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Article Info Abstract
Urban vertical farming has emerged as a transformative solution to address food
security challenges in densely populated cities by enabling year-round crop production

P-ISSN: 3051-3421 within controlled environments. However, conventional layout design approaches

E-ISSN: 3051-343X often rely on trial-and-error methods that fail to optimize the complex interplay
Volume: 05 between spatial configuration, environmental parameters, and resource allocation.
Issue: 01 Machine learning offers powerful data-driven methodologies to systematically

. optimize vertical farm layouts by analyzing multidimensional datasets encompassing
Received: 18-04-2024 light distribution, airflow patterns, temperature gradients, humidity levels, and crop-
Accepted: 20-05-2024 specific growth requirements. This article examines the application of supervised,
Published: 22-06-2024 unsupervised, and reinforcement learning algorithms in optimizing rack
Page No: 58-66 configurations, crop placement strategies, and environmental control systems to

maximize yield per unit area while minimizing energy and water consumption. Key
machine learning techniques including artificial neural networks, genetic algorithms,
support vector machines, and deep learning models are evaluated for their capacity to
predict optimal spatial arrangements based on historical farm performance data and
real-time sensor inputs. The integration of machine learning with digital twin
technologies and computational fluid dynamics simulations enables dynamic layout
reconfiguration responsive to changing crop growth stages and market demands.
Applications demonstrate significant improvements in space utilization efficiency,
energy savings through optimized LED placement, water conservation via precision
irrigation scheduling, and enhanced crop productivity. This review highlights the
critical role of machine learning-driven layout optimization in advancing sustainable
urban food production systems and identifies future research directions for scalable
implementation in commercial vertical farming operations.

Keywords: Machine learning, vertical farming optimization, urban agriculture, spatial modeling, sustainable food production,
resource efficiency

1. Introduction

1.1 Urban Vertical Farming and Food Security Challenges

The global urban population is projected to reach 68% by 2050, intensifying pressure on existing food supply chains and
necessitating innovative agricultural solutions within urban environments ™ 2, Urban vertical farming represents a paradigm
shift in food production by utilizing vertically stacked growing systems in controlled environment agriculture facilities, enabling
high-density crop cultivation independent of external climatic conditions [ 4. These systems offer significant advantages
including reduced transportation costs, minimal water usage through recirculating hydroponic or aeroponic systems, elimination
of pesticide requirements, and year-round production cycles > €1,
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However, the capital-intensive nature of vertical farms
demands precise optimization of spatial layouts to achieve

economic  viability while maintaining sustainability
objectives [-81,
1.2. Limitations of Conventional Layout Design
Approaches
Traditional ~ vertical farm  design  methodologies

predominantly rely on empirical knowledge, manufacturer
specifications, and simplified geometric arrangements that
inadequately account for the complex interactions between
environmental factors, crop physiology, and resource
distribution [ 19, Static layout configurations fail to adapt to
dynamic variables such as crop growth stages, seasonal
energy costs, and market-driven crop rotation requirements
(11,121 The absence of systematic optimization frameworks
results in suboptimal resource utilization, including
inefficient light distribution causing uneven photosynthetic
rates, poor airflow patterns leading to microclimatic
variations, and excessive energy consumption from
redundant environmental control equipment [3 14 151,
Furthermore, manual layout adjustments are labor-intensive
and lack the predictive capacity to evaluate alternative
configurations before physical implementation 16 171,

1.3. Machine Learning as an Enabling Technology
Machine learning algorithms  provide data-driven
methodologies to address the multidimensional optimization
challenges inherent in vertical farm layout design [ 191, By
processing large-scale datasets from environmental sensors,
crop monitoring systems, and operational performance
metrics, machine learning models can identify non-linear
relationships between spatial configurations and agronomic
outcomes that exceed human analytical capabilities 20 21,
The capacity of these algorithms to perform iterative
optimization, predict system behavior under varying
conditions, and continuously improve through feedback
mechanisms positions machine learning as an essential tool
for advancing vertical farming efficiency 22 23,

1.4. Scope and Objectives

This article provides a comprehensive examination of
machine learning techniques applied to vertical farming
layout optimization, with specific emphasis on spatial
modeling, resource efficiency enhancement, and sustainable
food production outcomes. The primary objectives include:
(1) reviewing supervised, unsupervised, and reinforcement
learning approaches applicable to layout optimization
problems; (2) analyzing data acquisition and preprocessing
methodologies from vertical farm management systems; (3)
evaluating spatial modeling techniques for rack configuration
and crop placement; (4) assessing applications in vyield
maximization and resource conservation; and (5) identifying
implementation challenges and future research directions in
machine learning-driven vertical farming systems.

2. Machine Learning Approaches for Vertical Farming
Layout Optimization

2.1. Supervised Learning Algorithms

Supervised learning techniques utilize labeled training
datasets where input features (environmental parameters,
spatial configurations) are mapped to known output variables
(crop yield, energy consumption, water use efficiency) 24 21,
Artificial neural networks (ANNs) have demonstrated
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effectiveness in predicting crop growth responses to varying
light intensities, temperature profiles, and spatial densities
within vertical farming environments 6 271 Multi-layer
perceptron networks with backpropagation algorithms can
model complex non-linear relationships between rack
spacing, LED spectral composition, and photosynthetic
efficiency 28 291, Support vector machines (SVMs) provide
robust classification capabilities for identifying optimal crop
placement zones based on environmental gradients and
historical performance data 2% 34, Random forest algorithms
aggregate multiple decision trees to predict layout
performance metrics while quantifying feature importance,
enabling designers to prioritize critical spatial parameters (2
%1, Convolutional neural networks (CNNSs) process spatial
imagery from vertical farm monitoring systems to assess crop

health distribution and identify layout-related stress patterns
[34, 35]

2.2. Unsupervised Learning Methods

Unsupervised learning algorithms discover hidden patterns
and structural relationships within vertical farming datasets
without predefined output labels 38 371, K-means clustering
segments vertical farm zones based on similar environmental
characteristics, facilitating targeted crop placement strategies
that match species-specific requirements with microclimatic
conditions 8 39 Principal component analysis (PCA)
reduces high-dimensional sensor data to key variables that
explain the majority of variance in layout performance,
simplifying optimization problems while retaining essential
information 0, Self-organizing maps (SOMs) create low-
dimensional representations of complex spatial relationships,
visualizing how different layout configurations cluster based
on resource efficiency metrics. Autoencoders compress
spatial configuration data into latent representations that
capture essential layout features, enabling efficient
exploration of design alternatives.

2.3. Reinforcement Learning for Dynamic Optimization
Reinforcement learning (RL) frameworks treat vertical farm
layout optimization as a sequential decision-making problem
where an agent learns optimal actions through interaction
with the farm environment. Q-learning algorithms develop
policies for dynamic rack reconfiguration by maximizing
cumulative rewards defined by yield improvements and
resource savings over multiple growth cycles. Deep Q-
networks (DQNSs) combine deep learning with reinforcement
learning to handle high-dimensional state spaces representing
complex vertical farm configurations. Actor-critic methods
balance exploration of novel layout strategies with
exploitation of known high-performing configurations,
accelerating convergence toward optimal solutions. Multi-
agent reinforcement learning coordinates multiple
subsystems (lighting, climate control, irrigation) to achieve
holistic ~ layout  optimization  that accounts  for
interdependencies between environmental factors.

2.4. Data Acquisition and Preprocessing Strategies

Effective machine learning implementation requires
comprehensive data collection from distributed sensor
networks measuring light intensity, spectrum, temperature,
relative humidity, CO: concentration, air velocity, and
substrate conditions at high spatial and temporal resolutions.
Integration with farm management information systems
provides operational data including energy consumption
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patterns, water usage volumes, nutrient solution
compositions, and harvested biomass quantities linked to
specific spatial locations. Data preprocessing involves outlier
detection, missing value imputation, normalization, and
feature engineering to create meaningful input variables such
as spatial distance metrics, light uniformity indices, and
airflow distribution parameters. Time-series data from
multiple growth cycles enables training of temporal models
that account for crop development stages and seasonal
variations in external conditions affecting farm operations.

3. Layout Optimization and Spatial Modeling Techniques
3.1. Rack Configuration and Vertical Space Utilization
Machine learning-driven optimization of rack configurations
addresses critical spatial parameters including vertical
spacing between growing tiers, horizontal distances between
rack columns, and overall facility layout geometry. Genetic
algorithms encode rack configurations as chromosomes and
apply evolutionary operations (selection, crossover,
mutation) to explore vast design spaces and identify
configurations  maximizing  volumetric  productivity.
Bayesian optimization employs probabilistic models to
efficiently search configuration spaces by balancing
exploration of uncertain regions with exploitation of
promising designs, reducing computational requirements
compared to exhaustive search methods. Multi-objective
optimization ~ frameworks  simultaneously  optimize
conflicting objectives such as maximum crop density,
minimum energy consumption, and adequate worker access
space using Pareto-frontier approaches. Machine learning
models predict the impact of rack height adjustments on light
penetration efficiency and worker ergonomics, informing
design decisions that balance productivity with operational
feasibility.

3.2. Crop Placement and Polyculture Strategies

Optimal crop placement within vertical farms requires
matching species-specific environmental requirements with
spatially varying microclimatic conditions created by the
facility's geometry and environmental control systems.
Machine learning classification algorithms analyze historical
growth data to identify crop-environment compatibility
profiles, recommending placement strategies that position
light-demanding species in high-illumination zones while
utilizing lower-intensity areas for shade-tolerant crops.
Recommendation systems based on collaborative filtering
techniques suggest optimal polyculture combinations by
identifying crops that complement each other in terms of
environmental preferences and market demand timing.
Spatial regression models predict yield outcomes across
different rack positions, accounting for edge effects,
proximity to HVAC equipment, and interaction effects
between neighboring crops.

3.3. Light Distribution Modeling and LED Optimization
Precise control over light distribution represents a primary
advantage of vertical farming, yet optimal LED placement
and spectral configuration remain complex optimization
challenges. Machine learning models trained on spectral
absorbance data and photosynthetic response curves predict
crop growth outcomes under varying light intensities,
photoperiods, and spectral compositions. Computational
fluid dynamics (CFD) simulations integrated with machine
learning surrogate models rapidly evaluate light uniformity
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across growing surfaces for different LED array
configurations. Neural networks optimize LED dimming
schedules that reduce energy consumption while maintaining
target daily light integrals at each rack position throughout
crop growth cycles. Computer vision systems combined with
machine learning algorithms analyze canopy reflectance
patterns to detect light stress indicators and recommend real-
time adjustments to lighting layouts.

3.4. Airflow Optimization and Temperature Uniformity
Airflow patterns critically influence temperature distribution,
humidity management, and CO: delivery to crop canopies,
making airflow optimization integral to layout design. CFD
simulations generate training datasets describing airflow
velocity fields, temperature gradients, and humidity
distributions for various rack configurations and HVAC
equipment placements. Machine learning regression models
serve as computationally efficient surrogates for CFD
simulations, enabling rapid evaluation of thousands of layout
alternatives during optimization processes. Gaussian process
regression captures uncertainty in airflow predictions,
allowing designers to identify robust layouts that perform
well across varying operational conditions. Reinforcement
learning agents control variable air distribution systems in
real-time, adjusting damper positions and fan speeds to
maintain optimal microclimates while minimizing energy
consumption.

4. Applications in Sustainable Urban Food Production
4.1. Yield Enhancement and Space Efficiency

Machine learning-optimized layouts demonstrate substantial
improvements in crop productivity per unit floor area
compared to conventional designs. Studies report yield
increases of 15-30% through optimized crop placement that
matches species requirements with spatial environmental
conditions. Space utilization efficiency improves through
automated determination of minimum viable rack spacing
that prevents crop shading while maximizing vertical density.
Dynamic layout reconfiguration responsive to crop growth
stages enables higher initial planting densities followed by
automated rack adjustments as canopy size increases.
Predictive models identify optimal harvest timing and
sequential planting schedules that maximize facility
throughput while maintaining consistent market supply.

4.2. Energy Efficiency and Carbon Footprint Reduction

Energy consumption represents 60-80% of operational costs
in vertical farms, making energy optimization critical for
economic and environmental sustainability. Machine
learning-optimized LED placement reduces lighting energy
requirements by 20-35% while maintaining target
photosynthetic photon flux densities through improved light
uniformity and reduced waste illumination. Predictive
climate control algorithms reduce HVAC energy
consumption by anticipating temperature fluctuations and
preemptively adjusting environmental conditions rather than
operating in reactive mode. Time-of-use electricity rate
optimization  algorithms  schedule  energy-intensive
operations during off-peak periods identified through
machine learning analysis of utility pricing patterns.
Integration with renewable energy systems uses machine
learning to forecast solar production and optimize energy
storage strategies that maximize self-consumption.
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4.3. Water Conservation and Nutrient Management
Precision irrigation scheduling optimized through machine
learning reduces water consumption by 25-40% compared to
conventional timer-based approaches. Sensor fusion
algorithms combine substrate moisture measurements,
environmental data, and crop growth models to predict
optimal irrigation timing and volumes for each rack position.
Nutrient solution optimization models adjust fertilizer
concentrations based on crop uptake rates predicted from
growth stage, environmental conditions, and target yield
objectives. Recirculating system management benefits from
machine learning anomaly detection that identifies nutrient
imbalances or pathogen risks before affecting crop health.

4.4. Decision Support Systems for Farm Management
Machine learning-powered decision support platforms
integrate layout optimization with broader operational
planning including crop selection, production scheduling,
and labor allocation. Dashboard interfaces visualize layout
performance metrics, predicted vyield outcomes, and
recommended optimization actions derived from continuous
model monitoring of farm operations. Scenario analysis tools
enable managers to evaluate the impact of layout
modifications on key performance indicators before
implementing physical changes. Mobile applications provide
workers with spatially-specific growing protocols and alert
systems that identify racks requiring attention based on real-
time sensor data analysis.

5. Challenges and Future Perspectives

5.1 Data Availability and Quality Limitations

Limited availability of standardized datasets from
commercial vertical farms constrains development and
validation of generalizable machine learning models.
Proprietary concerns prevent data sharing between operators,
resulting in models trained on narrow operational ranges that
may not transfer to different facility designs or crop varieties.
Sensor calibration drift and maintenance issues introduce
noise and systematic errors that degrade model performance
over time. The need for large training datasets conflicts with
the desire for rapid model deployment in newly constructed
facilities lacking operational history.
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5.2.  Computational Real-Time
Implementation

High-fidelity CFD simulations and detailed crop growth
models present computational barriers to real-time
optimization, particularly for large-scale commercial
facilities with hundreds of racks. Trade-offs between model
accuracy and computational speed necessitate careful
selection of algorithms appropriate for specific optimization
tasks. Edge computing architectures and model compression
techniques offer potential solutions for deploying
sophisticated machine learning algorithms on resource-
constrained farm control systems.

Complexity and

5.3. Model Interpretability and Operator Trust
Black-box nature of complex neural networks creates
hesitancy among farm operators to implement machine
learning recommendations without understanding underlying
decision logic. Explainable Al techniques including feature
importance analysis, attention mechanisms, and local
interpretable model-agnostic explanations (LIME) can
increase model transparency and build user confidence .
Hybrid approaches combining mechanistic crop growth
models with machine learning components leverage domain
expertise while improving predictive accuracy.

5.4. Integration with Emerging Technologies

Digital twin technologies create virtual replicas of vertical
farms enabling risk-free testing of layout modifications and
optimization strategies before physical implementation.
Internet of Things (10T) sensor networks provide increasingly
granular spatial and temporal data streams supporting more
sophisticated machine learning applications. Integration with
blockchain-based traceability systems and machine learning
quality assessment enables automated certification of
sustainable production practices tied to specific layout
configurations. Robotic systems for automated planting,
maintenance, and harvesting benefit from machine learning-
optimized layouts that facilitate robot navigation and
manipulation tasks.

6. Tables
Table 1: Machine Learning Algorithms Applied for Vertical Farming Layout Optimization
Algorithm - . . I Computational
Category Specific Techniques Primary Application Key Advantages Complexity
Artificial Neural Networks (ANN), . - . )

Supervised Support Vector Machines (SVM), Y|elpl _pre(_jlctlpn, crop placement | High accuracy for well ) _

. - classification, image-based layout| labeled datasets, handles | Medium to High
Learning Random Forest, Convolutional Neural

Networks (CNN)

assessment

non-linear relationships

K-means clustering, Principal

Unsupervised Component Analysis (PCA), Self-

Environmental zone identification,
dimensionality reduction, feature

No labeled data required, Low to Medium

Learning Actor-Critic methods, Multi-agent RL

Learning Organizing Maps (SOM), Autoencoders discovery reveals hidden patterns
. . Dynamic rack reconfiguration, Learns optimal policies
Reinforcement | Q-learning, Deep Q-Networks (DQN), adaptive environmental control, [through interaction, handles| High

sequential decision optimization

temporal dependencies

Genetic Algorithms (GA), Particle

Evolutionary g, - Optimization (PSO), Differential

Rack configuration optimization,

Explores large solution

spaces, naturally handles Medium

Algorithms Evolution multi-objective layout design constraints
. . . . Surrogate modeling for CFD Quantifies prediction
Bayesian Gaussian Process Regression, Bayesian . . - - . . .
LY simulations, uncertainty uncertainty, efficient search| Medium to High
Methods Optimization

quantification

of parameter spaces
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Table 2: Input Parameters Used for Machine Learning Model Training in Layout Optimization

Parameter Specific Variables Measurement Units Data Sources Typical Spatlal TempO.ra'
Category Resolution Resolution
Photosynthetic photon flux density ) 5
Light Environment (PPFD), spectral distribution, ”m?fl./n.l ’s, nfm, h'ou_rs, Quantum sensors, 0.25-1 me per 1-15 minutes
photoperiod, light uniformity index coefficient of variation spectrometers sensor
Air temperature, canopy temperature, .
EnTl?fJ?rﬁ!ent substrate temperature, temperature °C, °C/m Thermoc;unzl(ffé infrared 2-4 m3 per sensor| 1-5 minutes
gradients
Humidity and Relative humidity, vapor pressure 0 ) Hygrometers, sap flow 5 .
Vapor deficit (VPD), transpiration rate %, kPa, g/me/h Sensors 2-4 m? per sensor| 5-15 minutes
Air Quality CO: concentration, air velocity, air ppm, m/s, ACH CO: sensors, 4-8 m? per sensor| 5-15 minutes
exchange rate anemometers
Moisture content, electrical 0 . X
CSubs_tr_ate conductivity (EC), pH, dissolved %, mS/cm, pH units, Substrate probes Per growing 15-60 minutes
onditions oxygen mg/L channel/pot
Spatial Rack spacing, rack height, plant cm. em. plants/m2. m? Design specifications, Rack-level Static/on-
Configuration density, facility geometry m.p ' positioning systems demand
Crop Species, growth stage, canopy Categorical, days, cm, | Manual observation, Individual Daily to
Characteristics dimensions, leaf area index m2/m? computer vision plants/racks weekly
Resource Energy use, water consumption, Smart meters, flow Zone or rack ) .
Consumption nutrient uptake kwh, L, g SEnsors level 15-60 minutes

Table 3: Performance Metrics for Machine Learning-Optimized Vertical Farm Layouts Compared to Conventional Designs

.| Conventional Layout| ML-Optimized ML-Optimized Improvement
Performance Metric (Baseline) Static Layout Dynamic Layout Range (%) Assessment Method
Fresh Weight Yield 32 kg/mz/year 39-42 kg/m2/year 43-48 kg/m?/year 22-50% Harvest weight
measurements
Space Utilization 65% volumetric 78-82% volumetric | 82-87% volumetric 0 . .
Efficiency occupancy occupancy occupancy 20-34% 3D spatial analysis
Lighting Energy Use | 45 kWh/kg produce 28-32 kWhikg 26-29 kWh/kg produce 36-42% Energy monitoring
produce systems
Cllmé;e;;zntrol 18 kWh/kg produce 13'3505\5\(/:2/ kg 11-13 kWh/kg produce 28-39% HVAC energy metering
Water Use Efficiency 25 L/kg produce 15-18 L/kg produce | 14-16 L/kg produce 36-44% Flow meter integration
Crop Qua_lity CV = 28% CV = 15-18% CV = 12-16% _ 43-57% Statistical analysis of
Uniformity improvement harvest data
i i i 1 -570,
Light Distribution CV = 35% CV = 18-22% CV = 15-19% _ 46-57% Spatial light mapping
Uniformity improvement
-579, i 1
Ten’_lperat_ure +3.5°C variation +1.8-2.2°C variation | +1.5-1.9°C variation . 43-57% Thermal Imaging
Uniformity improvement analysis
ProduE:rt_lon Cycle 42 days average 38-40 days average | 36-38 days average | 10-14% reduction Growth monitoring
ime systems
Economl%l-;eeturn ber $485/m?/year $612-658/m?/year $671-728/m?/year 26-50% Financial analysis

literature. Dynamic layouts employ movable racks and adaptive environmental control.

Note: CV = Coefficient of Variation. Performance ranges reflect variations across different crop species, facility scales, and geographic locations reported in
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Table 4: Advantages and Limitations of Machine Learning-Based Layout Optimization in Urban Vertical Farming

Aspect

Advantages

Limitations

Mitigation Strategies

Optimization
Capability

Handles multi-dimensional, non-linear
optimization problems exceeding human
analytical capacity; identifies non-obvious
spatial relationships; continuously improves

through learning

Requires substantial computational
resources; may converge to local
optima; optimization results depend
on objective function definition

Implement hybrid optimization
combining multiple algorithms; use
cloud computing for intensive
calculations; engage stakeholders in
defining balanced objectives

Data
Requirements

Leverages existing sensor infrastructure;
improves with operational data
accumulation; enables evidence-based
decision making

Requires months to years of
operational data for robust models;
susceptible to data quality issues;
limited transferability between
facilities

Employ transfer learning from similar
facilities; implement rigorous data
quality protocols; use simulation data
to augment limited real-world datasets

Predictive
Accuracy

Achieves high prediction accuracy for
trained scenarios; quantifies uncertainty in
predictions; adapts to facility-specific
conditions

Prediction accuracy degrades outside
training data range; vulnerable to
sensor drift and calibration issues;
may not generalize to novel crop

varieties

Regular model retraining and
validation; implement sensor
maintenance schedules; combine
mechanistic models with data-driven
approaches

Adaptability

Enables dynamic reconfiguration responsive
to changing conditions; supports multiple
crop rotations; accommodates market
demand shifts

Requires investment in movable
infrastructure; complexity increases
maintenance requirements; may
introduce mechanical failure risks

Prioritize critical adjustable
components; implement redundancy in
control systems; develop phased
implementation strategies

Economic Impact

Demonstrates ROI through efficiency gains;
reduces operational costs; improves product
quality and consistency

High initial investment in sensors,
computing infrastructure, and
software; requires specialized

expertise for implementation and

maintenance

Conduct thorough cost-benefit analysis;
pursue phased implementation; partner
with technology providers for support

Operational
Integration

Provides actionable recommendations;
automates routine optimization tasks;
reduces operator workload

May face resistance from operators
unfamiliar with Al systems; requires
training and change management;
integration with legacy systems
challenging

Invest in operator training programs;
implement explainable Al techniques;
develop user-friendly interfaces

Scalability

Applicable across facility sizes; cloud-based
solutions enable small-scale adoption;
algorithms improve with larger datasets

Computational scaling challenges for|
very large facilities; network latency
issues for real-time control; data
storage and management costs

Implement edge computing for time-
critical functions; use hierarchical
optimization strategies; optimize data
retention policies

Innovation
Potential

Facilitates testing novel layouts in
simulation; enables rapid prototyping;
supports integration with emerging

Rapidly evolving field requires
continuous technology updates; risk
of obsolescence; dependency on

technologies (robotics, Al vision)

Adopt modular, open-architecture
systems; maintain in-house technical
capabilities; participate in research

technology providers

collaborations
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Fig 1: Conceptual Framework of Machine Learning-Driven Layout Optimization in Urban Vertical Farming
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Fig 2: Data Flow and Model Architecture for Layout Optimization Using Environmental, Crop, and Resource Data
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Fig 3: Optimized Vertical Farm Layout Scenarios Generated Using Machine Learning Models

8. Conclusion

Machine learning-driven  optimization represents a
transformative approach to vertical farming layout design,
enabling systematic improvement of crop productivity,
resource efficiency, and economic viability. The integration
of supervised learning for predictive modeling, unsupervised
learning for pattern discovery, and reinforcement learning for
dynamic optimization provides a comprehensive toolkit
addressing the multidimensional complexity of spatial
configuration challenges. Demonstrated applications show
substantial improvements in space utilization, energy
conservation, water efficiency, and yield outcomes compared
to conventional design methodologies. Despite existing
challenges related to data availability, computational
requirements, and model interpretability, ongoing advances
in artificial intelligence, sensor technologies, and
computational infrastructure continue to expand the practical

applicability of machine learning in commercial vertical
farming operations. Future research should prioritize
development of standardized datasets, transfer learning
approaches enabling model adaptation across facilities, and
hybrid optimization frameworks combining mechanistic
understanding with data-driven discovery. As urban
populations grow and climate change intensifies pressure on
traditional agriculture, machine learning-optimized vertical
farming systems will play an increasingly critical role in
sustainable food production for cities worldwide.
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