plant uptake patterns and growth stage transitions 
[26]. This adaptability proves particularly valuable for 

cultivating diverse crop varieties with distinct nutrient 

requirements or responding to unexpected environmental 

disturbances. 

 
Table 1: Types of Sensors and Data Inputs Used for Reinforcement Learning-Based Hydroponics 

 

Sensor Category Measured Parameters Data Type 
Sampling 

Frequency 

Application in RL State 

Representation 

Solution 

Chemistry 

pH, EC, DO, NH4+, NO3-, K+, Ca2+, 

Mg2+ 
Continuous numerical 1-60 min 

Nutrient status, ion balance, uptake 

dynamics 

Environmental 
Temperature, Humidity, CO2, PAR, 

VPD 
Continuous numerical 1-15 min 

Climate conditions, photosynthetic 

capacity 

Plant Imaging 
Leaf area, chlorophyll index, color, 

morphology 

Image/extracted 

features 
Hourly to daily 

Growth stage, stress detection, 

biomass proxy 

Root Zone 
Solution temperature, dissolved oxygen, 

flow rate 
Continuous numerical 1-30 min 

Root health, oxygen availability, 

circulation 

Spectroscopy Reflectance spectra, fluorescence Spectral data Daily 
Nutrient status, photosynthetic 

efficiency 
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3. Smart Hydroponic System Architectures 

3.1 Closed-Loop Nutrient and Environmental Control 

Figure 1 illustrates the architecture of RL-enabled smart 

hydroponic systems. The control loop initiates with sensor 

networks acquiring state observations at defined intervals [27]. 

Data preprocessing modules filter noise, normalize values, 

and extract relevant features for RL input [28]. The RL agent 

processes state information through trained neural networks 

or value functions to select optimal actions. Actuator 

controllers execute these commands, modifying nutrient 

solution composition or environmental parameters [29]. Plant 

responses feed back through sensors, completing the closed 

loop. 

Advanced architectures implement hierarchical control 

structures where high-level RL policies set strategic 

objectives while low-level controllers handle rapid setpoint 

tracking [30]. For instance, a master RL agent may determine 

daily target EC values while subordinate PID controllers 

maintain those targets through precise pump actuation. This 

decomposition reduces the action space complexity for RL 

while leveraging proven control methods for fast dynamics. 

 

3.2 Data Acquisition, Preprocessing, and Model Training 

Data acquisition systems must balance sampling frequency 

against computational costs and actuator response times [31]. 

High-frequency sensors generate large datasets suitable for 

deep RL but require edge computing infrastructure for real-

time processing. Preprocessing pipelines address missing 

values, sensor drift, and outlier detection to ensure data 

quality [32]. Feature engineering extracts growth indicators 

from raw measurements, such as calculating nutrient uptake 

rates from temporal EC changes. 

Model training typically occurs through simulated 

environments before deployment on physical systems. Crop 

growth simulators parameterized from experimental data 

allow RL agents to explore policies without risking plant 

health [33]. Transfer learning approaches fine-tune simulation-

trained models using limited real-world data, accelerating 

convergence while minimizing experimental costs [34]. Online 

learning enables continuous policy refinement during 

production cycles, adapting to seasonal variations and 

equipment aging. 

 

3.3 Real-Time Decision-Making and System Optimization 

Real-time optimization requires RL agents to execute within 

strict latency constraints dictated by plant physiological 

timescales and system dynamics [35]. Nutrient uptake kinetics 

operate on hourly timescales, permitting relaxed 

computational requirements compared to industrial robotics. 

However, pH fluctuations may require intervention within 

minutes, necessitating efficient inference algorithms [36]. 

Edge computing platforms deploying optimized neural 

network implementations enable on-site decision-making 

without cloud connectivity dependencies. 

Multi-agent RL frameworks coordinate multiple subsystems, 

such as separate agents controlling nutrient delivery, climate, 

and lighting [37]. Cooperative strategies align individual agent 

objectives with overall system performance through shared 

reward signals or communication protocols. This modularity 

facilitates system expansion and maintenance while 

distributing computational loads across specialized hardware. 

 

 

 
 

Fig 1: Architecture of a Smart Hydroponic System Integrating 

Sensors, Actuators, and Reinforcement Learning Control 
 

Legend: Arrows indicate data flow and control signals. The 

RL agent receives preprocessed sensor data as state 

observations, computes optimal actions through policy 

evaluation, and sends commands to actuator controllers. Plant 

responses are continuously monitored, creating a closed-loop 

adaptive control system. 

 

4. Applications and Case Studies 

4.1 Yield and Growth Optimization 

Experimental deployments demonstrate RL's capacity to 

enhance crop productivity beyond conventional methods 

(Table 2). Research on lettuce cultivation using Deep Q-

Networks achieved 23% greater fresh weight compared to 

static nutrient schedules by dynamically adjusting nitrogen 

and potassium concentrations based on growth stage [38]. The 

RL agent learned to increase nitrogen during vegetative 

phases and shift toward potassium during head formation, 

matching plant ontogenetic requirements. Similar studies on 

basil and pak choi reported 15-28% yield improvements 

through adaptive control [39, 40]. 

Tomato production trials employing actor-critic algorithms 

for simultaneous nutrient and climate optimization recorded 

31% higher fruit yield and improved marketable quality 

metrics [41]. The multi-objective reward function balanced 

vegetative growth, flowering density, and fruit development 

while minimizing blossom-end rot through precise calcium 

management. Long-term cultivation cycles spanning multiple 

crop rotations demonstrated sustained performance gains as 

RL policies accumulated experience. 

 

4.2 Resource Efficiency and Sustainability 

Beyond yield maximization, RL optimization targets 

resource conservation critical for sustainable agriculture [42]. 

Water consumption studies comparing RL-managed systems 

against conventional hydroponics found 22-35% reductions 

through precise irrigation control that minimized drainage 

and maintained optimal root zone moisture [43]. Nutrient use 

efficiency improved by 18-27% as adaptive dosing 

eliminated excess fertilizer application and reduced runoff 
[44]. 
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Energy optimization represents a major economic driver for 

commercial adoption. RL agents controlling LED lighting 

schedules reduced electricity consumption by 19% while 

maintaining photosynthetic productivity through dynamic 

spectrum adjustment and photoperiod optimization [45]. 

Multi-objective RL formulations explicitly penalizing energy 

costs in reward functions achieved favorable trade-offs 

between yield gains and operational expenses [46]. Carbon 

footprint analyses indicate that RL-optimized hydroponic 

systems can achieve superior environmental performance 

compared to both conventional hydroponics and field 

agriculture. 

 

4.3 Experimental Validations and Field Implementations 

Controlled environment chamber experiments provide 

rigorous validation of RL algorithms under reproducible 

conditions [47]. Research facilities equipped with multiple 

identical growth chambers enable direct comparisons 

between RL-managed and control treatments across 

biological replicates. Statistical analyses confirm significant 

performance differences while quantifying variability from 

plant genetics and environmental stochasticity. 

Field implementations in commercial greenhouse operations 

validate scalability and robustness under realistic production 

constraints. A vertical farm deployment managing 2,400 

lettuce plants demonstrated successful integration of RL 

control with existing cultivation infrastructure, achieving 

target yields while reducing labor requirements for nutrient 

monitoring. Economic analyses indicated breakeven periods 

of 18-24 months for RL system investments through 

combined yield improvements and input cost reductions. 

However, challenges including sensor maintenance, 

occasional system failures, and operator training 

requirements emerged during long-term operation. 

 
Table 2: Reinforcement Learning Algorithms and Their Applications in Adaptive Hydroponic Control 

 

RL Algorithm Key Characteristics Hydroponic Application Performance Outcomes Reference 

Q-learning 
Model-free, discrete actions, 

tabular representation 

Nutrient dosing schedules, 

pH control 

15-20% yield improvement, 

simplified implementation 
[11][38] 

Deep Q-Network 

(DQN) 

Deep learning, handles high-

dimensional inputs, experience 

replay 

Visual growth monitoring, 

multi-parameter 

optimization 

23% yield increase, 

automated stress detection 
[14][38] 

Policy Gradient 
Continuous action spaces, direct 

policy optimization 

Precise actuator control, 

smooth nutrient adjustments 

Improved nutrient use 

efficiency (18-27%) 
[15][44] 

Actor-Critic 
Combines value and policy 

learning, reduced variance 

Multi-objective climate and 

nutrient control 

31% higher tomato yield, 

balanced resource use 
[16][41] 

Proximal Policy 

Optimization (PPO) 

Stable training, sample efficient, 

constrained updates 

Complex multi-crop 

systems, long-term 

optimization 

Sustained performance over 

multiple crop cycles 
[46][48] 

Model-Based RL 
Learns environment dynamics, 

sample efficient 

Simulation training, 

predictive control 

40% reduction in real-world 

data requirements 
[33][34] 

 

 
 

Fig 2: Workflow of Reinforcement Learning for Adaptive Nutrient and Environmental Management in Hydroponics 
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5. Challenges and Future Perspectives 

5.1 Computational Requirements and Hardware 

Constraints 

Deep RL algorithms demand substantial computational 

resources for training, particularly when processing high-

resolution imaging data or operating large-scale multi-crop 

facilities. Graphics processing units and tensor processing 

units accelerate neural network computations but increase 

system costs and power consumption. Edge computing 

devices offer on-site inference capabilities but face memory 

and processing limitations for complex models. Optimized 

network architectures employing model compression, 

pruning, and quantization techniques balance performance 

against hardware constraints. 

Real-time control requirements constrain algorithm selection, 

favoring computationally efficient methods for time-critical 

decisions. Hybrid approaches combining lightweight RL 

agents for rapid responses with periodic updates from 

sophisticated models trained offline present viable 

compromises. Cloud-edge architectures offload training to 

centralized servers while deploying optimized inference 

models locally. 

 

5.2 Generalization, Robustness, and Scalability 

RL policies trained on specific crop varieties and 

environmental conditions often generalize poorly to different 

cultivars or seasonal variations. Transfer learning and domain 

adaptation techniques address this challenge by fine-tuning 

pre-trained models on new crops with limited data. Meta-

learning approaches enable rapid adaptation to novel 

scenarios by learning generalized control principles rather 

than task-specific policies. 

Robustness against sensor failures, communication 

disruptions, and unexpected disturbances remains critical for 

reliable production systems. Redundant sensor networks and 

fault-tolerant control architectures maintain operation during 

component failures. RL agents incorporating uncertainty 

quantification through Bayesian methods or ensemble 

approaches make conservative decisions when confidence is 

low. 

Scalability to commercial facilities managing thousands of 

plants across multiple zones requires distributed computing 

architectures and efficient communication protocols. 

Hierarchical RL frameworks decompose control problems 

into manageable subunits while maintaining coordination for 

facility-wide optimization. 

 

5.3 Adoption, Cost, and Integration with Commercial 

Hydroponics 

Economic barriers including initial capital investment, 

installation costs, and ongoing maintenance expenses impede 

widespread RL adoption in commercial hydroponics. 

Comprehensive cost-benefit analyses accounting for yield 

improvements, resource savings, and labor reduction guide 

investment decisions. Modular systems allowing incremental 

upgrades from conventional automation to full RL control 

reduce entry barriers. 

Integration with existing hydroponic infrastructure presents 

technical challenges as legacy equipment may lack necessary 

sensor interfaces or actuator precision. Retrofit solutions 

adapting RL control to conventional systems versus purpose-

built smart hydroponic platforms represent alternative 

implementation pathways. Standardized communication 

protocols and open-source RL frameworks facilitate 

integration across diverse hardware manufacturers. 

Operator acceptance and training requirements influence 

adoption rates, as agricultural personnel may lack machine 

learning expertise. User-friendly interfaces abstracting 

technical complexity while providing interpretable decision 

explanations enhance trust and usability. Demonstration 

projects showcasing tangible performance benefits accelerate 

industry acceptance. 

 
Table 3: Advantages, Limitations, and Performance Metrics of RL-Enabled Hydroponic Systems 

 

Aspect Advantages Limitations Performance Metrics 
Comparison to 

Conventional Systems 

Yield 

Optimization 

Adaptive response to plant needs, 

growth stage-specific control 

Requires extensive training 

data, long learning periods 

Fresh weight increase: 15-

31% 
Significant improvement 

Resource 

Efficiency 

Minimized waste, precise dosing, 

demand-driven delivery 

Initial calibration complexity, 

sensor dependencies 

Water savings: 22-35%, 

Nutrient reduction: 18-27% 
Superior efficiency 

Energy 

Management 

Dynamic lighting and climate 

optimization 

High computational costs for 

deep RL 
Energy reduction: 19% Moderate improvement 

Labor 

Requirements 

Automated decision-making, 

reduced monitoring 

Initial setup and training 

investment 

Labor time reduction: 30-

45% 
Substantial reduction 

Scalability 
Modular expansion, distributed 

control 

Hardware and communication 

infrastructure costs 

Facility size: up to 10,000+ 

plants demonstrated 

Comparable at large 

scale 

Robustness 
Adaptive to disturbances, self-

correcting 

Vulnerability to sensor failures, 

requires redundancy 
System uptime: 92-97% 

Similar to advanced 

automation 

Implementation 

Cost 

Long-term ROI through 

efficiency gains 
High initial capital expenditure 

Payback period: 18-24 

months 

Higher upfront, lower 

operational costs 

 

6. Conclusion 

Reinforcement learning represents a transformative 

technology for smart hydroponic systems, enabling adaptive 

nutrient management and real-time environmental 

optimization that substantially exceed conventional control 

methods. The integration of RL algorithms with multimodal 

sensor networks and precision actuators creates closed-loop 

systems capable of learning optimal cultivation strategies 

through autonomous experimentation. Experimental 

validations demonstrate consistent improvements in crop 

yields, resource efficiency, and operational sustainability 

across diverse species and cultivation scales. Deep Q-

Networks, policy gradient methods, and actor-critic 

architectures have proven particularly effective for handling 

the high-dimensional state spaces and continuous action 

spaces characteristic of hydroponic control problems. 

Critical challenges remain in computational efficiency, 

generalization across crop varieties and environmental 
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conditions, and economic viability for small-scale operations. 

Future research directions include developing lightweight RL 

architectures suitable for resource-constrained edge devices, 

advancing transfer learning methodologies to reduce training 

data requirements, and designing robust reward functions that 

balance multiple sustainability objectives. The emergence of 

hybrid control frameworks combining RL with mechanistic 

crop models promises to enhance sample efficiency while 

ensuring biologically plausible control policies. 

As computational costs decline and sensor technologies 

mature, RL-enabled smart hydroponics is poised for 

widespread commercial adoption. The technology aligns 

with global imperatives for sustainable food production, 

offering pathways to increase agricultural productivity while 

minimizing environmental impacts. Continued collaboration 

between machine learning researchers, plant scientists, and 

agricultural engineers will accelerate the translation of RL 

innovations from laboratory demonstrations to field-scale 

implementations. The next decade will likely witness RL 

becoming standard practice in controlled environment 

agriculture, fundamentally reshaping how crops are 

cultivated in urban vertical farms, commercial greenhouses, 

and emerging space agriculture applications. 
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