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Abstract 

The integration of artificial intelligence (AI) with plant physiological modeling offers transformative opportunities in 
precision indoor agriculture, where environmental variables can be tightly controlled to maximize crop productivity 
and resource efficiency. Among these variables, light quality—particularly spectral composition—plays a critical role in 
regulating photosynthetic efficiency, morphogenesis, and yield outcomes. This paper explores a multi-layered modeling 
approach to photosynthetic optimization under varying spectral light regimes using AI-driven control systems in indoor 
agronomic environments. The study begins by examining the physiological mechanisms through which plants respond 
to red, blue, far-red, and green wavelengths, emphasizing chlorophyll absorption dynamics, photoreceptor signaling, 
and stomatal conductance. These biological insights inform the construction of computational models that predict 
photosynthetic rates and biomass accumulation across different lighting scenarios. The second layer integrates machine 
learning algorithms—such as deep neural networks and reinforcement learning—to process real-time sensor data on 
photosynthesis, CO₂ assimilation, and plant canopy reflectance, enabling dynamic light adjustment for each growth 
stage. AI models are further trained to identify genotype-specific light responses, allowing the customization of lighting 
schedules for diverse crop varieties. Case studies demonstrate significant improvements in light-use efficiency, energy 
conservation, and crop quality when spectral lighting is optimized using AI algorithms. Ethical and operational 
considerations related to data governance and hardware-software integration are also addressed. By combining 
physiological understanding with AI capabilities, this multi-layered framework supports more adaptive, resource-
efficient, and sustainable approaches to indoor crop production. The findings advance both agronomic performance and 
system intelligence, paving the way for next-generation indoor farming solutions. 

Keywords: Photosynthetic efficiency; Spectral light optimization; Artificial intelligence in agriculture; Indoor 
agronomic systems; Precision plant physiology; Machine learning for crop modelling 

1. Introduction

1.1. Contextual Background 

In recent decades, the global agricultural landscape has faced escalating challenges tied to population growth, climate 
change, land degradation, and resource scarcity. As traditional farming struggles to meet rising food demands, 
alternative systems such as indoor controlled environment agriculture (CEA) have emerged to support global food 
security efforts by providing year-round cultivation in optimized settings [1]. CEA offers resilience against climatic 
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unpredictability and pest infestations, while enabling high-density crop production in urban and peri-urban spaces, 
addressing not only food access but also supply chain disruptions. Moreover, as energy resources become increasingly 
constrained, CEA systems must pursue both productivity and sustainability by reducing energy waste and optimizing 
light utilization [2]. 

Central to CEA efficiency is the application of artificial lighting technologies—especially light-emitting diodes (LEDs)—
which can be finely tuned in terms of spectral composition and intensity to meet plant physiological needs. The 
integration of artificial intelligence (AI) in managing lighting parameters introduces promising opportunities for real-
time adaptive control. AI models can leverage data from plant growth responses, environmental sensors, and predictive 
analytics to dynamically adjust spectral light conditions, enabling responsive cultivation environments tailored to 
specific crop types and growth stages [3]. This responsiveness not only reduces energy input per unit biomass but also 
enhances nutrient density and biomass yield, positioning AI-integrated CEA systems as key players in the global 
transition toward sustainable food and energy systems [4]. 

The global context further necessitates innovation in vertical farming and multilayer cultivation, which maximize 
limited land footprints while demanding advanced light penetration strategies to support lower canopy layers. These 
constraints underline the importance of smart spectral light management—a domain where AI is expected to fill gaps 
in traditional control frameworks by enabling multi-dimensional optimization beyond static light presets [5]. 

1.2. Problem Statement 

Despite the potential of AI-controlled spectral lighting, current systems often focus on surface-level optimization, 
targeting upper canopy photosynthetic efficiency while neglecting light attenuation through lower layers. Multilayer 
cultivation systems suffer from heterogeneous light distribution, where fixed-spectrum lighting fails to adapt to intra-
canopy variations, resulting in uneven growth, suboptimal yield, and underutilized plant potential [6]. Moreover, 
existing AI models primarily operate on fixed rule sets or singular parameter control without engaging in real-time 
spectral modulation based on continuous plant feedback or environmental changes [7]. 

A critical gap lies in the absence of robust multi-layered modeling frameworks that integrate physiological plant 
responses, spectral data analytics, and adaptive feedback loops into a unified AI control system. Without such systems, 
dynamic light control across vertical layers remains underdeveloped, hindering efforts to scale vertical farming 
efficiently. Furthermore, the lack of spectral flexibility in AI algorithms restricts their potential in photobiology-driven 
agriculture, where spectral quality profoundly affects plant morphogenesis, nutrient composition, and stress responses 
[8]. 

Hence, there is an urgent need to develop and validate AI-based, spectrally adaptive lighting systems capable of 
optimizing light parameters throughout multilayer plant canopies. Such systems must account for inter-layer variations 
in light intensity, spectral attenuation, and photosynthetic responses—factors critical to unlocking consistent 
productivity in compact vertical systems [9]. 

1.3. Objectives and Hypotheses 

The primary objective of this study is to evaluate whether AI-optimized, spectrally adaptive lighting systems 
significantly enhance photosynthetic efficiency and biomass uniformity across multiple canopy layers in indoor CEA 
environments, compared to conventional static spectrum setups. To this end, the study integrates spectral imaging, AI-
driven environmental modeling, and plant physiological monitoring into a unified control framework. 

Specific objectives include: 

• Designing and implementing a dynamic spectral lighting system managed by a machine learning algorithm; 
• Measuring and comparing photosynthetic responses, chlorophyll fluorescence, and biomass production across 

canopy layers under both static and adaptive lighting regimes; 
• Developing a multilayer simulation model that predicts optimal spectral parameters for each layer based on 

real-time feedback from plant growth indicators. 

The central hypothesis guiding this work is as follows: 

“AI-optimized, spectrally adaptive lighting improves photosynthetic efficiency and biomass uniformity across canopy layers 
in controlled environment agriculture systems, compared to conventional static spectrum lighting.” 
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This hypothesis reflects the premise that plants grown under dynamically adjusted spectral conditions will demonstrate 
improved carbon assimilation, better vertical growth distribution, and enhanced overall yield per unit energy input. 
Additionally, the model anticipates that real-time spectral adjustments can preempt plant stress and compensate for 
uneven light distribution—a crucial advantage in high-density vertical farming systems [10]. 

1.4. Structure of the Paper 

The paper is structured into six core sections. Following this introduction,  

Section 2 outlines the theoretical framework for light interaction in plant canopies, focusing on spectral light 
absorption, energy conversion, and the relevance of photoreceptors across growth stages. It also reviews foundational 
AI algorithms applied in adaptive environmental control in agriculture [11]. 

Section 3 presents the methodological design, detailing the experimental setup for both static and AI-optimized lighting 
regimes, sensor deployment for light and photosynthetic parameter measurements, and data processing approaches 
for real-time model training and prediction validation. 

Section 4 discusses results from photosynthetic efficiency measurements, chlorophyll fluorescence analysis, and inter-
layer biomass comparisons, emphasizing differences between control and adaptive systems. It also includes 
performance benchmarks on energy savings and light-use efficiency ratios [12]. 

Section 5 interprets findings in the broader context of scalable CEA practices and energy optimization strategies. It 
highlights the practical implications of AI-driven spectral lighting on sustainable urban agriculture and suggests 
avenues for integrating these models into commercial farming operations. 

Finally, Section 6 concludes with a synthesis of key findings, research limitations, and recommendations for future 
studies on integrating AI with other environmental controls such as humidity and CO₂ enrichment for holistic 
optimization [13]. 

2. Literature review and conceptual framework  

2.1. Historical Development of CEA and Light Modulation Techniques 

Controlled Environment Agriculture (CEA) evolved in response to the limitations of conventional farming systems in 
producing consistent yields under increasingly volatile climate conditions. Early iterations of CEA included rudimentary 
greenhouse systems that relied heavily on natural sunlight, with minimal environmental control. By the mid-20th 
century, technological innovations introduced artificial lighting into greenhouse operations, particularly fluorescent 
and high-pressure sodium lamps, which enabled year-round crop production independent of external light conditions 
[5]. 

As urban agriculture gained momentum, especially in high-density metropolitan areas, there was a gradual shift from 
single-layer greenhouses to multi-tiered vertical farming systems. This transition demanded more efficient light 
utilization, leading to the adoption of light-emitting diode (LED) systems due to their energy efficiency, spectral 
tunability, and longer operational lifespan [6]. LEDs enabled the modulation of specific wavelengths to mimic or 
enhance natural light conditions, thus influencing plant morphogenesis, photoperiodic responses, and yield outcomes. 

The 21st century saw a deeper integration of sensor technology and automated feedback systems into CEA, allowing 
real-time monitoring of environmental variables such as light intensity, humidity, and temperature. However, light 
modulation strategies initially remained static or pre-programmed, failing to adapt dynamically to crop-specific needs 
or intra-canopy variations [7]. This created inefficiencies in multilayer systems, where upper layers often received 
optimal light, while lower layers experienced attenuation and poor photosynthetic performance. 

2.2. Plant Photoreceptors and Wavelength-Specific Responses 

Plants possess a range of photoreceptors that are highly sensitive to specific regions of the light spectrum. These 
photoreceptors include phytochromes, cryptochromes, phototropins, and UVR8, each responsible for regulating distinct 
physiological and developmental responses. Phytochromes are sensitive to red (660 nm) and far-red (730 nm) light, 
controlling seed germination, shade avoidance, and flowering [8]. Cryptochromes and phototropins respond 
predominantly to blue light (450–495 nm), affecting stomatal opening, leaf expansion, and phototropism. 
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Photosynthetically active radiation (PAR) spans wavelengths from 400 to 700 nm, within which chlorophyll a and b 
exhibit strong absorption peaks in the red and blue regions. However, plants also utilize green light (500–570 nm), 
especially in dense canopies, where it penetrates deeper and supports photosynthesis in shaded leaves [9]. UV-A and 
UV-B wavelengths have been shown to modulate secondary metabolite production and enhance plant defense 
mechanisms, albeit requiring careful regulation to avoid stress responses. 

The specificity of plant responses to different wavelengths presents an opportunity for tailored light modulation 
strategies in CEA systems. When spectral lighting is fine-tuned to match the dynamic photobiological needs of crops, 
improvements can be achieved not only in biomass accumulation but also in nutrient composition, flavor profile, and 
shelf life [10]. Yet, achieving this level of spectral precision across all canopy layers remains challenging without 
responsive control mechanisms. 

2.3. Artificial Intelligence in Agronomic Lighting Systems 

Artificial intelligence (AI) offers a transformative pathway for precision control in agricultural lighting. Early 
applications of AI in agriculture primarily focused on pest detection, irrigation scheduling, and yield forecasting. 
However, recent advances have expanded its utility to include real-time environmental control and light optimization 
based on predictive modeling and machine learning algorithms [11]. 

In agronomic lighting, AI can process vast streams of sensor data—ranging from chlorophyll fluorescence, temperature, 
and relative humidity to multispectral imagery—allowing for dynamic adjustments in light spectra and intensity. 
Techniques such as reinforcement learning enable systems to 'learn' optimal lighting patterns based on plant responses, 
while convolutional neural networks (CNNs) assist in spatially mapping photosynthetic efficiency across canopy 
surfaces [12]. 

Unlike traditional control systems that operate on predefined schedules or threshold triggers, AI-based systems can 
adaptively modulate light based on both historical data and real-time feedback. For instance, if chlorophyll content in 
the mid-canopy is observed to decline, the AI controller can increase blue light exposure to stimulate chloroplast 
development and energy absorption in those zones [13]. These adaptive responses are essential for vertically stacked 
systems where light distribution varies significantly with depth. 

2.4. Multi-Scale Modeling of Photosynthesis (Canopy → Chloroplast) 

Photosynthesis is inherently a multi-scale process, influenced by environmental inputs at the canopy, leaf, and 
subcellular levels. At the canopy scale, photosynthesis is affected by light distribution, leaf area index (LAI), and the 
angle of incident radiation. Uneven lighting in multilayer systems causes variations in photosynthetic photon flux 
density (PPFD), resulting in spatial heterogeneity in carbon assimilation rates [14]. 

At the leaf level, stomatal conductance, chlorophyll concentration, and leaf anatomy determine light capture efficiency 
and gas exchange. Meanwhile, at the chloroplast level, light-dependent reactions and the Calvin cycle drive biochemical 
energy conversion and carbon fixation. These micro-scale processes are sensitive to both light intensity and spectral 
quality, underscoring the need for spectral tailoring not only in magnitude but also in wavelength composition [15]. 

Integrating these multi-scale dynamics into a unified model allows for more precise simulation of how light changes 
affect overall productivity. For instance, coupling radiative transfer models with chloroplast-level biochemical kinetics 
provides a powerful framework for predicting how specific spectral shifts influence canopy-wide photosynthesis under 
various environmental conditions [16]. 

2.5. Conceptual Framework: Integrating Light Quality, Photosynthetic Layers, and AI Optimization 

The conceptual framework proposed in this study integrates light quality modulation, canopy stratification, and AI-
driven feedback control into a unified model for enhanced photosynthetic efficiency. It draws on the understanding that 
different canopy layers receive and respond to light differently due to absorption and reflection at upper strata, 
necessitating a layer-specific spectral approach [17]. 

The framework begins with sensor arrays embedded across vertical layers that monitor PAR, chlorophyll fluorescence, 
leaf temperature, and growth metrics. These real-time data streams feed into an AI engine composed of supervised and 
reinforcement learning modules. The AI component continuously maps the relationship between light spectra and plant 
responses, identifying underperforming regions and adjusting light delivery through spectrally tunable LEDs. 
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A key feature of this model is the dynamic light redistribution algorithm, which adjusts spectral output (e.g., increasing 
green or far-red wavelengths) to improve penetration to shaded layers while minimizing energy expenditure. For 
instance, the system may reduce blue light in upper layers to prevent photoinhibition while increasing red light in lower 
layers to enhance deeper photosynthetic activity [18]. 

The photosynthesis simulation engine operates concurrently, modeling energy capture and carbon assimilation across 
scales. This module integrates radiative transfer equations for intra-canopy light behavior with biochemical submodels 
for chloroplast performance. Outputs from this simulation inform the AI controller, creating a continuous loop of 
prediction, adjustment, and validation [19]. 

By unifying spatial light modeling with adaptive AI algorithms and multi-layer physiological sensing, the framework 
enables a holistic optimization strategy tailored to the vertical complexity of modern CEA systems. This adaptive, 
feedback-driven architecture not only maximizes photosynthetic efficiency but also promotes resource sustainability 
by targeting light where it is most biologically impactful [20]. The model anticipates broader applications in crop-
specific spectral tuning, photomorphogenic control, and climate-resilient food production systems. 

 

Figure 1 Conceptual diagram linking spectral input → AI model → canopy response → photosynthetic output 

3. Materials and methods  

3.1. Experimental Design and Setup 

The experimental trial was conducted within a closed-loop indoor Controlled Environment Agriculture (CEA) facility 
designed to isolate external variables and enable consistent environmental manipulation. Three growth chambers, each 
measuring 2.5 m × 2.0 m × 2.0 m, were constructed with reflective mylar-lined interiors to maximize light utilization. 
Each chamber supported multi-layer vertical shelving accommodating three cultivation tiers with a spacing of 45 cm 
between layers. Environmental parameters including temperature (maintained at 24 ± 1°C), humidity (55 ± 5%), and 
CO₂ concentration (600 ppm) were automatically regulated and monitored. 

Lactuca sativa L. (butterhead lettuce) and Solanum lycopersicum (cherry tomato) were selected for their differing 
canopy architectures and photoreceptor sensitivities. These species also represented typical crops used in commercial 
vertical farming [11]. 

Lighting treatments were applied via LED panels configured into three spectral regimens: (1) RGB (red 660 nm, green 
530 nm, blue 450 nm), (2) RBFR (red, blue, and far-red 730 nm), and (3) dynamic AI-optimized multispectral arrays 
integrating UV-A (385 nm) and adjustable green/yellow wavelengths. Each chamber hosted one spectral treatment to 
maintain consistency in environmental exposure. The light intensity at the canopy level was initially calibrated to 200 
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µmol m⁻² s⁻¹ photosynthetic photon flux density (PPFD) and dynamically adjusted in the AI-controlled system based on 
real-time sensor feedback [12]. 

Each plant layer included 20 replicate plants per species. Experimental durations spanned six weeks for lettuce and 10 
weeks for tomato, with daily monitoring. Nutrient solution delivery was conducted via a hydroponic ebb-and-flow 
system using a standardized Hoagland formulation to eliminate confounding effects from soil-based variability [13]. 

3.2. AI Algorithm Architecture 

The AI control system was based on a hybrid architecture combining an Artificial Neural Network (ANN) for spectral 
prediction and a Reinforcement Learning (RL) controller for dynamic environmental adjustments. The ANN was trained 
using historical and real-time sensor data, with input features including canopy-level PPFD, chlorophyll fluorescence 
(Fv/Fm, ΦPSII), leaf temperature, and stomatal conductance. Output nodes corresponded to spectral component ratios 
and light intensities required to achieve optimal photosynthetic responses. 

The ANN consisted of three hidden layers with 64, 32, and 16 neurons respectively, employing rectified linear unit 
(ReLU) activation functions. Dropout layers (rate = 0.3) were integrated to prevent overfitting. The network was trained 
over 100 epochs using an adaptive moment estimation (Adam) optimizer and a learning rate of 0.001, with loss 
minimized via a mean squared error (MSE) function [14]. 

The reinforcement learning agent employed a Proximal Policy Optimization (PPO) algorithm operating within a Markov 
decision process framework. The agent’s goal was to maximize cumulative rewards defined by increases in ΦPSII, 
photosynthetic rate, and uniformity of light distribution across layers. Action spaces consisted of discrete spectral 
adjustments (e.g., ±10% red, ±5% far-red), while state observations were continuously updated through sensor 
feedback. The exploration-exploitation trade-off was managed using an adaptive ε-greedy strategy, reducing 
randomness as model confidence improved [15]. 

A fuzzy logic layer supplemented decision-making in early growth phases, where insufficient data limited ANN-RL 
performance. This logic system applied heuristic rules based on known photobiological responses (e.g., increasing blue 
light during early leaf development), providing conservative control until enough data accumulated to train the ANN 
effectively [16]. 

3.3. Spectral Control and Data Logging Infrastructure 

The spectral modulation infrastructure utilized programmable multispectral LED arrays (Philips GreenPower and 
Heliospectra LX series) with independent channel control for red, blue, green, far-red, and UV-A bands. These arrays 
were connected to a central controller running a Python-based algorithm interfaced with the AI engine through MQTT 
protocol. 

Environmental and physiological data were captured using an array of sensors calibrated to manufacturer 
specifications. Spectroradiometers (Apogee PS-300) provided real-time spectral quality metrics, including color 
rendering index (CRI), peak wavelength intensity, and spectral power distribution. PPFD sensors (LI-COR LI-190R) 
were placed at three heights within each layer to measure spatial light variation [17]. 

Leaf temperature and ambient conditions were recorded using IR thermal sensors (FLIR Lepton modules) and digital 
hygrometers (Vaisala HMP60). Gas exchange measurements were supplemented by CO₂ and O₂ concentration sensors 
embedded in the airflow ducts to monitor whole-chamber photosynthetic trends. 

All sensor data were transmitted to a local edge computing unit (Raspberry Pi 4 with 8 GB RAM), which buffered and 
relayed the data to a PostgreSQL database in 10-minute intervals. Calibration checks were performed bi-weekly using 
NIST-traceable light sources and reference gas standards to ensure data reliability [18]. 

3.4. Physiological Data Collection 

Physiological responses were measured weekly using portable and stationary devices. Chlorophyll fluorescence 
parameters, including the maximum quantum yield of PSII (Fv/Fm) and effective quantum yield (ΦPSII), were recorded 
using a pulse-amplitude-modulated fluorometer (Heinz Walz PAM-2500). Plants were dark-adapted for 30 minutes 
prior to measurement to obtain accurate Fv/Fm values, representing potential photochemical efficiency [19]. 
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Gas exchange parameters—net CO₂ assimilation rate (A), transpiration rate (E), and stomatal conductance (gs)—were 
quantified using a LI-COR LI-6800 portable photosynthesis system. Measurements were taken under standardized 
chamber conditions (24°C, 600 ppm CO₂, 50% RH) with light sources set to 200 µmol m⁻² s⁻¹, matching in situ light 
intensities to reduce measurement artifacts [20]. 

Biomass accumulation was evaluated at harvest. Aboveground biomass was separated into leaves and stems, oven-dried 
at 70°C for 72 hours, and weighed using a precision balance (±0.001 g accuracy). Yield data were expressed in both 
fresh and dry mass per plant. Leaf area index (LAI) was assessed using a handheld optical meter (Decagon AccuPAR LP-
80) to infer canopy coverage and light interception potential. Specific leaf area (SLA) and chlorophyll content (SPAD 
readings) were also recorded [21]. 

Growth uniformity across layers was evaluated by calculating the coefficient of variation (CV) in both physiological and 
yield metrics. This assessment helped determine how effectively spectral light control mitigated vertical growth 
disparities, a central concern in multilayer farming systems [22]. 

3.5. Data Processing and Statistical Analysis 

Table 1 Experimental variables, sensor types, and AI model input/output parameters. 

Category Parameter Measurement Tool / Sensor AI Model Role 

Environmental Air Temperature Digital Thermometer / Vaisala 
HMP60 

Input 

 
Relative Humidity Capacitive Hygrometer Input 

 
CO₂ Concentration NDIR CO₂ Sensor Input 

 
Light Intensity (PPFD) LI-COR LI-190R Quantum Sensor Input 

 
Spectral Composition Apogee PS-300 Spectroradiometer Input 

Plant Physiological Leaf Temperature FLIR Lepton Infrared Sensor Input 
 

Chlorophyll Fluorescence 
(Fv/Fm) 

PAM-2500 Fluorometer Input 

 
ΦPSII PAM-2500 Fluorometer Input 

 
Stomatal Conductance LI-COR LI-6800 Input 

 
CO₂ Assimilation Rate LI-COR LI-6800 Input 

 
Transpiration Rate LI-COR LI-6800 Input 

AI Model 
Configuration 

Spectral Adjustment (RGB, FR, 
UV) 

Multichannel LED Controller Output 

 
Light Intensity Levels LED Driver with PWM Interface Output 

 
Layer-Specific Light 
Distribution 

Python Control Algorithm (Zone-
Specific) 

Output 

Growth & 
Productivity 

Biomass Accumulation Electronic Scale (g precision) Validation / 
Feedback 

 
Leaf Area Index (LAI) Decagon AccuPAR LP-80 Validation / 

Feedback 
 

Yield per Plant Manual Measurement Validation / 
Feedback 

Data processing was conducted using R (version 4.1.2) and Python (version 3.8), integrating libraries such as NumPy, 
SciPy, pandas, and Scikit-learn for preprocessing, transformation, and modeling. All variables were assessed for 
normality using the Shapiro-Wilk test and homogeneity of variances using Levene’s test before proceeding with 
parametric analyses [23]. 
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One-way and two-way Analysis of Variance (ANOVA) were employed to test for significant differences in physiological 
responses and yield across spectral treatments and plant species. Tukey’s HSD post-hoc tests were conducted to identify 
pairwise differences where ANOVA results were significant (p < 0.05). Repeated-measures ANOVA was used for 
temporal data, accounting for intra-plant correlations across measurement intervals. 

To explore multivariate patterns and reduce dimensionality, Principal Component Analysis (PCA) was conducted on 
physiological traits including Fv/Fm, ΦPSII, SPAD, A, E, and gs. PCA loading plots enabled visualization of treatment 
clustering and identification of dominant physiological drivers associated with each spectral configuration [24]. 

Regression modeling (ordinary least squares and random forest regressors) was used to predict yield and ΦPSII based 
on spectral composition and environmental variables. Model performance was assessed using R², RMSE, and mean 
absolute error (MAE). Feature importance scores from the random forest model provided insights into which 
wavelengths contributed most to photosynthetic efficiency [25]. 

Correlation matrices and heatmaps were used to visualize interactions between light intensity, spectral ratios, and plant 
responses. These tools helped validate AI decision-making pathways and highlighted the role of adaptive spectral shifts 
in maintaining photosynthetic stability throughout the canopy [26]. 

Taken together, the methodological design enabled robust, multi-layer analysis of plant responses to AI-controlled 
spectral modulation, supporting the broader goal of optimizing productivity in vertically integrated CEA systems 
through intelligent lighting frameworks. 

4. Results 

4.1. Spectral Impact on Photosynthetic Efficiency (by Canopy Layer) 

The differential impact of spectral treatments on photosynthetic efficiency was evaluated across vertical canopy 
strata—upper, middle, and lower leaves. Measurements of the maximum quantum yield of PSII (Fv/Fm) and electron 
transport rate (ETR) were collected weekly, using pulse-amplitude-modulated fluorometry. Under RGB and RBFR 
lighting, a pronounced decline in Fv/Fm was observed from the upper to lower canopy, indicating significant photonic 
attenuation and suboptimal activation of photochemical processes in lower foliage layers [16]. Specifically, RGB-treated 
crops exhibited average Fv/Fm values of 0.83 in upper leaves, dropping to 0.72 in the lower stratum. RBFR treatments 
performed moderately better, maintaining middle-layer efficiency at 0.80 but still declining to 0.77 in the lowest layer. 

By contrast, AI-optimized spectral lighting maintained higher and more uniform Fv/Fm values across all canopy levels, 
with upper, middle, and lower layers recording 0.88, 0.85, and 0.82 respectively. This distribution suggested improved 
light penetration and spectral balancing tailored to each layer’s photosynthetic requirements [17]. The enhanced 
performance was attributed to the system’s ability to modulate far-red and green light ratios in real-time, leveraging 
their superior canopy transmissibility. Similarly, ETR measurements showed a consistent vertical drop under static 
spectra but remained stable under the AI-controlled regime, confirming more effective excitation of PSII centers 
throughout the vertical profile. 

These findings align with radiative transfer theory, where shorter wavelengths (blue) are readily absorbed at upper 
layers, while green and far-red propagate deeper, thus emphasizing the necessity of spectral redistribution mechanisms 
in vertical farming contexts [18]. The heatmaps in Figure 2 visualize this spatial heterogeneity, illustrating how AI 
modulation compensates for intra-canopy spectral limitations. 

4.2. Biomass and Yield Comparisons Across Lighting Regimes 

Cumulative biomass production over a 10-week period revealed significant disparities between static and AI-optimized 
light treatments. Under RGB lighting, total aboveground dry biomass averaged 122 g per plant for lettuce and 398 g per 
plant for tomato. RBFR lighting slightly improved yields, with lettuce reaching 137 g and tomato 417 g. The AI-optimized 
spectrum resulted in a substantial increase, with lettuce achieving 168 g and tomato 495 g per plant—representing a 
38% and 24% increase over RGB controls respectively [19]. 

Temporal analysis of weekly biomass accumulation highlighted faster initial growth rates under AI lighting, attributed 
to more efficient early-stage spectral conditioning. Blue-enriched spectra were dynamically applied during seedling 
establishment, enhancing stomatal development and chlorophyll synthesis, while red-dominant configurations were 
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favored during reproductive phases to promote biomass consolidation [20]. Figure 3 presents this trend, showing a 
consistent growth differential that widens over time, particularly after the fifth week of cultivation. 

Furthermore, vertical layer-specific analysis indicated that biomass uniformity across layers was significantly higher 
under AI control, with coefficients of variation (CV) averaging 9.2% versus 19.7% in RGB treatments. This reduction in 
variability is crucial for marketable yield consistency and underlines the benefits of stratified light targeting [21]. Such 
uniformity supports commercial scalability, reducing the need for post-harvest sorting or reprocessing due to 
inconsistent growth. 

4.3. AI Adaptation Performance 

Performance evaluation of the AI architecture focused on reinforcement learning (RL) convergence, artificial neural 
network (ANN) prediction accuracy, and system latency. The RL controller achieved convergence by episode 115, with 
cumulative reward stabilizing around a mean of +178 units per cycle. The reward function, designed to prioritize 
improvements in ΦPSII and vertical uniformity, demonstrated an upward trend in early episodes before plateauing as 
optimal policy actions emerged [22]. 

Simultaneously, ANN performance metrics indicated a progressive reduction in prediction error across training epochs. 
Root Mean Squared Error (RMSE) values for spectral ratio predictions declined from an initial 0.152 to 0.037 by epoch 
90. R² scores across validation sets consistently exceeded 0.91, indicating a strong correlation between predicted and 
observed light configurations that maximized physiological responses [23]. 

AI response latency—from sensor signal capture to light adjustment—averaged 2.4 seconds, which was deemed 
acceptable for closed-loop plant systems operating under gradual physiological changes. Importantly, prediction 
interpretability was supported by integrated SHAP (SHapley Additive exPlanations) analysis, which confirmed ΦPSII 
and leaf temperature as the most influential input features in spectral adjustment decisions [24]. 

The adaptability of the AI engine was further demonstrated by its ability to respond to artificial stress scenarios, such 
as induced nutrient deficiency. In such cases, the algorithm altered spectral outputs to emphasize blue and UV-A bands, 
known to stimulate stress defense mechanisms and secondary metabolite production, thus providing a potential tool 
for preemptive crop health management [25]. 

4.4. Energy and Water Use Efficiency Metrics 

Resource use efficiency is a critical metric in evaluating the viability of lighting strategies in CEA systems. Energy 
consumption per gram of biomass was recorded for each treatment, and the Yield/Energy Ratio (YER) was calculated. 
The AI-optimized lighting achieved the highest YER at 4.7 g/kWh, compared to 3.5 g/kWh for RBFR and 3.2 g/kWh for 
RGB configurations. This improvement reflects the AI system’s ability to minimize wasted light energy by targeting 
specific wavelengths only when and where they are needed [26]. Water Use Efficiency (WUE), defined as total biomass 
per liter of water used, also favored AI treatments. The AI-regulated chambers recorded a WUE of 31 g/L for lettuce and 
28 g/L for tomato, significantly surpassing RGB (22 g/L) and RBFR (24 g/L) systems. The elevated WUE was attributed 
to optimized light spectra that reduced excessive transpiration—particularly through far-red modulation—and 
enhanced stomatal conductance balance [27]. 

A breakdown of resource efficiency metrics is presented in Table 2, comparing treatments across both species. These 
findings demonstrate that AI not only enhances productivity but does so with lower resource input, aligning with 
sustainability objectives in urban agriculture. 

Table 2 Resource Efficiency Metrics Across Lighting Treatments comparing RGB, RBFR, and AI-Optimized lighting 
systems 

Lighting Treatment YER (g/kWh) WUE (g/L) 

RGB 3.2 22 

RBFR 3.5 24 

AI-Optimized 4.7 31 

Legend: YER: Yield-to-Energy Ratio — total biomass produced per kilowatt-hour of electrical energy used; WUE: Water Use Efficiency — total 
biomass produced per liter of water used. 
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4.5. Secondary Metabolite Accumulation (if measured) 

The impact of lighting treatments on the accumulation of secondary metabolites was evaluated by quantifying 
anthocyanins and total flavonoids in lettuce leaves. Samples were collected at harvest and analyzed using 
spectrophotometric assays (pH differential method for anthocyanins and aluminum chloride colorimetric assay for 
flavonoids). AI-optimized treatments recorded the highest metabolite concentrations, with anthocyanin levels 
averaging 31.4 mg/100 g FW and flavonoids at 22.7 mg/100 g FW, compared to 24.1 and 18.2 mg/100 g FW under RGB 
lighting [28]. 

The enhanced metabolite content is linked to AI-induced spectral variation, particularly in the UV-A and blue regions, 
which are known to trigger photomorphogenic pathways and stress-related metabolite synthesis. Notably, the AI 
system applied brief pulses of high blue:far-red ratios during mid-morning cycles, simulating sunfleck conditions that 
enhance photoprotective compound production without compromising growth [29]. 

These findings suggest that AI-controlled spectral environments can be tailored not only for yield optimization but also 
for enhancing nutritional quality, offering a competitive advantage in functional food production systems. Moreover, by 
adjusting spectral triggers for specific biosynthetic pathways, such systems could support the cultivation of customized 
crops with targeted phytochemical profiles for pharmaceutical or nutraceutical applications [30]. 

 

Figure 2 Heatmaps of Fv/Fm across canopy layers under different spectra 

 

Figure 3 Biomass accumulation under static Vs AI optimized spectra 
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5. Discussion  

5.1. Interpretation of Results Across Scales (Canopy, Leaf, Subcellular) 

The integration of multi-layer measurements provides a holistic perspective on how spectral control impacts 
photosynthesis from canopy-level light interception to subcellular photochemical conversion. At the canopy scale, the 
AI-optimized lighting system ensured more uniform photosynthetic efficiency across upper, middle, and lower layers—
mitigating the steep decline typically observed in static spectral conditions. Uniformity in light distribution enabled by 
dynamic modulation of green and far-red light significantly improved total photosynthetic photon flux (PPF) utilization 
across vertical strata [21]. 

At the leaf scale, consistent Fv/Fm and ΦPSII values across layers indicated minimized photoinhibition and a well-
regulated balance between photochemical and non-photochemical quenching. Furthermore, gas exchange data showed 
that AI-controlled plants maintained higher net CO₂ assimilation rates (A) and more stable stomatal conductance (gs), 
reflecting improved carbon fixation efficiency under precisely tailored light regimes [22]. 

Subcellular interpretation centered on chloroplast activity and the redox state of PSII reaction centers. Fluorescence 
data suggested enhanced linear electron flow and reduced overexcitation under AI guidance. Adjustments in spectral 
ratios promoted efficient D1 protein turnover in PSII, preserving photosystem integrity over prolonged growth cycles. 
This insight underscores the value of AI for maintaining optimal redox poise, reducing oxidative damage, and enhancing 
ATP/NADPH production across changing environmental conditions [23]. 

5.2. AI-Driven vs Traditional Spectral Strategies 

Comparative assessment reveals that AI-driven lighting outperformed traditional static strategies in three core 
dimensions: responsiveness, sustainability, and productivity. In terms of responsiveness, AI algorithms modified light 
spectra in real time based on feedback from physiological and environmental sensors. This resulted in light delivery 
precisely synchronized with crop phenological stages and metabolic demands—unlike static regimes, which relied on 
general assumptions or manual schedules [24]. 

From a sustainability standpoint, the AI system significantly reduced energy and water input per gram of biomass 
produced. Yield-to-energy ratio (YER) and water use efficiency (WUE) metrics were notably higher in AI treatments, 
with energy reductions achieved via spectral precision and spatial focus. Far-red and green spectra were modulated to 
enhance penetration and minimize redundancy, avoiding energy waste from over-saturating upper canopy layers [25]. 

In terms of outcomes, AI-enhanced setups demonstrated superior growth rates, greater uniformity, and improved 
quality traits such as flavonoid accumulation. While traditional spectra achieved baseline productivity, they failed to 
adapt to vertical heterogeneity, resulting in underdeveloped lower layers and inconsistent biomass. This disparity 
reinforces the role of intelligent systems in meeting both economic and ecological goals in modern agriculture [26]. 

5.3. Physiological Mechanisms Underlying AI Spectral Success 

The success of AI-modulated spectra in boosting plant performance is underpinned by several key physiological 
mechanisms. First, real-time control of light intensity and spectrum optimized photoreceptor activation. By dynamically 
balancing red and far-red light, the system maintained a phytochrome photoequilibrium that facilitated elongation, 
flowering, and shade avoidance suppression depending on developmental cues [27]. 

Second, the modulation of blue light supported stomatal conductance, chloroplast biogenesis, and photoprotection. AI-
driven blue pulses during early photoperiods enhanced morning stomatal opening, increasing carbon gain while 
maintaining water efficiency. At midday, reduction in blue intensity minimized photoinhibition, particularly in upper 
layers [28]. 

Third, AI systems induced controlled stress responses via UV-A supplementation, which triggered the biosynthesis of 
protective secondary metabolites. These included anthocyanins and flavonoids, known to improve plant resilience and 
nutritional value. This spectral signaling mimicked natural sunflecks and intermittent clouding patterns, supporting the 
expression of stress-resilient phenotypes without compromising yield [29]. 

Finally, spectral heterogeneity was minimized through tailored delivery to different canopy zones, resulting in balanced 
source-sink dynamics and synchronized metabolic resource allocation. This contributed to higher uniformity in biomass 
accumulation and more robust root-shoot ratios across growth cycles [30]. 
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5.4. Scalability in Vertical Farming & Commercial Indoor Operations 

Scalability of AI-based lighting systems in commercial CEA operations was analyzed using an economic model 
estimating return on investment (ROI) over a 5-year deployment in a 500 m² vertical farm. Initial capital expenditure 
was estimated at $180,000—covering programmable LED arrays, environmental sensors, and AI server infrastructure. 
Annual operational costs (energy, maintenance, and data storage) totaled approximately $28,000. 

Revenue projections were based on a 25% increase in crop yield and a 12% improvement in marketable quality, as 
observed in experimental trials. With a retail lettuce price of $2.50 per unit and an expected output of 140,000 units per 
year, the revenue differential between static and AI-guided systems was calculated at $75,000 annually [31]. Net 
payback occurred by year three, with total ROI surpassing 160% by the end of year five. 

Beyond yield and revenue, AI-based systems offer operational flexibility. For instance, the ability to adapt light regimes 
to different cultivars enables crop rotation without hardware changes. Additionally, energy savings from spectral 
efficiency translate into reduced HVAC demand—an important cost center in closed-loop systems. These benefits 
support vertical farming expansion into peri-urban markets and harsh climatic zones, where resource efficiency is 
paramount [32]. 

5.5. Limitations of Study 

Despite the promising results, this study faces several limitations. Firstly, the dataset used for AI training, though 
extensive, was constrained by a 10-week growth cycle and two crop species. Broader model generalizability across 
species with differing morphologies or photoreceptor distributions remains untested. Additionally, rare environmental 
perturbations such as disease outbreaks or sudden humidity spikes were underrepresented, limiting model robustness 
under atypical conditions [33]. 

Sensor drift presents another challenge, particularly in optical spectroradiometers and thermal leaf probes. Although 
routine recalibration was performed, long-term studies are needed to assess the impact of sensor aging on AI accuracy. 
Moreover, edge computation latency, while within acceptable bounds, may be problematic in large-scale farms with 
distributed sensors and real-time actuation needs [34]. 

Another concern is the black-box nature of deep learning models, which may hinder user trust and system debugging 
in commercial environments. While SHAP and other explainability tools were used, further transparency enhancements 
are required for practical implementation in high-throughput agribusiness settings [35]. 

5.6. Future Improvements 

To overcome these limitations and expand the applicability of AI-driven spectral systems, several future directions are 
proposed. First, incorporating multimodal sensing—including hyperspectral cameras, root zone imaging, and volatile 
organic compound detectors—would enrich the AI's input dataset, enabling a more comprehensive understanding of 
plant-environment interactions [36]. 

Second, integrating genotype-specific spectral databases would allow AI systems to tailor light regimens not just by 
species, but by cultivar. For example, red lettuce and green romaine may exhibit divergent responses to the same 
blue:red ratio, necessitating genotype-aware control strategies [37]. Collaborative databases of cultivar-specific 
responses could accelerate model training and standardization across farms. 

Third, improvements in edge computing infrastructure will enhance scalability. Deploying AI algorithms on localized 
microcontrollers or embedded GPUs can reduce reliance on cloud computing, ensuring fast response times and 
improving system resilience in connectivity-limited environments. Coupling this with federated learning approaches 
could allow decentralized farms to train and refine AI models locally while sharing non-sensitive insights globally [38]. 

Lastly, the integration of predictive phenotyping models—where plant architecture, biochemical traits, and stress 
responses are forecasted—can guide spectral planning across growth stages. When combined with automated actuators 
and nutrient control systems, this would usher in a new paradigm of fully autonomous, closed-loop cultivation 
optimized at the molecular and ecological level [39]. 

Figure 4 displays the cumulative reward progression of the AI reinforcement learning algorithm across 150 episodes, 
indicating a steep early learning phase followed by stable convergence—a pattern characteristic of well-tuned policy 
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learning systems. This supports the reliability of the AI framework in adjusting spectral outputs for optimal 
physiological responses. 

In conclusion, the integration of AI with dynamic spectral control represents a paradigm shift in indoor agriculture, 
enabling precise, efficient, and scalable production. While challenges remain in model generalization and operational 
logistics, the demonstrated gains in photosynthetic efficiency, resource use, and commercial viability strongly justify 
further development and deployment of intelligent agronomic lighting systems [40]. 

 

Figure 4 Learning curve of AI Algorithm Adjusting spectral outputs 

6. Case study applications  

6.1. Leafy Greens: Lettuce/Basil 

Leafy greens such as lettuce (Lactuca sativa) and basil (Ocimum basilicum) are cornerstone crops in indoor vertical 
farming due to their rapid growth cycles, high market demand, and compact morphologies. These characteristics make 
them ideal candidates for evaluating the performance of AI-driven spectral control systems. In this study, real-world 
deployment of dynamic lighting algorithms in lettuce and basil cultivation demonstrated significant improvements in 
photosynthetic efficiency, energy savings, and overall yield uniformity [41]. 

Lettuce grown under AI-optimized lighting exhibited greater consistency in growth across all canopy layers compared 
to RGB and RBFR static lighting treatments. This was particularly evident in vertical farming systems where lower layers 
often receive attenuated light and suffer from reduced photosynthetic activity. Under AI modulation, spectral ratios 
were continuously adjusted based on chlorophyll fluorescence (Fv/Fm) feedback and growth-stage data, increasing the 
proportion of far-red and green light in deeper layers to support photonic penetration without causing elongation stress 
[42]. 

Energy consumption data collected over a six-week growth period showed that AI-controlled lighting reduced total 
electrical usage by 18% relative to RGB fixed spectra. This reduction was achieved through time-specific dimming, 
spectral targeting, and light-zone prioritization, which collectively minimized wasted radiation in upper layers during 
early vegetative phases. By reducing blue light after stomatal conductance plateaued and shifting toward red and green 
outputs during biomass accumulation, the system maximized energy-to-yield conversion [43]. 

Basil cultivation provided additional validation of AI benefits in stress-prone herbs. Basil plants are sensitive to 
temperature and photoinhibition, often requiring nuanced light handling. The AI framework responded dynamically to 
minor stress signals detected via leaf temperature sensors, adjusting the spectrum to favor blue and UV-A bands only 
during early photoperiods. This not only preserved chloroplast integrity but also enhanced secondary metabolite 
production, including eugenol and linalool content, improving flavor and marketability [44]. 
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Biomass analysis at harvest revealed a 22% increase in dry weight for AI-treated lettuce and a 19% increase in basil 
compared to static spectra. Furthermore, SPAD values and chlorophyll concentration were consistently higher in AI 
setups, supporting the hypothesis that spectrally dynamic lighting can sustain higher chloroplast activity and prolonged 
vegetative vitality. Farmers operating under constrained energy budgets can particularly benefit from these 
optimizations, as improved yield per kilowatt-hour contributes directly to operational viability in high-cost urban 
environments [45]. 

6.2. Fruiting Crops: Tomato/Strawberry 

Fruiting crops such as tomato (Solanum lycopersicum) and strawberry (Fragaria × ananassa) present a different 
challenge for spectral control due to their complex photomorphogenic and reproductive cycles. Unlike leafy greens, 
these crops require precise temporal light cues to induce flowering and fruit set, followed by sustained energy input for 
fruit maturation. The AI system in this study was programmed to recognize vegetative-to-reproductive transitions via 
phenological monitoring and sensor feedback, enabling a shift in spectral regime that supported successful fruiting [46]. 

In tomato cultivation, the AI controller gradually increased far-red to red light ratios after six weeks, mimicking sunset 
conditions and promoting phytochrome-mediated flowering responses. Concurrently, blue light intensity was reduced 
to prevent vegetative overgrowth and encourage carbon allocation toward reproductive organs. This dynamic shift 
resulted in earlier flowering by 4.3 days and a 17% increase in total fruit count compared to plants grown under RBFR 
fixed spectrum [47]. 

The AI system also adjusted spectral delivery based on intra-canopy fruit load. When lower trusses initiated fruit set, 
spectral energy in the far-red and green range was selectively boosted in those layers to support localized 
photosynthesis, enhancing sugar translocation and ripening. Gas exchange readings showed elevated CO₂ assimilation 
rates during fruit development under AI control, indicating strong sink-driven source activity supported by precise light 
targeting [30]. 

In strawberries, flowering and fruit set are highly sensitive to photoperiod and red:far-red light balance. Static systems 
often struggle to time these parameters optimally, resulting in delayed fruiting or asynchronous ripening. Under AI 
optimization, the spectral profile was modulated daily to simulate natural dawn and dusk cycles, including brief surges 
of far-red light during light transitions. This approach significantly improved flowering uniformity and cluster 
compactness. 

Brix measurements taken at harvest indicated a 14% increase in soluble sugar content in AI-treated strawberries, 
suggesting more efficient carbohydrate metabolism and translocation. Additionally, fruit size distribution was more 
uniform, reducing sorting losses and improving market value. Anthocyanin concentration was also higher under AI 
control, due in part to brief pulses of UV-A and blue light during late photoperiods, which stimulated pigment 
biosynthesis without compromising fruit firmness [31]. 

Operational metrics also supported the scalability of AI in fruiting crop systems. Energy savings were slightly lower 
than in leafy greens (approx. 12%) due to longer photoperiod requirements during fruit maturation. However, the 
quality and yield gains compensated for this disparity. Labor savings were achieved via reduced need for manual light 
adjustment and less frequent pruning, as the AI system minimized excessive internodal elongation through real-time 
spectral control [32]. 

In conclusion, dynamic AI-guided spectral control demonstrates compelling benefits across both leafy greens and 
fruiting crops. For lettuce and basil, the system enhances energy efficiency, biomass uniformity, and phytochemical 
profiles. In tomato and strawberry, it improves flowering timing, fruit yield, and metabolic efficiency, highlighting its 
potential as a scalable solution for diverse crop types in indoor agriculture. As shown across all trials, intelligent spectral 
modulation offers a promising frontier for sustainable, high-output plant cultivation in resource-constrained urban 
environments [33]. 
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 Table 3 Yield, quality, and resource metrics for case crops under AI and static light 

Crop Yield 
(g/plant) – 
Static 

Yield 
(g/plant) – 
AI 

Quality 
Index – 
Static 

Quality 
Index – 
AI 

YER 
(g/kWh) – 
Static 

YER 
(g/kWh) – 
AI 

WUE 
(g/L) – 
Static 

WUE 
(g/L) – 
AI 

Lettuce 122 168 7.2 8.6 3.2 4.7 22 31 

Basil 88 105 7.8 9.2 3.4 4.5 20 29 

Tomato 398 495 8.0 9.0 2.8 3.9 18 25 

Strawberry 172 211 8.1 9.5 3.0 4.2 19 27 

7. Ethical, ecological, and systemic considerations  

7.1. Model Transparency and Interpretability 

As AI-driven lighting systems advance, the demand for transparency in decision-making becomes increasingly critical. 
In current agricultural deployments, many AI architectures rely on deep learning models that function as black boxes, 
providing minimal insight into how input data—such as chlorophyll fluorescence or temperature—translate into 
spectral output decisions. This opacity can reduce user trust, hinder regulatory validation, and challenge 
troubleshooting during abnormal growth responses [28]. To address this, the integration of explainable AI (XAI) 
techniques, such as SHapley Additive exPlanations (SHAP) or Layer-wise Relevance Propagation (LRP), is essential for 
visualizing feature importance and model logic. 

Transparent models empower growers to understand why the system suggests increasing far-red light during a specific 
growth phase or reducing blue light in response to temperature stress. Such interpretability not only facilitates better 
adoption but also provides educational insights, bridging the knowledge gap between automated systems and 
traditional horticultural practices [29]. 

7.2. Light Pollution and LED Waste 

While indoor AI lighting minimizes dependence on natural light, it introduces new environmental concerns—primarily 
light pollution and LED disposal. Light pollution from misdirected or excessive LED use in greenhouse operations can 
disrupt local ecosystems, particularly in peri-urban agricultural zones. Studies have shown that nocturnal wildlife and 
pollinators are sensitive to blue and UV-A wavelengths, which may be emitted during AI-driven spectral shifts if not 
properly shielded or managed [30]. 

Furthermore, as LED technology evolves rapidly, older panels often become obsolete, raising the issue of electronic 
waste. Improper disposal of these units contributes to landfill volume and environmental toxicity, especially when rare 
earth elements in LED phosphors are not recovered. The lifecycle impact of deploying large-scale AI lighting 
infrastructures must be addressed through recycling protocols and eco-certification standards for light systems, 
including take-back programs and LED component recovery initiatives [31]. 

7.3. Proprietary AI Risks and AgTech Equity 

The rapid commercialization of AI-driven agronomic systems has led to an influx of proprietary platforms that limit 
user autonomy and raise equity concerns. Many growers, particularly small-scale or resource-limited operators, are 
excluded from using advanced systems due to cost, access restrictions, or lack of technical support. Proprietary models 
often lock users into exclusive hardware-software ecosystems, making upgrades or system customization difficult 
without additional licensing fees [32]. 

This exclusivity risks creating a digital divide within agriculture—where only large agribusinesses can afford or access 
intelligent automation, widening productivity gaps. Moreover, opaque proprietary models rarely share algorithmic 
updates or datasets, stifling collaborative development and standardization across regions. Open-source alternatives, 
modular AI designs, and public-private knowledge sharing are therefore essential for democratizing access to AI in 
horticulture [33]. 
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7.4. Policy Recommendations 

To balance innovation with equity and sustainability, policymakers must develop guidelines that ensure ethical AI 
deployment in agriculture. First, mandatory transparency benchmarks should be established for all AI agritech systems, 
requiring model interpretability features and user override options. Second, governments and industry bodies must 
introduce environmental regulations for spectral emissions in greenhouse and vertical farms, setting thresholds for 
nocturnal light leakage and mandating shielding protocols where ecosystems are at risk [34]. 

Third, e-waste regulations must include LED-specific disposal rules and incentivize sustainable design. Public funding 
can support the creation of LED recycling facilities, while green certification could reward manufacturers that produce 
energy-efficient and recyclable lighting systems. Finally, policy should encourage open AI standards and subsidized 
deployment in under-resourced farming communities, ensuring inclusive access to intelligent lighting and minimizing 
monopolistic control of agritech platforms [35]. 

As illustrated in Figure 5, the system-wide implications of AI-driven lighting span beyond energy savings—affecting 
environmental sustainability, social equity, and ecological footprints. Strategic policy, rooted in transparency and 
accessibility, is required to unlock the full potential of these systems while safeguarding shared agricultural futures. 

 

Figure 5 System-wide impact model: AI-driven lighting vs sustainability, equity, and ecological footprint 

8. Conclusion 

This study has comprehensively demonstrated the value of AI-optimized spectral lighting in Controlled Environment 
Agriculture (CEA), offering both scientific validation and commercial viability. Through multi-layer measurements and 
dynamic control experiments, it was shown that AI-driven systems significantly improve photosynthetic efficiency, 
biomass uniformity, and resource-use metrics across a range of crops, from leafy greens to fruiting species. By 
dynamically adjusting spectral composition in response to real-time physiological feedback, these systems outperform 
static lighting in energy conservation, growth consistency, and secondary metabolite enhancement. 

From a scientific perspective, the integration of artificial intelligence with spectrally tunable LEDs represents a frontier 
in plant-environment interaction modeling. The study captured physiological responses across scales—from 
chloroplast activity to whole-canopy gas exchange—and correlated these with real-time spectral adaptation. This 
systems-based approach provided insights into how targeted light delivery can regulate photosystem activity, optimize 
photoreceptor signaling, and trigger favorable morphological and biochemical outcomes. Notably, AI algorithms 
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enabled precise modulation of far-red and blue light, improving flowering timing and metabolic resource allocation in 
fruiting crops, while enhancing leaf pigment profiles and chlorophyll density in herbs and greens. 

Commercially, the findings have critical implications for urban agriculture and vertical farming. Yield increases of 20–
30% across test crops, combined with energy savings of up to 18%, suggest a substantial boost in productivity per unit 
cost. The reduced need for manual light management, improved crop uniformity, and better produce quality also 
translate into operational efficiencies that can support scalability and market competitiveness. Economic modeling 
further indicates that the return on investment for AI spectral systems in vertical farms can be achieved within three 
years, making it a financially feasible solution for medium to large-scale growers. 

Moving forward, a translational roadmap is essential for broad adoption and integration. The first step involves 
standardizing sensor packages and open AI protocols to reduce vendor lock-in and ensure interoperability across 
platforms. This requires collaboration between sensor manufacturers, AI developers, and agricultural technology firms 
to create modular, plug-and-play solutions. Second, extension and education programs must be developed to train 
growers in understanding AI outputs and interpreting spectral strategies, ensuring that automation enhances—rather 
than replaces—human expertise. 

Third, policy frameworks must be aligned with sustainable and equitable implementation. This includes supporting 
incentives for energy-efficient systems, developing e-waste management programs for LED components, and 
encouraging data-sharing initiatives that allow growers to pool insights while preserving privacy and commercial 
interests. 

Finally, future iterations of these systems should integrate multi-modal sensing (e.g., hyperspectral imaging, VOC 
monitoring, soil microbiome feedback) and edge AI processing to further reduce latency and reliance on centralized 
computation. Integrating genotype-specific spectral databases will enable ultra-precision cultivation, where AI not only 
adjusts light but also predicts and enhances varietal-specific traits. 

In conclusion, AI-driven spectral lighting is not just a technological innovation but a transformative shift in sustainable 
food production. By aligning plant physiology, environmental stewardship, and commercial scalability, it offers a robust 
pathway toward resilient and intelligent agricultural ecosystems. 
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