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Abstract

Vertical farming (VF) is a critical solution for sustainable urban agriculture; however, its
economic viability remains constrained by high labour and energy costs. The integration
of Artificial Intelligence (AI) and Computer Vision (CV) offers opportunities to automate
monitoring and optimize environmental control. This systematic review synthesizes peer-
reviewed research published between 2015 and 2026 on Deep Learning (DL) applications for
lettuce (Lactuca sativa) cultivated in Controlled Environment Agriculture (CEA). Literature
was retrieved from Google Scholar, Scopus, PubMed, Semantic Scholar, OpenAlex, and Web
of Science, resulting in 34 eligible studies selected from an initial pool of 893 records. The
analysis indicates that Convolutional Neural Networks (CNNs) and You Only Look Once
(YOLO)-based object detection models are the most widely adopted architectures for non-
invasive growth monitoring and disease detection, frequently reporting accuracy metrics
exceeding 90%. In parallel, hybrid approaches that integrate Al with biophysical constraints
are gaining attention for yield estimation and nutrient prediction tasks. Nevertheless,
significant challenges remain, particularly concerning data availability and reproducibility,
as 87% of the reviewed studies rely on private datasets. Overall, the findings underscore
the need for standardized benchmarking datasets and computationally efficient, edge-
deployable architectures to facilitate the transition from experimental prototypes to scalable
commercial applications.

Keywords: vertical farming; deep learning; computer vision; lettuce; controlled environment
agriculture

1. Introduction
1.1. Background and Motivation

VF and CEA have gained increasing attention as potential approaches to addressing
global food security challenges, driven by the need to meet a projected 70% increase in
global food demand by 2050 [1]. In addition to demographic growth, recent geopolitical
disruptions, including the COVID-19 pandemic and the Russia—Ukraine conflict, have high-
lighted vulnerabilities in global supply chains and reinforced the importance of localized,
resilient production systems [2].
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Despite their promise, the economic sustainability of VF systems remains a signif-
icant challenge. Operational expenditures are dominated by labour and energy costs.
For example, ref. [3] reported that in high-efficiency systems, labour-related intervention
costs may reach €3.00/m?, substantially exceeding electricity costs (€0.46/m?). These find-
ings suggest that automation is not only a technological advancement but may also be
economically strategic.

Al has been proposed as a mechanism to improve resource-use efficiency in CEA
systems. For instance, ref. [1] introduced the concept of “electricity productivity,” reporting
values of 95.0 g/kWh under adaptive lighting strategies. Similarly, ref. [3] observed
improvements in Water-Use Efficiency (WUE), from 22 g/L in static systems to 31g/L
under Al-driven optimization. In economic terms, ref. [4] reported a return on investment
of 104.56% for solar-integrated VF systems, while ref. [1] documented a 65% ROI under
adaptive control scenarios. Collectively, these studies indicate the potential economic
benefits of intelligent environmental management.

1.2. The Role of Lettuce as a Model Crop

Within the context of cultivated crops, lettuce serves as the primary model organism
for indoor agricultural research, selected not merely for convenience but due to its specific
biological and economic attributes. While Butterhead varieties dominate the literature
because they represent the highest market share as of 2022 [2], contemporary research
encompasses diverse cultivars including Romaine, ‘Flandry’ [5], and ‘Lugano’ [3].

Biologically, lettuce is an ideal candidate for CV benchmarking due to its high sensi-
tivity to light spectra [1] and susceptibility to physiological disorders such as tip-burn [6].
These traits render it an optimal stress-test for environmental control algorithms. Further-
more, its “fragile and thick” canopy architecture [7] presents unique occlusion challenges for
image processing, while its rapid growth cycle expedites high-frequency data collection [2].

Commercially, minute morphological differences can significantly dictate market
value. As reported by [3], Class A heads are valued at €0.50 compared to €0.40 for Class B,
illustrating how minor quality deviations may impact profitability at scale.

1.3. From Manual to Automated Phenotyping

Despite the suitability of lettuce, monitoring its growth remains a critical bottleneck.
Traditional phenotyping methodologies are not only invasive but economically unsustain-
able. As previously established, labour costs constitute the primary financial burden within
high-efficiency configurations, often exceeding energy expenditures. Beyond economic
implications, manual inspection under red/blue LED lighting may introduce labelling
inconsistencies due to spectral distortions [6].

Furthermore, destructive weighing protocols inherently preclude the ability to track
individual growth trajectories longitudinally. As articulated by [2], direct physical handling
during manual measurement may introduce physiological stress, potentially influencing
growth outcomes. Because destructive sampling prevents continuous observation of a
single specimen, researchers frequently rely on interpolated growth curves rather than
strictly longitudinal data [3].

CV offers a non-contact alternative that enables continuous monitoring with minimal
disturbance. With high-end GPU acceleration, reported inference times as low as 3 ms per
image suggest the feasibility of real-time implementation in controlled environments.

1.4. The Shift to Deep Learning (2015-2026)

Over the past decade, research in automated plant phenotyping has progressively
shifted from traditional Machine Learning (ML) approaches toward DL frameworks. Early
ML methods, including Support Vector Machines (SVMs), relied heavily on manually
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engineered features, which often exhibited limited generalization across variable symptom
scales and heterogeneous visual conditions [8].

In addition to feature-design constraints, computational performance limited the fea-
sibility of real-time deployment. For example, ref. [9] reported inference times of up to
376.61 s per dataset for SVM-based models, compared to 7.00 s for neural network alter-
natives. Traditional image processing techniques also demonstrated reduced robustness
under artificial lighting environments. Under red /blue LED illumination, ref. [6] observed
that certain approaches failed to detect stress symptoms in specific scenarios, a limita-
tion attributed to the difficulty of separating feature extraction from spectral distortions
introduced by the lighting conditions.

DL architectures mitigated several of these constraints by enabling end-to-end feature
extraction directly from raw image data. However, subsequent architectural develop-
ment has evolved along two primary directions: computational efficiency and contextual
representation.

From a deployment perspective, model size and inference latency became critical fac-
tors. Although Faster R-CNN (region-based with CNNs) achieved high detection accuracy,
its model size (1.2 GB) limited suitability for embedded systems [10]. In contrast, YOLO
v7 achieved 97.2% mAP (mean average precision) with a substantially smaller footprint
(11.7 MB), highlighting the trade-off between accuracy and portability. Further optimization
for CPU-based inference was demonstrated by [11], who integrated a FasterNet backbone
into YOLOVS, achieving inference speeds of approximately 40 ms. Most recently, the
algorithmic landscape has continued to evolve, highlighting a rapid transition toward
YOLOV11 variants for robust localization and advanced sequence-based regression models
for yield forecasting. For example, integrations of Bayesian optimization with hybrid recur-
rent neural networks, specifically the BO-GRU-BIiLSTM framework, have demonstrated
exceptional precision in sequential harvest time prediction, achieving an R? of 0.826 and
a Root Mean Square Error (RMSE) of 1.532 with an inference latency of merely 0.201 ms
per sample [12]. Furthermore, recent architectures have successfully deployed two-stage
pipelines combining real-time CNN biomass estimation with LSTM sequence forecasting to
achieve R? values exceeding 99.5% [13]. Similarly, the UniTriRob model has emerged as a
highly robust regression architecture for aeroponic yield forecasting, yielding an outstand-
ing R? of 0.9783 and an RMSE of 0.469 by effectively mitigating heteroscedastic noise and
sensor outliers [14]. While earlier studies predominantly feature YOLOv8 implementations,
this reflects the standard academic publication timeline; the domain is currently actively
shifting toward these more sophisticated temporal and robust regression frameworks.

Parallel research has explored architectures capable of capturing broader spatial depen-
dencies. Vision Transformers (ViTs), introduced in this context by [15], aim to overcome the
locality constraints of convolutional receptive fields through global attention mechanisms.
These models have shown promising results in regression tasks such as biomass estimation,
where long-range contextual information may be beneficial.

More recently (2024-2026), hybrid frameworks combining data-driven learning with
biophysical modelling have gained increasing attention. While earlier studies incorpo-
rated multiple algorithmic components, newer approaches embed explicit physiological
relationships within the predictive pipeline.

For example, ref. [16] coupled Random Forest regression with the Penman-Monteith
equation to link morphological predictions with evapotranspiration dynamics. Such strate-
gies aim to enhance interpretability and biological consistency within Al-driven systems,
addressing concerns regarding the opacity of purely data-driven models.
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1.5. Objectives and Contribution

Within the context of this systematic review, CEA is defined as a technology-driven
approach to agricultural production that precisely regulates environmental parameters,
including light spectrum, temperature, humidity, and CO, concentration, to optimize crop
growth and ensure sustainable intensification. VF is recognized as a highly specialized
subset of CEA, characterized by the high-density cultivation of crops in vertically stacked
layers, traditionally relying on closed-loop, fully artificial light plant factories (PFALs).
While the core focus of this review remains strictly on DL and CV applications within these
closed PFAL environments, a specific subset of high-tech greenhouse studies (e.g., [3,17])
operating under natural light has been intentionally included. The integration of these
studies is methodologically justified, as they serve as an essential ‘natural light baseline.’
By establishing baseline cv performance metrics under solar illumination, this review
can comparatively measure and isolate the specific spectral interference and feature dis-
tortion caused uniquely by artificial LED environments in PFAL systems. A complete
categorization of all reviewed studies by their illumination environment (Group A: fully
Artificial Light/PFAL vs. Group B: Natural Light/Greenhouse) is detailed in Appendix B
(Appendix B.1.4).

This systematic review synthesizes 34 studies published between 2015 and 2026,
focusing specifically on Artificial Intelligence-driven monitoring and control of lettuce
cultivated in CEA systems. While several surveys address Al applications in agriculture
more broadly, fewer studies provide a crop-specific and deployment-oriented analysis
within indoor farming environments.

Previous assessments have indicated that only a limited proportion, 12%, of vision-
based systems integrate real-time control loops or address constraints associated with
edge deployment on low-power hardware [18]. Moreover, concerns regarding model inter-
pretability and biological plausibility have been raised in the context of purely data-driven
approaches [16]. These observations highlight the need for a structured evaluation of archi-
tectural trends, scalability considerations, and data-related limitations within this domain.

Accordingly, this review pursues three primary objectives:

e  Scalability and Deployment: To evaluate the transition from server-based prototypes
to edge-deployable systems, including reported inference speeds and hardware con-
straints [11,18].

e  Architectural Evolution: To analyse emerging lightweight and hybrid frameworks,
with particular attention to physics-informed approaches that integrate biophysical
relationships into predictive pipelines [16].

e Data and Generalization: To examine dataset characteristics, data availability, and
augmentation strategies, including synthetic background generation, and to assess
their implications for model robustness [15].

The remainder of this paper is structured as follows: Section 2 describes the materials
and methods, including the PRISMA-based selection protocol. Section 3 presents the results
categorized by architectural and hardware trends. Section 4 presents the comprehensive
discussion and future research trajectories, Section 5 outlines the limitations of the review,
and Section 6 provides concluding remarks.

2. Materials and Methods

This systematic review was conducted following the guidelines of the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement. The
review protocol focused on identifying, screening and synthesizing literature regarding the
application of DL and CV in the monitoring and optimization of lettuce growth within VF
and CEA.
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2.1. Research Questions

To guide the systematic review and ensure alignment with the study’s goals, the
following research questions (RQs) were defined:

e RQ1: What are the primary CV and DL architectures used for lettuce monitoring
in VF?

e  RQ2: What specific growth parameters (e.g., yield, disease, nutrient status) are most
frequently analysed using these technologies?

e  RQ3: What are the current limitations and challenges in implementing these Al-driven
systems in real-world production environments?

2.2. Search Strategy and Data Sources

A comprehensive literature search was performed in July 2026. The databases selected
for this review included Google Scholar, Scopus, PubMed, Semantic Scholar, OpenAlex,
and Web of Science (WoS). These sources were explicitly chosen to ensure coverage of
both technical engineering repositories (IEEE Xplore, Scopus) and biological/agricultural
archives (PubMed, WoS).

The search strategy employed a combination of keywords related to the crop (Lactuca
sativa), the farming system (CEA, VF), and the technology (DL, CV). Boolean operators
(“AND”, “OR”) were utilized to construct the search strings:

(“artificial intelligence” OR “machine learning” OR “deep learning” OR “computer
vision”) AND (“vertical farming” OR “indoor farming” OR “hydroponics” OR “controlled
environment agriculture” OR “CEA”) AND (lettuce OR lactuca).

2.3. Eligibility Criteria
Studies were selected based on specific inclusion and exclusion criteria to ensure the

relevance and quality of the data.
Inclusion Criteria:

e  Timeframe: Articles published between 2015 and 2026. The year 2015 was selected
as the inception point to capture the emergence of Deep Residual Networks (ResNet)
and Faster R-CNN, which marked the critical paradigm shift from traditional manual
feature extraction to end-to-end deep feature learning.

e Language: Full-text articles published in English.

e  Document Type: Peer-reviewed journal articles, conference proceedings, and theses.

e Topic: Studies explicitly applying AI/CV techniques to lettuce crops in controlled
environments (hydroponics, aeroponics, vertical farms).

Exclusion Criteria:

e  Studies focused solely on open-field agriculture to isolate the impact of controlled
environmental variables.

e  Research not involving lettuce or where lettuce was not the primary crop analysed.

e  Review articles, book chapters, technical reports, preprints, and white papers (to
ensure peer-reviewed quality).

e  Qualitative Studies: Studies were excluded if they failed to report quantitative perfor-
mance metrics (e.g., Accuracy, mAP, RMSE, R2, or Resource Efficiency) to ensure the
reproducibility and comparative value of the results.

2.4. Study Selection and Data Extraction

The selection process followed the PRISMA flow framework. Initially, all retrieved
records were imported into the Rayyan reference management tool, where duplicates were
automatically identified and removed. The screening was conducted in two stages:
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1.  Title and Abstract Screening: Records were screened for relevance against the eligibil-
ity criteria. Irrelevant titles were discarded.

2. Full-Text Assessment: The full texts of the remaining articles were retrieved and
examined in detail.

Data Extraction Protocol: Data were extracted using a standardized form capturing
four key dimensions:

e  Bibliographic Scope: Publication year, study objective (e.g., localization vs. weight
prediction), and specific crop cultivars.

e  Environmental Setup: Production system type (Greenhouse vs. Plant Factory), input
modality (RGB vs. Depth), and lighting protocols.

e  Technical Implementation: Algorithm classification (e.g., Convolutional Neural Net-
works [CNNs], You Only Look Once [YOLO], Transformers), specific architecture
names, and computational hardware (differentiating between Edge Devices like Rasp-
berry Pi and Server-Grade GPUs).

e  Performance Metrics: Quantitative results (R2, mAP), inference speed (ms/FPS),
dataset characteristics (size and augmentation), and reported limitations regarding
scalability and robustness.

e Quality Assessment: The methodological quality of each study was assessed based
on the reproducibility of its dataset (Public/Private), the definition of ground truth
(Destructive/Non-destructive), and the rigorousness of validation metrics (e.g., use of
a separate test set vs. simple training accuracy).

3. Results
3.1. Study Selection

The search strategy yielded a total of 893 documents from the electronic databases.
Initial screening using the Rayyan reference management tool identified 172 potential
duplicates. Upon manual verification, 15 records were resolved as distinct studies and
retained, while 157 were confirmed as duplicates and removed. This left 736 records for
title and abstract screening. From these, 659 articles were excluded as they did not meet
the eligibility criteria (e.g., wrong crop, open-field agriculture). A total of 77 full-text
articles were assessed, with 43 being excluded for specific reasons (e.g., lack of quantitative
metrics). Finally, 34 studies were included in this systematic review. The selection process
is illustrated in Figure 1. Appendix A (Table A1) presents a summary of the included
studies, detailing the crop, system type, Al algorithm, and key results. Furthermore, a
comprehensive analysis of the general characteristics of these included studies—including
annual publication trends, geographic and institutional distributions, publication venue
quality, and production system breakdowns—is provided in Appendix B.

While the primary scope of this systematic review is centred on DL and CV archi-
tectures, the inclusion of select traditional ML regression models utilizing multivariable
sensor data is methodologically imperative. Evaluating advanced deep neural networks
in isolation limits the ability to determine their true computational and predictive efficacy.
Traditional ML approaches serve as necessary performance baselines against which the
robustness and accuracy of DL models can be rigorously compared. Specifically, the in-
clusion of advanced traditional frameworks, such as the Unified Tri-Robust (UniTriRob)
regression model, provides a critical benchmark. The UniTriRob model effectively miti-
gates heteroscedastic noise, sensor outliers, and dataset imbalances inherent in aeroponic
VF, achieving an exceptional R? of 0.9783. Benchmarking DL architectures against such
highly optimized, noise-resistant traditional models ensures a comprehensive evaluation
of whether the increased computational cost of DL is justified by proportional gains in
predictive reliability within real-world agricultural deployments.
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Figure 1. PRISMA 2020 flow diagram illustrating the selection process of the included studies.

3.2. Growth Monitoring and Yield Estimation

The reviewed literature reveals a clear technological hierarchy in biomass estimation,
moving from simple regression to spatial DL.

3.2.1. Architectural Comparison: Speed vs. Spatial Awareness

Standard Multi-Layer Perceptrons (MLPs) offer computational speed but struggle with
spatial complexity. Ref. [2] demonstrated that while an MLP was nine times faster than a
CNN, it suffered a significant accuracy drop. To address this trade-off in feature selection,
ref. [19] successfully employed a Hybrid Tree-Fuzzy-Rough Set model to filter optimal vision
descriptors before feeding them into decision support systems. However, for precision tasks,
CNN’s remain the standard. Ref. [2] utilized a ResNet18 architecture to predict fresh weight
with an RMSE of 8.06 g. Crucially, this high accuracy relied on a “horizontally mobile” camera
system, a controlled setup that [15] criticized for lacking generalizability.

3.2.2. The Necessity of Depth for Canopy Occlusion

A critical finding across multiple studies is the failure of 2D RGB sensors once the plant
canopy closes. Ref. [3] provided definitive statistical evidence, showing that 2D coverage
percentage correlated poorly with actual fresh weight (r = 0.5392) once leaves began
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to overlap. In contrast, 3D volume calculated from depth sensors maintained a strong
correlation (r = 0.8975), proving that depth data is essential for monitoring late-stage
growth. Similarly, ref. [20] reported that their RGB-D model achieved a low Mean Absolute
Percentage Error (MAPE) of 7.3%, effectively solving the occlusion problem that blinded 2D
models. However, hardware reliability remains a bottleneck; ref. [2] reported catastrophic
failure of the RealSense D405 sensor due to humidity corrosion after just three weeks,
while [20] noted that specular reflections on wet leaves caused significant data artifacts.

3.2.3. Destructive vs. Non-Destructive Validation

Despite the goal of non-invasive monitoring, model validation remains paradoxically
destructive. All major yield studies [2,3,15] relied on harvesting and weighing plants to
establish ground truth. Ref. [15] explicitly admitted that this “destructive investigation”
limited their dataset size and prevented the tracking of individual plant growth curves.
Ref. [3] further noted that this forces researchers to rely on linear interpolation rather than
real continuous data, highlighting a methodological flaw that only “Physics-Informed”
hybrid models [16], which infer mass from transpiration rates, attempt to circumvent.

3.3. Environmental Control and Resource Optimization

A significant portion of the literature applied Al not merely for monitoring, but to actively
close the control loop, optimizing the “Energy-Yield” nexus through diverse hardware strategies.

3.3.1. Quantifiable Efficiency and ROI

The review identifies a shift from theoretical optimization to quantifiable economic
gains. Ref. [1] demonstrated that an adaptive lighting framework could achieve an “elec-
tricity productivity” of 95.0 g/kWh. Even higher returns were reported by the Bernardo
research group, who sequentially optimized solar-sharing systems using fuzzy logic [21],
culminating in a 2024 study that achieved a massive ROI of 104.56% [4]. Similarly, ref. [22]
utilized Artificial Neural Networks (ANNs) to optimize the interaction between photo-
voltaic shading and VF facades, achieving a prediction accuracy of 88% for energy self-
sufficiency. Prior to these adaptive systems, ref. [23] established baseline environmental
setpoints, but [24] demonstrated that Al-driven spectral optimization could surpass these
baselines, improving WUE to 31 g/L.

3.3.2. Control Logic: Edge Microcontrollers vs. Industrial PLCs

Hardware implementation reflects a bifurcation based on cost versus robustness. For
low-cost deployment, ref. [4] utilized Fuzzy Logic on Arduino and ESP8266 microcon-
trollers. Fuzzy Logic was selected specifically as a lightweight “expert system” capable of
simulating complex environmental rules without the computational overhead of DL. In con-
trast, ref. [25] prioritized industrial standardization, employing an OMRON NX1P2 PLC.
The preference for industrial robustness was so strong that even when input ports were
insufficient, they utilized an ESP32 solely as a bridge rather than replacing the PLC, em-
phasizing the “Industrial IoT” requirement for standardized Structured Text programming
over minimizing hardware costs.

3.3.3. Biophysical Constraints vs. Architectural Optimization

Beyond pure DL, “Hybrid” models have emerged to address two distinct limitations:
interpretability and efficiency. The first class integrates biophysical constraints to solve
the “Black Box” problem: ref. [16] pioneered a system coupling Random Forest with the
Penman-Monteith equation to dynamically scale water usage. By anchoring predictions
in established laws of evapotranspiration, this prevents the model from generating bio-
logically impossible values. The second class utilizes nature-inspired meta-heuristics for
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architectural optimization: ref. [9] employed a Gravitational Search Algorithm (GSA) to
tune an RNN, while [7] introduced a Chimp-Optimized EfficientNet. Unlike biophysical
models which constrain outputs, these use physics metaphors to navigate the hyperparam-
eter search space more efficiently than standard grid-search methods.

3.4. Hardware Implementation and Computational Complexity

The reviewed studies demonstrate a clear bifurcation in hardware strategies, catego-
rized into low-cost edge solutions for real-time monitoring and high-performance server
solutions for complex model training.

3.4.1. Imaging Sensors and Reliability

While standard RGB cameras remain ubiquitous, specialized sensors face reliability
challenges in humid VF environments. For depth estimation, the Intel RealSense series
(D415, D435) is the industry standard [20], yet it is not infallible. Ref. [2] reported the
catastrophic failure of a RealSense D405 sensor due to humidity-induced corrosion after
only three weeks in a plant factory. Furthermore, ref. [20] noted that while RGB-D sensors
solve occlusion, they suffer from “missing pixels” caused by specular reflections on wet
leaf surfaces, necessitating robust preprocessing pipelines.

3.4.2. Hardware Constraints and Tiered Inference Benchmarks

The deployment of DL architectures in CEA is fundamentally constrained by the
computational limitations of edge hardware. To accurately isolate the impact of algorithmic
efficiency from raw computing power, inference benchmarks must be strictly categorized
by their deployment hardware tiers.

Server-Grade Infrastructure: When deployed on high-performance local GPU work-
stations or costly cloud-based computational resources, architectures can achieve near-
instantaneous speeds. For instance, ref. [2] quantified this on powerful hardware, finding
that a simple Multi-Layer Perceptron (MLP) achieved an inference time of 3 ms, significantly
outpacing a ResNet18 CNN at 26 ms. While these absolute speeds are ideal for high-speed
conveyor systems, they rely on computational resources that are often economically and
physically unfeasible for distributed edge deployment within plant factories.

Edge and Low-Power Deployment: Translating complex networks to edge devices or
standard CPUs introduces severe inference bottlenecks. On these constrained tiers, archi-
tectural optimization that prioritizes the minimization of Giga Floating Point Operations
per Second (GFLOPs) becomes the primary driver of speed. For example, on low-power
hardware, ref. [8] demonstrated that ShuffleNet achieved an inference speed of 80.89 ms,
drastically outperforming comparable lightweight models like SqueezeNet (238.22 ms).
This efficiency is not driven by server power, but by Pointwise Group Convolutions and
Channel Shuffling, which reduce the requirement to merely 0.04 GFLOPs per image. Simi-
larly, ref. [11] optimized a YOLOv8n-seg architecture specifically for CPU-based inference
by integrating a FasterNet backbone utilizing Partial Convolutions (P-Conv), reducing com-
putational loads from 11.97 GFLOPs to 5.96 GFLOPs and cutting inference latency by 26%.
By grouping these metrics, it becomes evident that while MLPs offer the highest absolute
speed on servers, structurally optimized architectures like ShuffleNet and FasterNet-YOLO
are imperative for viable edge-CV deployment.

3.4.3. Robotic Integration and Structural Optimization

Moving beyond monitoring, recent work integrates vision with actuation. Ref. [26]
engineered a custom 4-DOF manipulator using specific Denavit-Hartenberg parameters
to navigate hydroponic racks, while [17] implemented a low-cost linear robotic rail using
Raspberry Pi. Crucially, hardware innovation extends to the physical facility itself; ref. [5]
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utilized parametric modelling and genetic algorithms to optimize the stereoscopic frame
design, reducing shading and maximizing natural light uniformity. Finally, ref. [25] bridged
the gap to industrial standards by deploying a fuzzy logic control system directly onto an
OMRON NX1P2 PLC.

3.5. Dataset Characteristics and Training Strategies

A critical analysis reveals that the field is stifled by a reliance on siloed, private data. As
detailed in Table 1, 87% of the reviewed studies utilized private datasets unavailable to the
broader research community. Only four studies [1,3,7,20] provided open access or GitHub.com
repositories, a fragmentation that [6] explicitly identified as a “primary barrier” to progress,
noting that “no public datasets are found for diseases or stress analyses in indoor environments”.

3.5.1. Synthetic Data Augmentation Strategies

To overcome this bottleneck, researchers have moved beyond simple geometric aug-
mentation to fully synthetic data generation. Ref. [15] utilized the Rembg library and
OpenCV to “cut and paste” lettuce plants onto new backgrounds, expanding their dataset
9-fold (from 161 to 1224 images). This synthetic expansion allowed their Vision Transformer
to achieve an R? of 0.89 despite the limited initial sample size. Similarly, ref. [27] introduced
“Glass Noise” augmentation using the Albumentations library, mathematically simulating
the visual distortion caused by wet grow pipes and greenhouse glazing to ensure model
robustness in reflective aquaponic environments.

3.5.2. Transfer Learning and Pre-Training

Given the small size of agricultural datasets, Transfer Learning is universally adopted.
Most architectures were initialized with weights pre-trained on ImageNet [20] or COCO [6].
However, the domain gap remains significant; ref. [10] noted that general-purpose features
(edges/blobs) transfer well, but specific physiological markers like “tip-burn” require exten-
sive fine-tuning. Ref. [28] addressed this by replacing the final softmax classification layers of
pre-trained networks with regression heads, effectively repurposing the “knowledge” of 1000
ImageNet classes for specific morphological prediction. Table 1 summarizes the characteristics
of these datasets, highlighting the disparity in size and the heavy reliance on private data.

Table 1. Detailed characteristics of datasets utilized in the reviewed studies, highlighting the preva-
lence of private data and augmentation strategies.

Reference Size Res. Augmentation Access
[29] 8007 Imgs N/A Rotation, Trans., Reflection, Scale Private
[20] 3888 (RGB) + 3888 (D) 848 x 480 Rotation, Brightness, Contrast Public (GitHub)
[6] 2333 640 x 640 Brightness, Flip, Rotation Private
[26] 2150 100 x 100 Rotated, Shifted, Flipped Private
[10] 1124 (Orig) /2040 (Aug) 3000 x 4000 Rotation, Flipping Private
[15] 161 (Orig) /1224 (Aug) 3024 x 3024 Synthetic Backgrounds (Rembg) Private
[11] 80 (Base)/880 (Final) 1280 %800 Shadow, Blur, Persp., Flip Private
[8] 825 1640 x 3648 Flip, Rot, Bright, Contrast Private
[27] 520 N/A Flip, Rot, Glass noise Private
[30] 447 224 x 224 Not listed Private
2] 376 3280 x 2464 Random Flip Private
[28] 300 299 x 299 N/A Private
[7] 208 640 x 640 None listed Public (Kaggle)
[3] Time-series D415 None listed Public (DOI)
[1] Real-time N/A Lighting Sim (+/—50 Bright) Public (GitHub)

3.6. Algorithmic Performance and Hybrid Architectures

A comparative analysis reveals a distinct performance hierarchy where architectural
choices are driven by the specific trade-off between floating-point operations (FLOPs) and
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feature complexity. To facilitate rigorous cross-study comparisons and ensure reproducibility
within the domain of agricultural CV, establishing a standardized reporting matrix is critical.
This review emphasizes a universal framework tailored to specific analytical tasks: Mean
Average Precision at an Intersection over Union of 0.5 (mAP@0.5) is the primary standard
for localization, segmentation, and disease detection tasks; the Coefficient of Determination
(R?) and RMSE are essential to evaluate biomass, height, and yield regression models [13,14];
and GFLOPs alongside Frames Per Second provide crucial benchmarks for the computational
efficiency and latency of models intended for edge computing deployments [31].

3.6.1. Efficiency Mechanisms in Lightweight Architectures

In the domain of resource-constrained inference, ref. [8] established that ShuffleNet
(80.89 ms) was approximately three times faster than SqueezeNet (238.22 ms) despite having a
larger parameter count (1.37 M vs. 1.24 M). The study attributes this counter-intuitive result
to the massive reduction in calculation volume: ShuffleNet required only 0.04 GFLOPs per
image compared to SqueezeNet’s 0.35 GFLOPs. This efficiency is driven by the use of Point-
wise Group Convolutions combined with Channel Shuffling, which allows for information
exchange across channels without the heavy computational cost of dense convolutions.

Similarly, ref. [11] optimized YOLOv8n-seg by integrating a FasterNet backbone The
key innovation was the utilization of P-Conv, illustrated in Figure 2, which apply convolu-
tion to only a subset of input channels while leaving the rest untouched. Combined with a
cumulative-sum channel growth strategy (416 channels/block) rather than exponential
growth (2"), this reduced the model’s load from 11.97 GFLOPs to 5.96 GFLOPs, increasing
mARP to 99.5% while cutting inference time by 26%.

C2F ProtoNet

Conv

'

— Conv Upsample

Darknet
Bottleneck

""" Upsample

" Backbone.

|

Darknet
Bottleneck

Upsample

Integration Segmentation

Conv

Head Darknet Bottleneck Conv
add = true |

Conv

BatchNormal
2D

Conv

Figure 2. Schematic comparison of Standard Convolution vs. Partial Convolution (P-Conv). While
standard convolution (top) applies filters to all input channels simultaneously (¢ x k x k), P-Conv
(bottom) applies filters only to a subset of channels (cy), leaving the remaining channels (¢ — ¢p)
untouched. This “T-shaped” computation significantly reduces Floating Point Operations (FLOPs)
and memory access, optimizing the model for edge deployment, adapted from Zhao et al. (2024) [11].
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3.6.2. Physics-Informed Hybrid Frameworks

Beyond pure DL, a sophisticated class of “Hybrid” models has emerged to enforce
biophysical consistency. Ref. [16] pioneered a system where Random Forest is used not
as a final predictor, but to estimate intermediate biological parameters, specifically Total
Leaf Area (T-LA), which determines the Canopy Cover (CC). This data-driven output is
then coupled with the physics-based Penman-Monteith equation to calculate plant-specific
evapotranspiration (ET¢p):

ET., = (ETp x Kc) x CC (1)

where ETj is the reference evapotranspiration and K is the crop coefficient. This allows
the model to dynamically scale water usage based on real-time morphology rather than
static constants.

Taking a meta-heuristic approach, ref. [9] employed a GSA to optimize a Recurrent
Neural Network. In this architecture, the “position” of mass agents in the search space
maps directly to the neuron counts (N7, N2, N3) of the hidden layers. The resulting opti-
mized topology achieved 93.61% accuracy for nitrate prediction, drastically outperforming
standard SVM models (46%) by effectively navigating the search space for structural
hyperparameters.

3.7. Disease and Stress Detection

A substantial subset of the reviewed literature focused on the early identification
of physiological stress and pathogen infection. However, the results reveal a critical
dependency on lighting conditions and symptom severity.

3.7.1. Spectral Limitations in RGB Imaging

Detecting necrosis under the red /blue LED lighting common in plant factories remains
a significant failure mode. Ref. [6] evaluated object detection models on “tip-burn” (calcium
deficiency) datasets trained directly on purple-tinted images without white-balancing. The
study found that standard YOLOV4 failed catastrophically, achieving zero detections in
some test cases because the necrotic brown spots lost contrast against the dark, purple-lit
healthy tissue.

In contrast, YOLOV5 achieved a mAP of 82.8%. The authors attributed this not to
data augmentation, but to auto-learning bounding box anchors, which allowed the model
to adaptively learn the optimal anchor sizes for small necrotic spots, unlike the fixed
anchors of v4. Nevertheless, false positives remained high due to spectral noise. Higher
accuracies reported by others, such as [30] (93.3% with MobileNetV2), must be interpreted
with caution; their dataset utilized flash photography that artificially restored green colour
fidelity, avoiding the “purple blindness” problem inherent in passive monitoring.

3.7.2. Nutrient Deficiency Differentiation

Regarding specific nutrient imbalances, ref. [8] achieved >99% accuracy using Shuf-
fleNet. However, a deep analysis of the confusion matrix reveals that calcium (-Ca) defi-
ciency was the easiest to detect (100% accuracy) because its symptom, namely inner leaf
tip-burn or rotting of the growth point, is morphologically distinct.

In contrast, potassium (-K) and magnesium (-Mg) were the hardest to distinguish, as
Grad-CAM visualization showed the models struggled to localize specific interveinal chlorosis
patterns, often looking at the whole plant instead. Crucially, the authors admitted a selec-
tion bias: images were collected only after plants showed “obvious deficiency symptoms”,
bypassing the critical challenge of early-stage diagnosis where symptoms are ambiguous.
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3.7.3. Edge Diagnostics Limitations

While detection is accurate on servers, edge deployment faces hardware bottlenecks.
Ref. [32] implemented a health classification system on a Raspberry Pi 4, achieving 90%
accuracy. However, the study noted that performance was “limited by microprocessor
speed,” suggesting that while the Pi 4 is sufficient for static “stop-and-stare” diagnostics, it
lacks the frame rate required for high-speed robotic scanning systems, validating the need
for the lighter architectures (like ShuffleNet) identified in Section 3.7.

4. Discussion
4.1. The Challenge of Data Scarcity and Generalization

A critical finding of this review is the systemic lack of large-scale, public datasets
for VE. Unlike general CV domains backed by massive libraries (e.g., COCO, ImageNet),
researchers in CEA are frequently forced to generate custom datasets, leading to extreme
disparities in data volume.

The Data Volume Gap: The review reveals a significant divide in dataset magnitude.
On the upper end, ref. [29] utilized the largest reported dataset of 8007 images for disease
classification. In stark contrast, valid experimental studies operated with minimal data; [33]
developed a decision support system using only 90 distinct images, while [11] relied on
a base set of just 80 images to validate an instance segmentation model. This reliance on
micro-datasets raises concerns about the statistical robustness of reported high accuracies
(often > 95%) when models are exposed to unseen variability.

Synthetic Augmentation as a Necessity: To bridge this gap, reliance on synthetic data
has evolved beyond simple geometric transformations. Ref. [15] increased their training
set 9-fold by using OpenCV to synthetically replace image backgrounds, helping the
model generalize to different environments. Furthermore, ref. [6] explicitly recommended
Generative Adversarial Networks as a necessary tool to simulate stress conditions (like
tip-burn) that are difficult to induce biologically in controlled crops.

The Destructive Validation Paradox in Temporal Modelling

While the primary operational advantage of CV is continuous, non-invasive monitor-
ing, a fundamental methodological flaw persists within the reviewed literature: ground-
truth biomass values for model validation are predominantly acquired via destructive
sampling [2,3,15]. Destructive weighing makes it impossible to obtain true continuous
time-series data from an individual plant, meaning long-term temporal validation for
growth prediction models relies heavily on linear interpolation between disparate sam-
ples [3]. This reliance introduces a severe vulnerability into the temporal robustness of
sequence-based models.

To reduce reliance on destructive single-plant sampling and break this validation
bottleneck, future experimental designs must adopt rigorous statistical proxies. Techniques
such as batch-averaging across highly controlled sub-populations or employing leave-
one-out cross-validation frameworks can statistically approximate continuous individual
growth trajectories without sacrificing the physical specimen. Furthermore, the integration
of advanced non-destructive sensor modalities presents a pathway to invert biomass
metrics mathematically. By deploying LiDAR to capture high-resolution 3D volumetric
point clouds, or utilizing multispectral cameras to correlate specific spectral reflectance
indices with cellular density and water weight, researchers can establish reliable, proxy-
based ground truths that circumvent the need for physical harvesting entirely.
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4.2. The Influence of Light Spectrum and Canopy Occlusion on Model Generalization

The transition from laboratory prototypes to commercial vertical farms faces signif-
icant physical hurdles, specifically spectral interference and canopy occlusion, that pure
algorithmic improvements cannot solve.

The Spectral Gap: The physical illumination characteristics of the cultivation environ-
ment fundamentally dictate the efficacy of CV models, revealing a sharp divergence in the
visual processing challenges faced by Group A (PFAL) and Group B (Greenhouse) systems.

In fully artificial light systems (Group A), DL models must contend with a severe
“Spectral Gap”. PFALs predominantly utilize specific red /blue LED spectra to maximize
photosynthetic efficiency, which artificially distorts the natural chromaticity of the plant
canopy. This creates a purplish-magenta visual environment that heavily masks critical
physiological anomalies. Standard RGB-trained object detection architectures suffer catas-
trophic domain shift under these spectral conditions. For instance, ref. [6] demonstrated
that standard YOLO models (specifically YOLOv4) failed entirely, achieving zero detections
for tip-burn necrosis under red /blue LEDs, because the necrotic brown spots lost all visual
contrast against the dark, purple-lit healthy foliage. Consequently, detecting diseases or
stress in Group A necessitates either the physical introduction of white LEDs to normalize
the spectrum, or the transformation of images into robust colour spaces (e.g., HSV) to
decouple chromaticity from the distorted illumination intensity.

Conversely, CV deployed in natural-light greenhouse environments (Group B) is
unencumbered by artificial purplish-magenta colour casts but is constrained by variable
solar illumination and dynamic structural shadowing. Greenhouse models must process
images subjected to diurnal fluctuations in the Daily Light Integral (DLI) and shifting
sun angles. As highlighted by [5,17], structural elements like multi-layer stereoscopic
cultivation frames cast deep, uneven shadows on lower canopy layers. This high-contrast,
variable illumination complicates image segmentation and requires highly robust feature
extraction to prevent over-segmentation or occlusion errors caused by the dynamic interplay
of direct sunlight and structural shadows. Thus, comparing the two modalities confirms
that while greenhouse systems require CV models resilient to variable luminosity and high-
contrast shadowing, PFAL systems demand architectures mathematically robust against
intense chromatic distortion and spectral masking.

Biological Feature Alteration: This issue extends beyond simple colour casts. Ref. [34]
demonstrated that specific artificial light spectra induce physiological changes, such as
the production of flavonoids, which alter the physical texture of the leaf. Consequently,
texture-based features learned from sunlight-grown lettuce are mathematically distinct
from those of LED-grown lettuce. This implies that “Domain Adaptation” is not just about
colour normalization; it requires retraining models on datasets that capture these unique
morphological phenotypes.

The Occlusion Barrier: As lettuce plants mature, overlapping leaves prevent top-
down cameras from capturing the full canopy, leading to underestimations of biomass.
Ref. [17] highlighted this as a critical limitation, noting that top-view images fail when the
foliage of neighbouring plants overlaps. While RGB-D sensors helped maintain height
measurement accuracy in dense canopies [11], they could not fully reconstruct the hidden
biomass volume. Consequently, ref. [10] explicitly proposed the integration of side-view
imaging to capture features hidden from the overhead perspective, while [17] suggested
image stitching to create panoramic views of the entire grow bed.

4.3. Hardware Realities: Durability and Edge Bottlenecks

A clear dichotomy exists between the high accuracies reported in server-based research
and the realities of deployment in harsh, humid environments.
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The Inference Bottleneck: Studies utilizing high-end workstations (e.g., NVIDIA
RTX 3090) consistently report R? > 0.95 [2]. However, when deploying to edge devices,
performance bottlenecks emerge. Ref. [32] noted that standard CNNs struggled with
the computational load on a Raspberry Pi 4. To resolve this, the field is shifting toward
architectural efficiency. Ref. [11] demonstrated that replacing the standard YOLO backbone
with FasterNet reduced the model’s load from 11.9 GFLOPs to 5.9 GFLOPs, proving that
future CEA automation lies in architectures designed to minimize FLOPs.

Durability and IP Ratings: A frequently overlooked challenge is the harsh operat-
ing environment. High humidity and nutrient mists pose significant risks to standard
consumer-grade electronics. As noted in Section 3.3.2, the rapid corrosion of consumer-
grade depth sensors underscores the necessity for IP-rated hardware in commercial deploy-
ment. While [3] successfully utilized Intel RealSense sensors for short-term data collection,
long-term viability requires industrial-grade protection to survive wash-down conditions.

4.4. Future Directions: Unified and Physics-Informed Systems

The reviewed literature highlights a critical gap: while individual models exist for weight
prediction, disease detection, and nutrient analysis, they rarely exist as a unified system.

Physics-Informed Architectures: Pure data-driven DL is reaching a plateau. The
next generation of agricultural intelligence must be physics-informed. As demonstrated
by [9,16], hybrid models that embed immutable biological laws, such as evapotranspi-
ration equations or Newtonian optimization, into the AI pipeline offer a solution to the
generalization crisis, ensuring reliability even when training data is limited.

Standardized Benchmarks and Edge Integration: To resolve the data scarcity crisis,
the field requires a systemic intervention parallel to the “ImageNet” moment in general CV.
While we propose the establishment of “LettuceNet”, a standardized, multi-spectral public
repository specifically annotated for physiological disorders under varying LED spectra,
immediate technical countermeasures are equally critical. Rather than relying solely on the
slow aggregation of public data, future implementations must aggressively adopt Semi-
Supervised Learning and Domain Adaptation. By leveraging massive general datasets (e.g.,
ImageNet or COCO) for transfer learning, a strategy already demonstrating foundational
efficacy in agricultural models [6,20], systems can establish robust feature extraction param-
eters before applying Unsupervised Domain Adaptation to align these generalized features
with the specific, purplish-magenta visual domain of plant factories. Furthermore, pseudo-
labelling techniques within SSL frameworks can utilize the vast streams of unlabelled video
data generated by automated monitoring rails, artificially scaling dataset utility without
the prohibitive labor cost of manual annotation. Ultimately, integrating these data-sparsity
mitigations with unified, lightweight edge architectures will bridge the divide between
isolated algorithmic success and practical, on-farm decision support.

5. Limitations of the Review

While this systematic review followed PRISMA 2020 guidelines, certain limitations
exist. First, the restriction to English-language publications introduces a linguistic bias;
given that 66% of the included studies originated from Asia (Section 3.2), the exclusion
of Chinese and Japanese literature likely omits significant commercial advancements in
the PFAL sector. Second, the exclusion of grey literature to ensure peer-reviewed quality
may overlook proprietary innovations currently deployed by industry leaders (e.g., Plenty,
AeroFarms) that have not yet reached academic journals. Finally, the rapid velocity of DL
research presents a temporal challenge; architectures analysed as state-of-the-art during
the search period (e.g., YOLOVS) are already being superseded by newer iterations (e.g.,
YOLO11), necessitating continuous updates to algorithmic benchmarks.
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6. Conclusions

Notwithstanding the limitations regarding language bias and rapid algorithmic evolu-
tion, the analysis of the selected 34 studies clarifies the trajectory of Al in VF, identifying a
critical pivot from passive monitoring to active, physics-informed control.

Addressing RQ1 (architectures), the field is undergoing a bifurcation. While ViT and
heavy CNNs dominate server-side research for their high spatial accuracy (R? > 0.95),
academic prototypes are aggressively shifting toward lightweight architectures. Mecha-
nisms like P-Conv (FasterNet) and Channel Shuffling (ShuffleNet) have emerged as the
academic standard for edge computing, enabling a 26% increase in inference speed to
support real-time actuation on low-power devices.

Regarding RQ2 (parameters), yield estimation and “tip-burn” detection remain the
primary targets. However, a major reliability gap exists due to the “Spectral Gap”, the
inability of standard RGB models to generalize under the red/blue LED lighting common
in commercial facilities. As evidenced by the failure of YOLOv4 in purple-lit environments,
future parameters must be monitored using spectrally agnostic features or depth-based
sensors to survive the domain shift from lab to farm.

Finally, for RQ3 (challenges), the “Data Scarcity Crisis” is the central bottleneck, with
87% of datasets remaining private. This fragmentation forces researchers to rely on syn-
thetic augmentation (GANSs) and prevents the establishment of universal benchmarks.
Consequently, the review concludes that the next paradigm must move toward biophysi-
cally constrained Al, hybrid systems that anchor DL predictions to immutable biological
laws (e.g., evapotranspiration), thereby providing the robustness required to transition
from experimental prototypes to commercial production.
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Appendix A
Table Al. Summary of included studies (N = 34) detailing crop, system type, Al algorithm, and key
results.
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to sensor noise.
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PR Deployment
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(Edge/Cloud)
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needs full coverage.
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[5] Lettuce Frame Genetic Algo Struct. data Frame optim. Validated responses to light
qualities was not fully
considered.
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Table Al. Cont.
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Input Data
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Work

Deployment
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occlusion.
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remains around 0.59
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V3 model architecture.
Selecting a single
representative decision
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future work.
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fitting.
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field lighting remains to
be fully evaluated.

Performance limited by
microprocessor speed
and camera module
quality.
Reliance on specific
manual feature
extraction limits
generalizability.
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Appendix B
Appendix B.1. General Characteristics of Included Studies

The 34 included studies span the period from 2019 to 2026, illustrating a rapid ac-
celeration in research interest; notably, over 70% of the selected papers were published
after 2021. Figure Al illustrates this annual distribution, highlighting the sharp increase in
publications from 2022 onwards.

Anual Distribution of Included Studies

12

10

2019 2020 2021 2022 2023 2024 2025 2026

N

N

Figure Al. Annual distribution of the 34 included studies (2019-2026), highlighting the significant
acceleration of research interest in Al-based lettuce monitoring from 2022 onwards.

Appendix B.1.1. Geographic and Institutional Distribution

The analysis reveals a distinct geographical concentration, with Asia accounting for
66% of the included studies. This dominance is driven by East Asian nations, specifically
South Korea’s [2,15], China’s [11] and Japan’s [6], where research overwhelmingly focuses
on “Plant Factory” (PFAL) systems utilizing artificial lighting. In contrast, European studies
(e.g., the Netherlands [3], Greece [17]) centre on high-tech greenhouse environments,
reflecting regional differences in agricultural infrastructure. Institutional analysis identifies
De La Salle University (the Philippines) and the University of Tsukuba (Japan) as primary
research hubs, contributing multiple studies on machine vision and physiological disorder
detection, respectively. Furthermore, Wageningen University & Research (WUR) serves as
a leading European hub for agricultural artificial intelligence; their publicly available, high-
fidelity datasets, such as those generated during the international Autonomous Greenhouse
Challenge, provide foundational benchmarks for the development, training, and validation
of European CEA vision algorithms.

Appendix B.1.2. Publication Venues and Quality

The literature demonstrates a high level of maturity, with 67% of studies published in
peer-reviewed journals and 33% in conference proceedings. High-impact open access jour-
nals dominate the field, with Agriculture, Sensors, and Frontiers in Plant Science accounting
for 30% of the total output. The inclusion of recent articles in Q1 journals such as Scientific
Reports [6] validates the methodological rigor of the reviewed body of work.
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Appendix B.1.3. Production Systems and Technological Overview

Regarding cultivation systems, hydroponics remains the standard (N = 25), signifi-
cantly outpacing aquaponics (N = 4) and aeroponics (N = 3). Although [18] evaluates a
combined plant and fish aquaponic environment, its algorithmic approach is highly rele-
vant and directly transferable to pure hydroponic lettuce cultivation. The study proposes
an AquaVision architecture utilizing few-shot learning to optimize general agricultural
parameters and monitor critical water quality metrics, such as pH, dissolved oxygen, and
ammonia [18]. This vision-based methodology translates seamlessly to isolated hydroponic
or aeroponic lettuce setups, where early-stage physiological stress monitoring remains
a primary operational challenge. Crucially for CV, 74% of studies utilized artificial LED
lighting, often in red /blue spectra, which noted creates a “purplish grey” visual environ-
ment that complicates feature extraction. According to [3,5], only 27% of studies addressed
natural light or greenhouse settings, highlighting a potential gap in datasets that account
for variable solar illumination.

Finally, as illustrated in Figure A2, the algorithmic landscape is dominated by
CNNs, though recent years show a diversifying trend toward Hybrid and Object
Detection architectures.

Distribution of Utilized Al Architectures

o

= CNNs = YOLO/Detection = Hybrid/Fuzzy Logic

= Transformers (ViT) m Traditional ML/ Others

Figure A2. Distribution of Al architectures employed across the reviewed studies. CNNs remain the
dominant approach (37%), followed by Hybrid /Fuzzy Logic systems (29%) and Object Detection
models (12%).

Appendix B.1.4. Literature Categorization by Illumination Environment

To ensure the validity of conclusions regarding spectral interference and model gener-
alization, the included literature has been strictly categorized into two comparative groups
based on their cultivation environments and lighting modalities:

Group A: Fully Artificial Light/Plant Factories (PFALS).

Studies conducted in indoor farms, vertical farms, or closed-type plant factories relying
entirely on LED or fluorescent artificial lighting [1,2,6,8-11,13,15,16,18-20,24,25,27,29,30,34].

Group B: Natural Light/Greenhouses.

Studies conducted in high-tech greenhouses or stereoscopic cultivation frames uti-
lizing natural solar radiation, supplemented by solar-sharing or dynamic smart light-
ing [3-5,17,21].
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