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Abstract

Strawberry greenhouse cultivation is increasingly supported by sensing technologies, arti-
ficial intelligence (Al), and decision-support infrastructure, but their horticultural value
depends on whether heterogeneous measurements can be translated into biologically mean-
ingful crop states and practical management decisions. This review synthesizes strawberry
phenotyping, multimodal sensing, Al-based crop-state interpretation, and supervised
agentic coordination as a phenotyping-to-action framework for greenhouse strawberry
cultivation. The reviewed studies show substantial progress in measuring and interpret-
ing vegetative, reproductive, fruit-quality, stress-related, and environmental crop states
through imaging, spectral, environmental, root-zone, and modeling approaches. How-
ever, much of the literature still emphasizes measurement accuracy, model performance,
or infrastructure capability, whereas fewer studies validate whether Al-derived outputs
improve crop response, management decisions, workflow, resource use, or production
outcomes. The review therefore distinguishes sensing technologies for data acquisition and
measurement from Al-based methods for interpretation and prediction, and examines how
crop-state information can be connected to practical greenhouse decision making. It also
compares established decision technologies, including expert systems, model predictive
control, digital twins, and closed-loop coordination, with supervised agentic coordination
as bounded decision-support concepts rather than as evidence of unrestricted autonomous
control. Future work should emphasize phenotype-to-action validation, domain-aware
benchmarking, and supervised deployment studies that connect model outputs with
decision rules, crop outcomes, operational constraints, and grower oversight. By ground-
ing sensing technologies and Al-based interpretation methods in crop-response valida-
tion, strawberry greenhouse systems can progress toward supervised, crop-state-driven
decision support.

Keywords: strawberry; phenotyping; sensing technologies; artificial intelligence; decision
support; closed-loop control; controlled-environment agriculture

1. Introduction

Strawberry is a high-value horticultural crop whose marketable yield and commercial
performance depend on timely harvest, fruit quality, cultivar-dependent differences in
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productivity, fruit chemistry, and firmness [1], as well as disease risk [2,3], labor demand
during repeated harvests [4,5], postharvest performance [6], and efficient resource use in
protected or controlled environments [7]. In greenhouse, hydroponic, and plant-factory
systems, vegetative growth, flowering, fruit set, fruit enlargement, ripening, and repeated
harvesting often overlap. This overlap makes strawberry a useful model for precision
horticulture, but also a difficult crop to automate because management decisions must
reflect the current biological state of the crop rather than the physical environment alone.

Smart greenhouse systems commonly monitor air temperature, relative humidity,
COy, radiation or supplemental light, substrate moisture, electrical conductivity, and pH
in controlled strawberry production [7,8]. Irrigation and fertigation studies further use
substrate humidity, nutrient-solution pH, EC, and threshold moisture sensing as direct
control inputs [9,10]. These variables are essential control levers, but they do not fully
describe crop performance. Strawberry yield can depend on environmental history as
well as current setpoints [11], and root-zone or lighting treatments must ultimately be
judged by crop growth, yield, and quality responses [12,13]. Crops grown under similar
setpoints may still differ in canopy vigor and biomass [14], flowering and fruit load [4,15],
root-zone status [9,10], disease pressure [2,3,16], or fruit quality [1,17] because of cultivar,
developmental stage, substrate, season, and previous management. These findings indicate
a need to complement environmental regulation with crop-response assessment.

Phenotyping provides the crop-response feedback needed for this transition. Growers
already interpret canopy balance, leaf expansion, crown vigor, flower number, fruit set, fruit
size and color, deformity, wilting, root symptoms, and disease incidence when adjusting
irrigation, fertigation, ventilation, heating, CO, enrichment, lighting, shading, scouting, la-
bor, and harvest scheduling. Measurement technologies can make these observations more
repeatable, spatially explicit, and temporally continuous, while AI methods can support
their interpretation in relation to management objectives. Imaging, spectral, environmental,
and root-zone sensing capture different dimensions of strawberry crop condition, while Al
models can integrate these measurements for management interpretation. Their horticul-
tural value depends on whether they support crop-relevant interpretation and informed
management decisions.

Existing precision-agriculture, plant-phenomics, digital-twin, expert-system, and
model-predictive-control (MPC) frameworks provide important foundations for mea-
surement, state estimation, optimization, and decision support. However, strawberry
production presents a distinctive challenge because management decisions often involve
competing objectives, including yield, fruit quality, disease risk, harvest labor, energy use,
and operational accessibility. The agronomic meaning of a phenotype can change with
developmental stage, cultivar, environmental history, and production priorities. Dense
canopy growth, high fruit load, or a root-zone threshold may support one objective while
creating concerns about disease pressure, fruit quality, labor demand, or delayed crop re-
sponse in another. Trait measurement alone is insufficient in this setting. The practical value
of sensing and AI depends on whether measurements can be interpreted as crop-relevant
states and linked to management decisions that account for these competing objectives.

This review synthesizes studies on strawberry phenotyping, multimodal sensing,
Al-based interpretation, and greenhouse decision support, with an emphasis on how mea-
sured crop traits can inform management decisions. The specific objectives are to: (i) define
the horticultural targets that should guide strawberry phenotyping; (ii) review sensing
and Al methods for interpreting strawberry crop states; (iii) evaluate how Al outputs
can support strawberry greenhouse decision making within controlled-environment agri-
culture; (iv) compare closed-loop, digital-twin, MPC, expert-system, and supervised Al
coordination concepts under horticultural constraints; and (v) identify evidence gaps and
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future directions for reliable, responsible, and crop-relevant greenhouse decision support
for strawberry cultivation.

2. Review Methodology

The review followed a structured integrative approach to studies on strawberry phe-
notyping, sensor and imaging data acquisition, AI measurement and prediction, and
greenhouse decision support within controlled-environment production systems. Study
selection used a crop-to-decision logic: horticultural targets were linked to measurable
phenotypes or crop conditions, then to data acquisition or modeling approaches, and
finally to decision or control relevance. The search sources included Scopus, Web of Science,
ScienceDirect, IEEE Xplore, SpringerLink, MDPI, and Google Scholar, supplemented by
backward and forward snowballing.

Search terms combined strawberry-specific terms with four thematic groups: phe-
notyping and Al terms, including “phenotyping”, “computer vision”, “spectral sensing”,
“yield prediction”, and “growth prediction”; crop condition and stress terms, including
“fruit quality”, “disease detection”, and “stress detection”; greenhouse and controlled-

A v

environment terms, including “greenhouse”, “controlled-environment agriculture”, “en-
vironmental monitoring”, “root-zone monitoring”, “irrigation control”, “fertigation con-
trol”, “lighting control”, and “climate control”; and automation-related terms, including
“robotics”, “digital twins”, “supervised agents”, “large language models”, and “smart
farming”. Published research articles and review papers from 2020-2026 were prioritized,
while older or broader studies were retained when they provided essential horticultural,
methodological, or control-system context.

Records were screened for relevance to strawberry production, strawberry fruit qual-
ity, physiology, phenology, disease or stress management, protected cultivation, plant
factories, sensing/Al methods, or greenhouse decision making. Breeding, physiology,
pathology, and engineering studies were included when they helped explain crop states
or decision-support pathways. For retained studies, extraction focused on six synthe-
sis dimensions: crop target, sensing modality, Al or modeling method, validation setting,
decision-support role, and limitations related to robustness, transferability, practical deploy-
ment, or crop-response evidence. Citation roles were kept conservative so that perception
studies, dashboard systems, or system-transfer studies were not used to support claims
beyond their validation scope.

Across these search sources, the initial search identified 347 records. After relevance
screening, false-positive exclusion, and duplicate removal, 296 records remained for candi-
date screening. Of these, 152 records were retained for full-text assessment, and 135 studies
were entered into the detailed extraction matrix used for thematic synthesis.

The review workflow, record-count flow, and keyword-to-section mapping are sum-
marized in Figure 1.
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Structured review workflow

@ Step 1: Search sources

Scopus, Web of Science, ScienceDirect, IEEE Xplore,
SpringerLink, MDPI, Google Scholar, snowballing

Step 2: Search families

strawberry phenotyping, sensing, greenhouse Al, disease,
stress, quality, yield, closed-loop, agentic Al

Step 3: Screening and validation

false-positive exclusion, cross-family deduplication,
Journal scope-fit triage, DOI, metadata validation

Step 4: Full-text extraction

crop, species, cultivar, target, modality, Al method, decision,
control relevance, limitations, section role

Step 5: Thematic synthesis

horticultural targets, sensing and Al interpretation, decision-
support gradient, supervised coordination

Corpus construction

______________________

347

Records after screening and
duplicate removal

Full-text assessment list

Horticultural
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Figure 1. Structured integrative review workflow and keyword-to-section mapping for strawberry
precision-horticulture studies.

3. Horticultural Targets for Strawberry Phenotyping

Strawberry phenotyping connects quantitative trait measurement with biological inter-
pretation, technology development, and horticultural decision making. In research contexts,
phenotyping is widely used in breeding, physiology, pathology, and engineering to quantify
traits, compare genotypes or treatments, detect stress or disease, and develop new sensing
or modeling methods. In these contexts, quantitative trait measurement or method devel-
opment may itself be the primary endpoint, rather than a direct production-management
decision. Engineering advances in imaging, spectral sensing, robotics, environmental mon-
itoring, and Al are therefore essential for solving phenotyping problems and expanding
what can be measured reliably. In this review, we focus specifically on how phenotyping ev-
idence from these contexts can define strawberry crop states, inform protected-cultivation
decision support, and guide management interpretation in greenhouse production.

3.1. Vegetative Growth and Canopy Vigor

In strawberry, vegetative traits such as leaf number, leaf area, crown diameter, canopy
volume, petiole length, root development, and canopy density provide indicators of canopy
structure and function, reflecting source capacity, transpiration demand, light interception,
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air circulation, and the balance between vegetative and reproductive growth [1,12-14].
Their horticultural interpretation, however, depends on crop load, cultivar, season, and
humidity conditions because the same level of canopy development may support different
management objectives under different production contexts [1,12,13].

During early establishment, stronger vegetative growth can be desirable because it
builds source capacity; during high-humidity or dense-canopy periods, the same growth
may increase self-shading, reduce air movement, and raise disease risk. In this context,
canopy state refers to the current structural and functional condition of the canopy, includ-
ing leaf area, density, light interception, airflow restriction, source capacity, and disease-risk
implications. Imaging sensors provide measurements of this state, while Al-based models
can convert those measurements into estimates or predictions relevant to source capacity,
reproductive demand, disease risk, and climate or root-zone decisions.

The available evidence shows that canopy phenotypes should be interpreted in re-
lation to environmental conditions, genotype, and production objectives rather than as
universal indicators of vigor. Image-based canopy delineation and biomass prediction can
quantify canopy area or biomass from high-resolution images [14], but these measurements
alone do not indicate whether the canopy state is beneficial or problematic. Plant-factory
studies demonstrated that root-zone temperature and light intensity altered leaf production,
crown diameter, flowering, fruit number, yield, and ascorbic acid content [12], while supple-
mental LED spectra influenced vegetative growth, chlorophyll status, nutrient uptake, early
yield, and fruit quality across cultivars [13]. These findings indicate that similar canopy
characteristics may arise under different environmental conditions and may be associated
with different production outcomes. A commercial soilless greenhouse cultivar trial further
showed that protected-cultivation performance and fruit firmness varied across genotypes
and production settings [1]. Together, these studies suggest that canopy vigor should be
interpreted as part of a broader crop-state and production context.

3.2. Flowering, Reproductive Development, and Crop-Load Formation

Reproductive phenotypes connect strawberry biology directly to production planning.
Flower number, inflorescence number, fruit set, immature fruit count, mature fruit count,
and crop load indicate whether current conditions favor canopy growth, flower initiation,
fruit retention, or fruit maturation [4,18]. These traits are also operationally important
because they determine expected yield, harvest timing, and labor demand.

The evidence base suggests that reproductive phenotyping should combine genetic
and image-based perspectives. Pedigree-based QTL analysis identified a major perpetual-
flowering QTL in the FaPFRU region and additional QTLs for fruit-quality traits such as
soluble solids, fruit weight, pH, and titratable acidity, indicating that flowering habit and
yield-quality traits have genotype-specific components [18]. Imaging studies then show
how reproductive states can be measured repeatedly in production settings. For example, a
near-ground autonomous imaging robot using RGB images and YOLOvV5 detected flowers,
immature fruit, and mature fruit, providing stage-specific crop-load counts relevant to
yield estimation, harvest timing, and labor planning [4]. Strawberry-specific segmentation
and picking-point localization studies add a more spatially explicit layer by separating
reproductive organs and harvestable fruit positions, which can help describe fruit-set
progression, maturity distribution, and the transition from crop-load formation to harvest
readiness [19,20].

Together, these studies indicate that reproductive phenotypes should be interpreted
in relation to genotype, developmental stage, and production context instead of being
treated as universal indicators of crop-load formation. Model validation should account for
cultivar, developmental stage, organ class, and production system.
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3.3. Fruit Quality, Maturity, and Marketable Yield

Fruit traits are the most direct link between phenotyping and horticultural value.
In strawberry, marketable yield is not determined by fruit number or weight alone; it
also depends on whether fruit reaches acceptable maturity, appearance, texture, flavor-
related chemistry, defect status, and postharvest durability [6,21-23]. Different sensing and
postharvest studies cover complementary parts of this quality spectrum: hyperspectral
sensing has been used for fruit water-content estimation and ripeness classification [24];
spectral reflectance with machine-learning models has predicted quality parameters such as
color, soluble solids, and firmness [17]; 3D imaging and segmentation-based analysis have
quantified fruit shape, deformity, and symmetry [21,25]; sensory and chemical profiling
has shown that consumer preference depends on volatile compounds as well as sugars
and acids [22]; and postharvest studies have examined quality retention under harvest
maturity, cold storage, controlled-atmosphere export conditions, packaging, and melatonin
treatment [6,23,26,27]. Across these studies, strawberry fruit quality is best treated as a
multi-trait crop state rather than a color-based ripeness class.

This multi-dimensional nature of fruit quality also affects how Al outputs should be
interpreted. Ripeness, size, shape, firmness, soluble solids, and shelf-life risk can respond
differently to the same production environment. Spectral and imaging outputs are most
useful when linked to quality trade-offs and storage or market endpoints.

3.4. Physiological Stress and Root-Zone or Microclimate Responses

Physiological stress traits reveal whether environmental and cultural practices are
producing the desired strawberry crop response. Leaf color, chlorophyll status, wilting,
growth suppression, nutrient imbalance, root-zone stress, reduced fruit set, deformity,
and changes in sugar or acid content can indicate stress before final yield loss is visi-
ble [8-10,28,29]. The management question is therefore not only whether environmental set-
points were maintained, but whether those setpoints generated the intended crop-state and
production outcomes, including canopy development, flowering, yield, stress status, and
fruit quality.

Root-zone, salinity, and stress-mitigation studies illustrate this crop-response logic.
Salinity affected strawberry yield and quality in a cultivar-dependent manner, producing
yield reductions while changing sugar-related traits depending on cultivar and electri-
cal conductivity level [28]. Native bacterial biostimulants increased strawberry stress
resistance, growth, and productivity, showing that stress-related interventions must be
evaluated through plant response rather than by treatment application alone [29]. Irri-
gation and fertigation studies using substrate humidity, nutrient-solution pH, EC, and
moisture thresholds further show how root-zone variables can become operational con-
trol signals [9,10]. These examples indicate that root-zone and stress variables cannot be
interpreted only as sensor inputs or setpoints; they must be linked to biological responses
such as growth suppression or recovery, reproductive performance, stress expression, and
quality formation.

Microclimate and climate-control evidence follows the same crop-state logic. Commer-
cial controlled-environment systems already monitor temperature, relative humidity, CO,,
light intensity, electrical conductivity, and pH through climate-computer infrastructure [8].
These measurements are useful when they help judge whether the current environment is
producing the intended strawberry crop state. Sensors can measure both environmental
conditions and plant responses, while Al models can relate these observations to crop per-
formance through prediction, inference, and decision-support frameworks. The practical
challenge is to determine whether current CO,, temperature, light, irrigation, fertigation,

https://doi.org/10.3390 /horticulturae12070765


https://doi.org/10.3390/horticulturae12070765

Horticulturae 2026, 12, 765

7 of 33

nutrient, humidity, and root-zone conditions are producing the intended crop state and
production outcomes.

3.5. Disease, Pest, and Physiological Disorder Targets

Disease, pest, and disorder phenotypes affect marketable yield, fruit quality, labor,
pesticide use, and postharvest loss [2,3,16,23,29,30]. Relevant crop states include fungal
leaf diseases, gray mold, powdery mildew, angular leaf spot, fruit rot, fruit deforma-
tion, nutrient disorders, and spatial disease hotspots. Hyperspectral imaging has clas-
sified fungal strawberry leaf diseases such as leaf spot, leaf scorch, and phomopsis leaf
blight under laboratory leaf-imaging conditions [2]. Hyperspectral imaging combined
with deep learning has also supported early gray-mold detection in inoculated straw-
berry leaves before advanced symptoms were visible [3,30]. RGB-based deep learning
in a commercial artificial-light vertical farm detected gray mold, leaf and fruit powdery
mildew, anthracnose fruit rot, and spatial hotspots, making the output more directly
relevant to scouting and targeted disease management [16]. Prevention and treatment stud-
ies connect disease detection to management action: native bacterial biocontrol reduced
angular leaf spot incidence and improved strawberry productivity [29], while posthar-
vest melatonin treatment suppressed Botrytis and helped maintain fruit quality after
harvest [23].

Disease, pest, and disorder phenotypes require an even stronger crop-state interpreta-
tion. As summarized in Table 1, the relevant evidence ranges from laboratory hyperspec-
tral disease detection to greenhouse disease scouting and postharvest-risk studies. The
cross-study implication is that leaf spots, gray mold symptoms, powdery mildew, wilting,
temperature stress, water stress, nutrient imbalance, and root-zone problems represent
potential risk signals within the greenhouse production system. Early detection has value
when it can guide prioritized scouting, microclimate adjustment, irrigation correction,
sanitation, or localized intervention. Laboratory hyperspectral classification demonstrates
diagnostic potential, but greenhouse use requires validation under canopy occlusion, mixed
symptoms, changing humidity, cultivar differences, and production workflows.

Table 1. Horticultural targets, representative crop traits, supporting studies, and management
relevance for Al-assisted strawberry interpretation.

Horticultural Target

Representative Traits or Crop

States Supporting Studies = Management-Use Level

Canopy vigor and
vegetative growth

Leaf number, leaf area, crown
diameter, canopy volume, root [1,12-14]
growth, canopy density

Defines crop balance and
control targets

. Flowering habit, flower count, Defines production targets
Flowering and . . .
. fruit set, immature and mature [4,18-20] and supports yield or
reproductive development . -
fruit count, crop load harvest planning
Supports quality

Fruit quality and maturity

Fruit size, color, ripeness, shape,
firmness, soluble solids, volatiles, [6,17,21-27]
defects, postharvest quality

prediction, grading,
storage, and market-risk

decisions
Salinity response, root-zone and
. . irrigation/fertigation signals, EC, Links environment and
Physiological stress and o
’ . pH, CO,, temperature, humidity, [8-10,28,29] root-zone management to
microclimate response .
stress resistance, growth Crop response

suppression or recovery
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Table 1. Cont.

Horticultural Target

Representative Traits or Crop

States Supporting Studies = Management-Use Level

Disease, pest, and disorder

Fungal leaf disease, gray mold,
powdery mildew, angular leaf
spot, hotspots, fruit rot, fruit

Supports early warning,
[2,3,16,23,29,31,32] scouting, and targeted

deformation, postharvest decay management
Fruit position, flower position, Supports perception,
Structural automation organ visibility, occlusion, canopy grading, and
. . . : [4,21,25,31] .
traits architecture, fruit shape, robotic prototype-level robotic
coordinates operation
Growth trajectory, crop-load Supports trajectory-based
Temporal dynamics .tra]ectory, ripening trajectory, [3,4,6,7,11,16,18,24] decisions and cautious
disease spread, yield response to feedback-control
environmental history development

3.6. Structural Traits for Robotic and Automated Operations

Structural traits determine whether robotic and automated operations can detect,
access, and handle strawberry organs reliably. In this context, structural traits refer to the
physical and spatial properties that affect machine perception or manipulation, including
fruit position, flower position, visibility, occlusion, canopy density, peduncle orientation,
crown location, fruit shape, and organ accessibility. These traits are shaped by cultivar,
production and canopy-training systems, including raised-bed, tabletop, hanging-gutter, or
other support arrangements that alter organ height, orientation, exposure, and accessibility,
as well as plant spacing, pruning, and growth stage. Automated scouting, robotic harvest-
ing, robotic sorting, and targeted operations require crop detection, physical accessibility,
stable coordinates, and low risk of fruit or flower damage.

Existing studies illustrate how structural phenotypes connect biological morphology
to physical operation. A near-ground mobile imaging robot detected strawberry flowers,
immature fruit, and mature fruit for repeated crop-load monitoring, but also showed
practical challenges such as overlap, immature-fruit confusion, and tracking limitations [4].
Objective 3D fruit-shape phenotyping converted shape uniformity into measurable point-
cloud traits, while segmentation-based deformity analysis quantified fruit symmetry and
abnormal shape for quality assessment [21,25]. Robotic sorting work linked fruit detection
to robotic-arm coordinates, showing how visual recognition can become a physical handling
input [31]. Structural phenotyping supports automation-oriented perception, although
current evidence remains closer to perception, grading, or prototype-level operation than
to validated safe greenhouse management.

3.7. Trait Integration, Temporal Dynamics, and Decision-Support Value of Strawberry Phenotypes

The preceding subsections show that strawberry crop-state assessment cannot be
reduced to a single target category. Canopy vigor, flowering, fruit quality, physiological
stress, disease or disorder status, and structural accessibility each describe a different
aspect of whether the crop is developing toward the intended production outcome. These
trait classes are also interdependent: canopy vigor affects light interception, humidity,
fruit exposure, and disease risk; flowering and fruit set determine crop load, but crop
load can alter fruit size, soluble-solids accumulation, and labor demand; irrigation and
fertigation influence root-zone status, canopy growth, fruit quality, and pathogen-conducive
humidity; and lighting or climate interventions can shift phenology, quality, energy cost,
and stress risk simultaneously. For strawberry precision horticulture, crop-state feedback
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should support interpretation across yield, quality, disease pressure, resource use, and
harvest workflow.

Temporal dynamics are critical for decision support because multiple crop processes,
including vegetative growth, flowering, fruit development, harvest, and postharvest-
quality risk, can overlap within the same strawberry production cycle. As a result, manage-
ment decisions often depend not only on the current crop condition but also on whether
the crop is moving toward a desirable trajectory. A single image may identify current
fruit number, ripeness, or disease symptoms, but effective management requires under-
standing how these states change over time and respond to previous environmental and
management conditions [4,11,16,24].

Time-resolved phenotyping can show whether crop load is increasing, fruit ripening
matches labor availability, disease symptoms are spreading, or an environmental adjust-
ment produced the desired crop response. Functional data analysis has linked strawberry
yield to time-dependent temperature and solar-radiation histories before harvest [11], while
repeated near-ground imaging has shown how flower and fruit counts can be monitored
over time for crop-load and harvest planning [4]. For example, increasing flower number
can be positive if canopy source capacity is sufficient, but problematic if fruit load exceeds
expected assimilate supply or labor capacity [4,18]. A ripeness distribution supports har-
vest planning only when it is connected to expected progression over the next several days
and to postharvest quality risk [6,24]. A disease symptom becomes more useful when its
spatial pattern, infected area, and change over time indicate intervention urgency [3,16].
Closed-loop-oriented greenhouse-control studies extend this logic by using environmental
histories and predicted crop responses as inputs for control [7]. Such work suggests that
system-level integration is technically plausible.

Table 1 summarizes the reviewed horticultural targets, representative crop traits,
supporting studies, and management relevance for Al-assisted strawberry interpretation.
Temporal dynamics are included as an integrative dimension because time-dependent
patterns determine how vegetative, reproductive, fruit-quality, physiological, disease-
related, and structural traits should be interpreted in relation to management goals. These
categories indicate that repeated observations should be linked to developmental stage,
recent environment, and expected management windows.

Figure 2 illustrates the concept of crop-state interpretation by positioning the straw-
berry crop state at the center and linking it to six management-relevant target domains. The
arrows indicate how repeated crop observations can be interpreted in relation to different
management objectives and updated over time.
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Figure 2. Crop interpretation framework. The central strawberry plant integrates evidence from

vegetative, reproductive, fruit, root-zone, stress, disease, and structural traits. The surrounding
panels show six management-relevant target domains. Colored arrows indicate the translation of
central crop evidence into target-specific management interpretations, while the gray outer arrows
indicate temporal feedback through repeated observations. The concentric rings show increasing
interpretation levels from crop evidence to decision relevance and validated feedback.

4. Sensing Technologies and Al Interpretation Methods for
Strawberry Production

This section distinguishes method categories by data source, measurement output,
and decision-support role. Table 2 summarizes the main method categories used in straw-
berry sensing, measurement, and Al-based interpretation. The categories are separated
because some represent data-acquisition modalities, some represent quantitative feature or
phenotype extraction, and some represent Al-based interpretation, integration, or operation-
oriented uses. To complement this taxonomy, Figure 3 provides representative published
visual examples of these categories, showing how environmental or root-zone monitoring,
image-based phenotyping, 3D and geometric analysis, spectral sensing, temporal mapping,
and robotic perception appear in actual strawberry studies.

Table 2. Method categories for sensing technologies and Al-based interpretation in straw-
berry production.

Method Main Data Source Crop-State Output ~ Supporting Studies Decision or

Category Interpretation Role
. Provides operational
Environmental .
environmental and
. Temperature, RH, status, root-zone
Environmental and .. .. root-zone context for
CO,, radiation, EC, status, irriga- . .
root-zone data . o [9,27,33-43] interpreting crop
L pH, substrate tion/fertigation
acquisition . . . . responses and
moisture, nutrients triggers, climate .
ontext selecting greenhouse

actions.
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Table 2. Cont.

Method
Category

Main Data Source

Crop-State Output

Supporting Studies

Decision or
Interpretation Role

RGB and RGB-D
image-based

Fruit, flower, canopy,
leaf, disease, depth

Detection,
segmentation, count,
ripeness class, organ

[3,7,12,13,17,28,44-56]

Converts visible crop
traits from
RGB/RGB-D images
into yield, maturity,
disease, canopy, or
automation-relevant

measurement or spatial images location states; spectral or
hyperspectral
signatures are treated
separately below.
Point clouds, depth Fruit shape, Quantifies quality
3D and geometric images, shape deformity, symmetry, [5,57—60] traits and
feature extraction features, organ volume, robotic ’ physical-action
geometry coordinates constraints
Water content, Links hidden quahty,
Reflectance, . stress, and disease
Spectral and fluorescence ripeness, soluble states to harvest
hyperspectral 5 i’ solids, firmness, [15,23,25,31,61-64] . ’
multispectral or . .. sorting, storage, or
measurement . disease, bruising, X .
hyperspectral images . intervention
anomaly risk .
decisions

Temporal and
multimodal
modeling

Repeated images,
environmental time
series, root-zone
data, yield histories

Yield prediction,
harvest-date
prediction, crop
trajectory, risk
forecast

[8,33,34,65,66]

Connects crop
observations with
environmental
histories and
planning decisions

Robotic and
automation-oriented
perception

Mobile-platform
images, RGB-D,
localization, gripper
or robot state

Fruit/flower
localization, yield
maps, grasp targets,
task cues

[22,32,45,52,60,67,68]

Enables physical
scouting, harvesting,
mapping, and
sorting with
crop-safety limits

4.1. Environmental, Root-Zone, and Greenhouse Sensing

Environmental and root-zone sensing provides the operating context for crop-state
interpretation. Commercial controlled-environment strawberry systems monitor tem-
perature, relative humidity, CO,, light intensity, electrical conductivity, and pH through
climate-computer or dashboard infrastructure [8]. Hydroponic nutrient-sensor studies
show why ion-selective electrodes, phosphate quantitation, nitrate monitoring, and EC/pH
drift compensation matter for reliable root-zone interpretation [38—42,69]. Greenhouse
climate forecasting in netted melon systems [70] and attention-LSTM emulation of ex-
pert strawberry greenhouse control [71] further show how environmental time series can
support prediction or policy inference rather than remain dashboard variables.

These measurements become decision-support evidence only when they are paired
with plant response. Root-zone and environmental data help explain canopy vigor, flow-
ering, fruit quality, stress, and disease risk; by themselves, they mainly confirm that the
system is measuring conditions. Root-zone temperature and light-intensity evidence from
plant-factory strawberry [18] is treated as crop-response context in Section 3, while the
irrigation, fertigation, and nutrient-monitoring systems in Table 2 are more direct examples
of sensing methodology.
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Figure 3. Representative published examples of method categories for sensing technologies and

Al-based interpretation in strawberry production. The panels illustrate how the method categories
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summarized in Table 2 appear in prior strawberry studies: (a) environmental and root-zone monitor-
ing or controlled-environment modeling for greenhouse context; (b) RGB or RGB-D image-based
measurement for flower, fruit, or yield mapping; (c) 3D and geometric analysis for fruit shape,
deformity, or structural phenotyping; (d) spectral or hyperspectral measurement for ripeness, water
content, fruit quality, or disease interpretation, including wavelength-dependent information beyond
visible RGB appearance; (e) temporal or spatial monitoring and modeling for yield, harvest, or
production planning; and (f) robotic or automation-oriented perception for detection, localization,
harvesting, or physical task support. Source attribution: (a-1) [43], (a-2) [9], (b-1) [61], (c-1) [25],
(c-2) [21], (d-1) [24], (d-2) [30], (e-1) [5], (e-2) [7], (£-1) [72], and (f-2) [41]. All panels are adapted from
the cited sources under the Creative Commons Attribution 4.0 International License (CC BY 4.0).

4.2. Image-Based Phenotyping for Visible Crop Traits

RGB and RGB-D imaging support visible strawberry traits such as flowers, immature
and mature fruit, leaves, canopy structure, disease symptoms, ripeness class, organ count,
and organ position. These methods are close to current commercial scouting and labor
tasks because they can translate visible crop status into yield estimation, harvest planning,
maturity grading, disease scouting, and robotic task cues. For example, near-ground RGB
imaging with YOLOVS has been used to detect flowers, immature fruit, and mature fruit in
strawberry production [4], while greenhouse-grown virus-free strawberry seedlings have
also been detected and counted through automated image-based systems [73]. Cross-crop
fruit-quality studies using RGB images and back-propagation neural networks further show
how visible fruit traits can be converted into quality-oriented phenotyping variables [74].

Image-based phenotyping is most informative when the target is visible and spa-
tially defined, although deployment performance depends on occlusion, lighting, cultivar,
canopy density, camera position, and developmental stage. Overlapping leaves and fruit
can obscure flowers or immature fruit; variable lighting can shift apparent color; and
camera viewpoint can change organ visibility. Depth or RGB-D information can con-
tribute geometry, fruit position, canopy structure, and robot-accessibility cues [57,58], and
production-greenhouse RGB-D work on disease-resistance phenotyping shows how depth
sensing can support crop-status inference under more realistic canopy conditions [75].
Although demonstrated for tomato truss identification, CycleGAN-based depth-image
conversion and domain-translation approaches are relevant to strawberry phenotyping as
transferable strategies for improving geometry-rich perception when direct depth acquisi-
tion is difficult or inconsistent.

These image-based studies are strongest as evidence for visible-organ detection and
counting under defined camera, lighting, and canopy conditions, but weaker as evidence
for general greenhouse deployment. For strawberry, robustness depends on whether
models remain reliable when flowers and immature fruit are hidden by leaves, when fruit
color shifts under supplemental lighting, when cultivars differ in canopy density or fruit
shape, and when outputs must guide scouting, harvest planning, or robotic access rather
than only image-level accuracy.

4.3. Spectral and Hyperspectral Sensing for Quality, Stress, and Disease Interpretation

Spectral, multispectral, and hyperspectral sensing extend phenotyping beyond visible
morphology. In strawberry fruit, hyperspectral sensing has estimated water content and
classified ripeness, supporting harvest and quality interpretation beyond color alone [24].
Spectral reflectance with machine-learning regression has predicted color, soluble solids,
and firmness [17]. For disease and stress interpretation, hyperspectral imaging has classified
gray mold disease in strawberry leaves [3]. Transferable crop studies using airborne
hyperspectral 3D-ResNet diagnosis and hyperspectral models for metabolites or functional
components add method-level evidence for stress and biochemical phenotyping. These
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studies support spectral sensing as a biochemical and physiological proxy when non-
strawberry evidence is kept separate from strawberry-specific validation.

From a management perspective, spectral outputs are valuable because they can reveal
quality, biochemical, or stress-related crop states that ordinary visual inspection may miss.
Interpretation still depends on calibration, cultivar, tissue condition, sample presentation,
and postharvest or greenhouse context. Multimodal optical biosensing and 3D-CNN
fusion in crop water-deficit phenotyping, together with controlled-environment systems
combining hyperspectral reflectance, nighttime chlorophyll fluorescence, and RGB imaging
for stress tracking [76], show how spectral or optical signals can be integrated with deep
learning for physiological-stress interpretation. For strawberry deployment, these signals
need calibration against crop states and outcomes before they become decision-support
evidence. Their value is highest when linked to harvest timing, quality sorting, storage
risk, or early intervention rather than classification endpoints alone.

Spectral and hyperspectral studies provide strong evidence for latent quality, water-
status, or disease-signal measurement. Practical transferability remains limited by calibra-
tion, tissue presentation, cultivar, maturity stage, and greenhouse or postharvest context.
Their strawberry-specific value is highest when spectral outputs support management
actions such as harvest scheduling, firmness retention, soluble-solids profiling, disease-risk
assessment, or storage decisions.

4.4. Multimodal and Temporal Modeling

Multimodal and temporal modeling is needed when strawberry crop state depends
on trajectory rather than a single observation. Crop-load increase, harvest-date prediction,
disease spread, stress recovery, and quality deterioration all require information about
change over time. Images describe visible crop appearance; spectral data indicate latent
quality or stress signals; environmental data characterize exposure history; and repeated
measurements show direction and rate of change. Cross-crop examples, including 3D
detection with dynamic temporal phenotyping for yield prediction [77], spatio-temporal
4D phenotyping [78], and integrated 3D multispectral time-series screening for heat-stress
response [79], provide methodological precedents for strawberry datasets that represent
temporal change.

Different model families serve different crop-state interpretation tasks. Convolutional
neural networks and YOLO-family detectors are useful for object detection, counting, and
localization, as shown in flower and fruit counting, ripeness classification, and disease-
scouting studies [4,16,31]. Segmentation and geometric analysis support shape, defor-
mity, and organ-boundary interpretation when the management question concerns quality
grading or robotic accessibility [21,25]. Support vector machines, partial least squares
regression, random forests, gradient boosting, and LightGBM remain useful for spectral
or tabular prediction targets [17]. CNN-Transformer and transformer-based segmentation
models show how attention-based architectures can support high-throughput phenotyping,
growth-stage recognition, or organ segmentation in transferable crop contexts [80,81]. For
strawberry management, multimodal and temporal modeling is valuable when it connects
repeated crop observations with environmental exposure, developmental stage, and the
next decision-support window.

4.5. Robotic and Automation-Oriented Perception

Robotic and automation-oriented perception requires spatially usable crop-state out-
puts: organ location, visibility, occlusion, depth, graspability, navigation cues, and safe
physical access. Near-ground and mobile imaging systems have been used for flower
and fruit detection, temporal-spatial yield monitoring, and crop-load mapping, linking
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perception outputs to scouting and yield estimation [4,5,82]. Broader smart-farm robot
and phenotyping work provides transferable evidence for object detection, image fusion,
supervised navigation, field-robot phenotyping, robotic arm harvesting, and fruit-detection
pipelines that can inform strawberry scouting or harvest-support design without serving
as strawberry-specific validation [72,83-86].

The automation-oriented evidence is most mature for perception, localization, map-
ping, and prototype task support, but less mature for safe and repeatable physical operation
across commercial strawberry canopies. Strawberry transferability depends on fruit expo-
sure, peduncle orientation, cultivar habit, support structure, allowable contact force, and
the economic tolerance for missed fruit, damaged fruit, or slowed harvest workflow.

Across these studies, progress is clearest for scouting, mapping, sorting, and manipu-
lation support. The harder test is safe operation in a commercial crop workflow. Robotic
perception should be evaluated by detection accuracy, damage risk, missed fruit, accessibil-
ity under canopy conditions, operation time, worker interaction, and effects on marketable
yield. A fruit box, disease label, yield map, or grasp point is an intermediate output; its
value depends on whether it becomes a reliable crop condition or task-readiness signal for
a management decision or safe physical operation.

4.6. Al Model Families, Interpretability, and Evaluation Design

Model design should follow the biological structure of the problem and the output
required for decision support. Detection and segmentation fit decisions that depend on
object identity, count, location, or accessibility, such as flower counting, fruit load estima-
tion, disease scouting, or harvest-oriented robotic perception [4,16,44]. Regression and
spectral calibration fit continuous quality or physiological states, including soluble solids,
firmness, water content, metabolite composition, or stress intensity [17,24]. Time-series
models are needed when crop trajectory or environmental history matters, as in yield fore-
casting, climate forecasting, stress recovery, or expert control-policy emulation [49,70,71].
Generative and fusion models can help when data are incomplete or heterogeneous, as
shown by root inpainting, hyperspectral-RGB pest or disease fusion, and RGB-thermal
fusion for plant-organ detection [87-89].

Table 3 compares mainstream Al model families for strawberry phenotyping inter-
pretation, with an emphasis on lighting, occlusion, annotation burden, transferability, and
decision-support conditions.

Table 3. Comparative suitability of mainstream AI model families for strawberry phenotyp-
ing interpretation.

Typical Key Limitations Most Suitable Representative
Model Family Strawberry Main Strengths Under Greenhouse Application %i tations
Phenotyping Use Conditions Conditions
Efficient and Limited localization; Fixed imagin
comparatively vulnerable to stations or cira%e d
simple for background, lighting, fruit/leaf/disease
Fruit, leaf, or controlled image and domain shifts image sets where
CNN classifiers disease image classification; when images are t%le oal is [16,30,32,59]
classification useful as a baseline collected across classi%ication
when the target cultivars, camera rather than obiect
class is visually positions, or localiza tion]

distinct.

greenhouse settings.
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Table 3. Cont.
Typical Key Limitations Most Suitable Representative
Model Family Strawberry Main Strengths Under Greenhouse Application }éitations
Phenotyping Use Conditions Conditions
Real-time object Greenhouse
Flower. fruit detection with Performance can real-time detec-
ripeness ! disea,s o class and location decline under tion/counting
YOLO-family P ar,1 d ! outputs; practical occlusion, fruit when speed and
one-stage missine-seedlin for scouting, overlap, small targets, deployability are [4,44,61,73,90]
detectors de te% tion or & crop-load cultivar-dependent priorities and the
countin estimation, and morphology, and imaging domain is
& robotic changing illumination. explicitly
pre-detection. validated.
Often better suited Usually slower and Precision scouting
Two-stage to difficult more or robotic
5 Small, partially localization annotation-intensive;  localization where
detectors/ . . .
rocision occluded, or problems where less attractive for partial occlusion [34,63]
prectsio robotically relevant small targets, high-throughput and target !
localization N o . o
models target localization visibility, or real-time deployment  accessibility must
picking-point unless precision is be evaluated
precision matter.  prioritized over speed. carefully.
. Provide boundary, Deformity analysis,
Canggzr?;i’ fruit area, shape, and Pixel-level or lesion
. Y spatial-structure geometric annotations quantification,
Segmentation deformity, . . . . .
. . ; information that  are costly; overlapping canopy/fruit
and geometric disease-lesion, . [21,25,82,91]
can be linked to organs and dense boundary
models shape, and . . . .
accessibility quality grading or canopies can reduce extraction, and
analvsis robotic boundary reliability. accessibility
y accessibility. assessment.
Require
Potentially greenhouse-specific Expanded
Transferable or stronger calibration, multi-cultivar,
Vision weak-label representation computational multi-season, or
transformers/ henotvpin learning, resources, and cross-domain
foundation- afross ctﬁlt:)ivagrs transferability, and transparent phenotyping [80,91,92]
model seasons. or / weak-label use domain-boundary where
approaches imacin dc;mains than narrow reporting; general transferability is
&g task-specific models may still fail tested rather than
models. under crop-specific assumed.
conditions.
Integrate images,
Yield forecasting, envisfo if:ii’n tal Decision-support
stress trajectory, sienals, and Require synchronized tasks involving
. spectral-quality gnas, a data streams, careful crop trajectory,
Multimodal inference temporal history missing-data handlin stress recover
and time-series . ’ when the goata & ©8 TECOVETY,  149,70,71,76,79,87-89]
climate-response and validation across yield timing,
models . phenotype . .
modeling, and seasons, cultivars, and environmental

control-policy
emulation

depends on crop
trajectory or
imposed
conditions.

management regimes.

history, or expert
control behavior.

Under greenhouse deployment conditions, Table 3 summarizes model suitability, ex-
pected limitations, and deployment considerations across task types. Model choice should
be justified by the required output, the expected failure mode, and the validation context
before model accuracy is compared. In this sense, classifiers, detectors, segmentation

models, spectral-calibration approaches, multimodal models, and time-series models are
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not interchangeable alternatives; each is suitable only when its output matches the crop
trait, decision-support need, and deployment constraint.

Multimodal models are justified when separate data streams answer different parts of
the same management question. Images describe visible crop states such as flower number,
fruit load, disease symptoms, or organ position [4,16]. Spectral data can provide hidden
fruit-quality or disease-risk information such as water content, soluble solids, firmness,
or early gray-mold signals [3,17,24]. Environmental and root-zone data describe imposed
conditions and supply constraints, including temperature, humidity, light, EC, pH, and
substrate water or nutrient status [8-10]. Multispectral, thermal, and UAV studies in other
crops provide transferable evidence that fused dates, modalities, or thermal indexes can
improve water-status, yield, or phenotyping inference when the biological target is clearly
specified [85,93-97].

For strawberry precision horticulture, interpretability includes algorithmic explana-
tions and horticultural explanations [92,98]. A useful model should indicate which trait
changed, which crop process it represents, what uncertainty remains, and which decision-
support step would be affected [91,92]. A highly accurate detector may still be difficult
to use if it does not report confidence, failure modes, cultivar or lighting limits, or the
management consequence of a prediction [19,20]. Conversely, a simpler model can be
valuable if it gives stable and auditable information at the right time for the grower, espe-
cially when linked to environmental or root-zone context [9,71,99]. Strawberry decisions
are repeated, seasonal, and risk-sensitive, so models need transparent inputs, biologically
plausible outputs, documented failure cases, and validation that matches the intended
management use [49,92,98].

Evaluation design should match the deployment question. For a single controlled
imaging station, random image-level validation may be acceptable as an early technical test.
For greenhouse deployment, evaluation should include variation in cultivar, season, growth
stage, lighting, canopy density, camera angle, sensor maintenance, and operator workflow.
When outputs inform decision support, validation should also include the biological or
operational endpoint affected by the decision. Lightweight 3D phenotyping with weak
or limited labels and VLM-assisted mapping [91], together with crop-disease prompt-
optimization and LLM/VLM plant-stress phenotyping frameworks [92,100], indicate why
future evaluation should report annotation burden, domain boundaries, interpretability,
and decision-support value, in addition to accuracy.

Across the reviewed studies on sensing technologies, measurement outputs, and Al
interpretation methods, the main bottleneck is the weak connection between acquired data,
algorithmic outputs, strawberry traits, decision support, and management actions. Current
evidence is strongest for crop monitoring, yield or count mapping, quality or disease
screening, and limited sensor-to-actuator control. It is weaker for prospective validation,
crop-response trials, economic evaluation, supervised control, and integration into daily
greenhouse workflows.

5. From Measurement and AI Outputs to Strawberry Greenhouse
Decision Support

The practical value of measurement and Al-derived outputs in strawberry production
depends on whether outputs can be translated into decision support. Here, decision-
support value refers to the extent to which a measurement or Al output can inform a
management recommendation, control target, safe operational cue, or auditable decision
step. A detector, classifier, or predictor is only a first step; decision support requires a link
from measured signal to inferred crop state, management question, operational decision,
and expected crop or workflow outcome. Decision-support value is often overstated in
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agricultural Al studies. Model outputs require decision rules before they can support
harvest planning, treatment timing, irrigation optimization, or crop-response validation.
The missing layer is the decision rule that translates a measured signal into a management
option under a defined objective, time window, risk tolerance, and operational constraint.

Table 4 serves as a roadmap for this section. It organizes measurement and model
outputs by the level of management use they can support, from crop monitoring to planning,
infrastructure context, partial actuation, and supervised coordination that has not yet been
validated for autonomous control. The table clarifies the management uses supported by
each output and the remaining validation needs.

Table 4. Decision-support levels from measurement and Al outputs to strawberry green-

house decisions.

Decision-Support What the Output . . . . . How to Interpret
Level Provides Decision Link Supporting Studies Safely
Fruit, flower, disease, Provides crop-state Useful phenotyping

Monitoring or crop
scouting

canopy, or root-zone
state detection

information but may
not specify an action

Section 4 detection and
classification studies

substrate; not
automation by itself

Temporal-spatial yield

Harvest scheduling,

Operational planning

Decision-support maps monitoring; ' labor plan‘nmg, [7,11,45,66,67,101] without direct
or counts georeferenced fruit production .
actuation
counts management
Climate-computer -
. .. Shows where decisions Infrastructure context;
Operational monitoring of

infrastructure context

temperature, RH, CO,,

can be monitored or

[14,36,90,102-107]

not biological

light, EC, pH implemented optimization by itself
Threshold or Soil-moisture threshold Direct drip-irrication Low-complexit
schedule-based and scheduled pump prrmg [41,108] plexity
N . actuation sensor-to-actuator loop
irrigation operation
Fuzzy irrigation . Partial closed-loop
. Pump or solenoid . AR
Fuzzy or rule-based duration from - evidence with limited
actuation from [35]

irrigation/fertigation

root-zone and nutrient
variables

interpreted inputs

crop-response
validation

Closed-loop or
supervised agentic
coordination

Bounded
multi-objective action
selection with feedback

Future coordination of
climate, irrigation,
lighting, labor, quality,

Reviewed evidence
remains insufficient

Research gap rather
than established
commercial practice

disease, and robotics

5.1. Yield Mapping, Harvest Planning, and Crop-Count Decision Support

Fruit counts and yield maps are currently among the most directly interpretable
decision-support outputs. Representative examples summarized in Table 4 include mobile
RGB-D yield monitoring and georeferenced fruit-count mapping systems [5,82], while
repeated near-ground flower and fruit counting supports crop-load monitoring before
harvest [4]. These systems may provide operational value even without direct actuation
because the outputs can inform harvest windows, worker deployment, zone-level scouting,
packing logistics, and production forecasts. Their limitation is that they mainly reduce
uncertainty for human or semi-automated planning; they do not by themselves validate
autonomous harvest, climate, or crop-load control.

Yield and harvest-related outputs illustrate the most mature pathway from pheno-
typing to decision support. Fruit counts, maturity classes, georeferenced yield maps, and
predicted harvestable load can inform how many workers are needed, where they should
be deployed, which greenhouse zones require closer scouting, and how production should
be scheduled for packing or marketing. These outputs do not need to actuate equipment
to be valuable; their value comes from reducing uncertainty in time-sensitive horticul-
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tural operations. The same logic applies to quality and disease scouting: spatial maps of
ripeness or disease hotspots can guide selective harvest, grading, sanitation, or preventive
management even when the final decision remains with the grower [16,31].

5.2. Irrigation, Fertigation, and Root-Zone Decision Support

Irrigation and fertigation are closer to direct control because root-zone measurements
can trigger pumps or valves. In greenhouse strawberry nursery production, an IoT-based
drip-irrigation system used capacitive soil-moisture sensors in polybags, an ESP32 mi-
crocontroller, a mobile-application/database interface, a relay, and a pump to implement
scheduled watering and stop pump operation when sensor values reached the defined
moisture threshold [10]. This is a concrete sensor-to-actuator loop based on schedules and
thresholds, not Al optimization.

A fuzzy-control hydroponic irrigation study provides a more complex rule-based
example. In that system, ambient temperature, substrate temperature, substrate humidity,
nutrient-solution pH, and electrical conductivity were used as inputs to a fuzzy controller
that determined irrigation duration and actuated pump or solenoid hardware [9]. This type
of system illustrates how multiple root-zone and nutrient variables can be translated into
an actuator command. However, low-complexity threshold control and fuzzy rule systems
still require crop-response, yield-quality, and safety validation before they can support
claims of Al optimization.

These irrigation and fertigation examples are valuable because they demonstrate
real sensor-to-actuator pathways, but their evidence strength is mainly operational. For
strawberry, a control loop should be judged by crop water status, root health, canopy
balance, fruit yield, soluble solids, firmness, disease risk, and resource-use efficiency under
realistic production conditions.

5.3. Microclimate and Controlled-Environment Infrastructure

Controlled-environment infrastructure studies show how greenhouse decisions can
be supported by dashboards, climate computers, embedded controllers, predictive mod-
els, and closed-loop architectures. Such infrastructure indicates where decisions can be
monitored, scheduled, or implemented. Biological validation remains necessary.

Microclimate and CEA control require a higher level of caution because actions such
as heating, ventilation, CO, enrichment, lighting, shading, or environmental scheduling
directly change the crop environment. A dashboard, forecast, or controller can be useful
when it identifies when and where intervention may be needed, but it should be evaluated
against crop response rather than environmental setpoint achievement alone. Maintaining
temperature, humidity, CO,, light, or EC within a predefined range differs from demon-
strating better canopy balance, flowering, fruit size, firmness, soluble solids, water-use
efficiency, disease suppression, or energy efficiency. Climate or lighting adjustments should
therefore be judged by their effects on strawberry growth, yield, quality, and energy use, as
illustrated by studies in which root-zone temperature, light intensity, and LED spectrum
changed strawberry growth, yield, and quality responses [12,13]. For strawberry green-
houses, the relevant endpoint is not only environmental stability, but plant response and
production outcome.

5.4. Current Boundary: Decision Support Without Validated Autonomous Control

The reviewed evidence supports a transition from sensing toward decision support,
while validation of fully optimized strawberry greenhouse control remains limited. Most
strawberry-specific studies provide measurement, prediction, monitoring, or operational
control evidence, but few test complete decision pipelines that link sensing, Al interpreta-
tion, grower decision, implemented action, and crop outcome. Many studies still do not
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define the intended operator, decision timing, or decision scale for the output. As a result,
it remains difficult to determine whether an Al output should support scouting, harvest
planning, irrigation correction, disease intervention, climate adjustment, or longer-term
crop scheduling.

To clarify these distinctions, Al outputs can be categorized according to the level
of decision they are intended to support. Some outputs are strategic, such as seasonal
yield forecasting, cultivar comparison, or investment planning. Others are tactical, such as
weekly labor scheduling, irrigation adjustment, or disease scouting. Others are operational,
such as same-day harvest routing, robot task assignment, or alarm generation. These
levels require different validation standards: strategic tools should demonstrate stable
prediction and economic relevance; tactical tools should demonstrate repeatability and
biological interpretation; and operational tools should demonstrate reliability, timing,
workflow integration, and safeguards for crop and equipment operation. This distinction
prevents detection, prediction, or dashboard monitoring from being prematurely described
as greenhouse optimization.

6. Supervised AI Coordination for Crop-Driven Greenhouse
Decision Support

The next step beyond decision support is supervised coordination that links crop
interpretation with constrained action and feedback. In this review, closed-loop coordi-
nation refers to a supervised feedback process in which measurement and model outputs
provide information about crop—environment interactions, candidate actions are selected
under horticultural and operational constraints, actions are executed only within safe
limits, and outcomes are monitored as crop-response feedback. For strawberry, such a loop
should begin with sensing, convert observations into phenotypes or crop conditions, use
diagnosis and prediction to define a management question, translate this interpretation
into decision support, execute actions within defined limits, and evaluate crop response
after intervention.

Supervised Al coordination refers to a greenhouse-specific workflow that can decom-
pose a management question, retrieve crop and greenhouse records, call external tools or
predictive models, compare candidate actions against horticultural rules and safety limits,
route high-impact decisions to the grower, and log the decision context and outcome. Its
agentic component lies in tool use, task planning, context retrieval, grower approval, and
auditable decision routing. In strawberry systems, such agents should operate within
predefined permission boundaries and should be evaluated by whether they improve the
traceability, timing, biological relevance, and outcome verification of greenhouse decisions.

This section presents closed-loop and supervised Al coordination as constrained
decision architectures for greenhouse decision support. The following subsections move
from rule-based control to prioritized and predictive control policies, crop-driven closed-
loop coordination, digital-twin safety layers, grower oversight, supervised Al coordination,
and future system requirements.

6.1. From Rule-Based Control to Prioritized and Predictive Control Policies

Existing strawberry-relevant sensor-to-actuator examples show that measurements
can already be translated into greenhouse actions. In greenhouse strawberry nursery pro-
duction, soil-moisture sensors and a mobile-connected controller triggered drip irrigation
when substrate values reached a defined threshold [10]. In greenhouse hydroponics, a
fuzzy-control system used temperature, substrate humidity, pH, and EC inputs to operate
irrigation hardware [9]. These examples demonstrate physical sensor-to-actuator pathways,
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but they remain threshold, schedule, or rule-based, with limited evidence for adaptive
Al optimization.

The next technical step is to move from simple rules toward prioritized or predictive
control policies that can handle competing objectives. Transferable greenhouse-control stud-
ies provide design precedents for multi-layer or prioritized control strategies, multi-area
light-environment decision support, ventilation model-predictive control, climate fore-
casting, and receding-horizon control under operational constraints [70,109-114]. Expert-
strategy emulation with attention-LSTM in strawberry greenhouses adds a crop-relevant
example of learning from human environmental-control behavior [71]. Such approaches
are relevant to strawberry greenhouse production, where fruit quality, disease risk, wa-
ter and nutrient use, energy demand, labor timing, and equipment constraints must be
balanced simultaneously.

These distinctions are particularly relevant for strawberry because management pri-
orities can change quickly across crop stage, harvest window, market demand, disease
pressure, and labor availability. A rule that is acceptable during vegetative establishment
may be inappropriate during peak harvest if it increases humidity, softens fruit, delays
ripening, increases disease risk, or reduces fruit accessibility. Strawberry decision support
requires control accuracy, rule adaptation, multi-objective reasoning, knowledge integra-
tion across crop, environment, labor and market information, grower-readable interaction,
and auditable safety gates.

Table 5 summarizes how these decision concepts differ in their data inputs, outputs,
degree of automation, grower role, and evidence requirements. Supervised Al coordination
adds integration and auditable coordination to existing systems. It can connect perception
models, greenhouse data, predictive tools, grower priorities, and safety constraints in one
supervised workflow, but the horticultural claim still depends on crop-response validation
and grower-defined action limits.

Table 5. Comparison of established greenhouse decision technologies and supervised agentic coordi-
nation for strawberry greenhouse decision support.

Technology or

Potential Role of

Main Decision Logic Strengths Limitations Supervised Agentic
Approach .
Coordination
Transparent Retrieve and check

Expert systems

Predefined expert or
engineering rules

recommendations; easy to
audit; useful for known
safety or management
rules

Limited adaptation when
cultivar, crop stage, market
target, disease pressure, or

labor availability changes

rules, explain conflicts,
request grower
approval, and log
overrides

Model
predictive
control (MPC)

Optimization over a
forecast horizon using
an explicit model,
objective function, and
constraints

Strong for climate, energy,
irrigation, and
resource-control problems
with measurable states and
constraints

Depends on model validity
and predefined objectives;
may underrepresent fruit
quality, disease risk, labor
timing, and fruit-damage

risk

Call MPC modules as
decision tools and
compare their outputs
with crop-state
evidence, safety limits,
and grower priorities

Digital twins

State representation
and scenario
simulation of crop,
greenhouse, or
equipment systems

Useful for what-if testing,
risk screening,
actuator-state

representation, and
planning before physical
execution

Simulation alone does not
validate crop-response
benefit or safe action under
occlusion, cultivar
differences, or uncertain
biological response

Use twins as
scenario-testing and
safety layers before
recommending or
requesting bounded
actions
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Table 5. Cont.
Technoloev or Potential Role of
8y Main Decision Logic Strengths Limitations Supervised Agentic
Approach .
Coordination
. . . Summarize crop state,
Can increase information rotrieve relevant
.. Integration and Practical monitoring load without explicit rule .
Decision- . Lo . . v evidence, translate
visualization of sensor,  interface; supports human adaptation, multi-objective . )
support . . - . observations into
climate, crop, and interpretation and record reasoning, or . .
dashboards operational data keepin henotype-to-action candidate decisions,
P ping p m};p in and maintain an audit
Ppiig trail
Supports knowledge
Tool-mediated integration, Does not establish Acts as a supervised
. orchestration of natural-language autonomous control orchestration layer
Supervised . : .
acentic observations, models, explanation, without bounded across sensors, expert
gentie rules, knowledge, multi-objective permissions, validation, rules, MPC, digital
coordination

grower interaction, and
action requests

comparison, workflow
coordination, and explicit

uncertainty reporting, and
crop-response monitoring

twins, dashboards, and
actuator interfaces

safety checks

6.2. Crop-Driven Closed-Loop Coordination

Closed-loop control should be grounded in crop state rather than environmental
setpoints alone. Strawberry-specific evidence already provides several components of
such a system. Mobile robotic yield monitoring and georeferenced RGB-D yield mapping
can provide spatial and temporal information on fruit counts, ripeness, and harvestable
crop load [5,82]. Repeated near-ground imaging can monitor flowers, immature fruit, and
mature fruit as crop-load indicators [4]. Disease scouting in a vertical-farm strawberry
system can identify spatial disease hotspots [16], and hyperspectral or deep-learning studies
can detect stress or disease signals [2,3,30]. These tools can supply perception inputs for
a closed-loop system, but the loop becomes horticulturally useful only when perception
changes a management decision and the resulting crop response is measured.

A closed-loop horticultural system also needs a defined crop response, response
window, success measurement, and fallback rule. For example, irrigation adjustment
should specify the expected change in substrate moisture, plant water status, canopy
response, fruit quality, or resource-use efficiency. Climate intervention should specify
whether the target is disease-risk reduction, transpiration regulation, flowering, fruit
quality, or energy saving. Future closed-loop studies should specify which response is
expected, how quickly it should appear, what measurement confirms success, and what
fallback rule is used when the response is absent or uncertain.

6.3. Digital Twins as Scenario-Testing and Safety Layers

Digital twins and crop models can make closed-loop coordination safer before physical
actuation by testing candidate actions in a model-based or synchronized representation of
the greenhouse system [35,36,115]. Their main role here is scenario testing between candi-
date action selection and physical implementation, not proof of permission-free greenhouse
control. A twin or model can help assess whether an irrigation, lighting, ventilation, CO,,
labor, or robotic action is feasible, whether it conflicts with another crop objective, and what
uncertainty should be presented to the grower before approval [33,71,109,116].

Digital twins can support safety and planning, while strawberry-specific crop-response
validation remains necessary [98,99,115]. A strawberry greenhouse digital twin should
represent crop state, environmental conditions, management rules, and candidate actions at
the level needed for decision support. It need not simulate every biological process in detail
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to be useful. Its practical value lies in making assumptions explicit, comparing scenarios,
and identifying unsafe or low-value actions before implementation [35,116]. Such twins
should not replace crop evidence; they should make proposed actions more transparent for
evaluation before grower approval or physical execution [33,117].

For strawberry, a useful digital twin would represent crop stage, crop load, canopy
state, root-zone status, greenhouse state, actuator limits, and likely effects on fruit quality
or disease risk [49,54,71,99]. It could begin as a structured representation of crop stage,
canopy status, fruit load, root-zone condition, climate state, actuator availability, and recent
management history. Candidate actions could then be screened for feasibility, conflict, and
risk, such as whether increasing irrigation conflicts with disease risk, whether lighting
changes are justified by crop load and energy cost, or whether harvest labor should be
prioritized in zones with high ripe-fruit density [3,9,63,118-123]. In this role, the digital
twin functions as a safety and planning layer that supports supervised decision making
rather than replacing grower judgment or crop-specific validation.

6.4. Grower-Supervised Al Coordination and Safety Gates

Human oversight and supervised Al coordination belong to the same supervised-
control architecture. Growers provide contextual knowledge that is difficult to encode com-
pletely, including cultivar behavior, market requirements, labor availability, disease history,
equipment reliability, and risk tolerance. Transferable human-in-the-loop climate-control
and responsible-automation studies support a supervised framing in which high-impact
actions require approval, constraint checking, and auditability [124,125]. In strawberry
greenhouses, attention-LSTM emulation of expert environmental-control strategies is es-
pecially relevant because it treats expert behavior as a learnable but supervised decision
pattern [71].

Irrigation advisory agents, robotic phenotyping platforms, and Al tool systems should
be evaluated for coordination quality, traceability, grower oversight, and crop-response
validation. A strawberry greenhouse agent should communicate uncertainty, ask for
confirmation before high-impact actions, provide evidence for recommendations, and
record whether the suggested action improved the intended crop or operational outcome.

Safety gates should define which actions can be automated, which require grower
approval, and how uncertainty is handled. These gates may include crop-stage limits,
cultivar-specific thresholds, environmental bounds for temperature, VPD or relative hu-
midity, CO,, EC, pH, and substrate moisture, actuator-rate limits, reversibility checks,
sensor-disagreement checks, model-uncertainty thresholds, and fallback rules. Embodied-
Al and robotic-Al safety work is relevant when supervised Al coordination reaches physical
tasks such as navigation, manipulation, or actuator requests [117]. Every recommendation,
approval, override, actuator command, and observation after intervention should be logged
so that the system remains scientifically auditable and farm-accountable.

6.5. Requirements for Future Supervised Al Decision-Support Systems in Strawberry Greenhouses

A future supervised Al decision-support system for strawberry greenhouses should
report at least six evidence categories: crop sensing, control policy, digital twin or simulation
layer, grower oversight, coordination logic, and physical execution. Crop sensing should
estimate horticulturally relevant states such as yield, ripeness, flowering, canopy vigor,
root-zone status, fruit quality, and disease risk, with uncertainty, calibration, cultivar, and
crop-stage metadata [5,8-10,82]. Control policies should translate crop condition into
constrained irrigation, fertigation, lighting, climate, or labor decisions and report action
limits, fallback rules, outcome monitoring, and biological endpoints [9,10,109-111,113,126].
Digital-twin or simulation layers should represent crop stage, greenhouse state, actuator
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status, and candidate interventions while validating assumptions, update frequency, and
uncertainty handling [35,41,45,116,127].

The remaining categories concern governance and execution. Grower oversight
should support approval, modification, rejection, or override of high-impact actions
while maintaining audit trails, accountability, override logs, and permission bound-
aries [33,101,124,125]. Supervised Al coordination should coordinate sensing, knowledge
retrieval, model calls, digital-twin evaluation, scheduling, and actuator requests while
enforcing tool permissions and failure-mode handling [60,66,117,128-130]. Physical execu-
tion should verify actuator limits, safe paths, operation logs, fruit or plant damage, and
biological outcomes, especially when robots or actuators interact directly with strawberry
plants [5,31,41,116,124]. The most defensible near-term path is supervised crop-driven co-
ordination: the coordination system should organize phenotyping, environmental histories,
decision rules, crop models, robotics, records, and grower judgment without bypassing
horticultural constraints, actuator limits, permission boundaries, or uncertainty checks.

Figure 4 summarizes a permissioned crop-driven coordination architecture for straw-
berry greenhouse decision support, linking observation, crop interpretation, policy and
digital-twin checking, safety gates, grower oversight, physical execution, audit feedback,
and model or rule updating.

9 Crop-state 9 ~ Policy /

interpretation digital-twin check

> ~@v
e
‘ Q T ‘*oO X
I s ripeness, fruit load, vigor, risk rules, scenarios, safety bounds
~ X 4 - A l
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Figure 4. Supervised Al coordination architecture for crop-driven strawberry greenhouse deci-
sion support.
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7. Evidence Gaps and Future Directions for Strawberry
Precision Horticulture

The reviewed literature shows substantial progress in strawberry perception, map-
ping, fruit-quality estimation, root-zone monitoring, infrastructure monitoring, and early
decision-support applications. However, these developments should be interpreted as
component-level advances rather than evidence that integrated intelligent decision-support
systems are already mature for broad commercial strawberry production. The transition
from useful measurements to reliable crop-management value remains incomplete, and the
most persistent gaps concern biological validation, transfer across cultivars and produc-
tion contexts, deployment economics, and prospective trials that test whether model- or
sensor-informed decisions improve production outcomes.

Future research should connect measured traits, interpreted crop states, manage-
ment decisions, and outcomes. This requires benchmarks with clear domain boundaries,
validation designs that test phenotype-to-action pathways, and deployment studies that
report production, quality, workflow, and economic endpoints. The following subsections
summarize these needs.

7.1. Benchmarks Should Define Transferability and Domain Boundaries

Current strawberry and transferable phenotyping studies show that model perfor-
mance and crop-response interpretation can depend on cultivar, crop stage, season, produc-
tion system, canopy density, fruit load, disease pressure, lighting, substrate condition, and
management history [98,131,132]. The evidence gap concerns whether datasets represent
the sources of biological and production variability that determine greenhouse usefulness.

Future benchmarks should report cultivar, crop stage, season, production system,
canopy density, fruit load, disease pressure, lighting, substrate condition, sensor config-
uration, and management history explicitly. When deployment beyond a single setting
is intended, they should test cross-cultivar, cross-season, cross-farm, cross-sensor, and
temporal transfer. Domain adaptation, date-fusion phenotyping, multispectral/RGB in-
tegration, and lab-to-field sensing studies provide useful methodological precedents, but
transferability should be tested explicitly rather than assumed [93,94,96].

7.2. Phenotype-to-Action Validation Should Link Model Outputs, Decision Rules, and
Crop Outcomes

For strawberry decision support, the physiological meaning of a phenotype is unusu-
ally context-dependent because vegetative growth, flowering, fruit set, fruit enlargement,
ripening, and repeated harvest often overlap on the same plant or production bench. The
crop also has a low, dense canopy in which leaves, crowns, flowers, immature fruit, and
harvestable fruit interact within a humid fruit-zone microclimate. Therefore, traits such
as canopy density, leaf expansion, crown vigor, flower number, fruit set, fruit-load dis-
tribution, fruit size, color development, soluble-solids accumulation, firmness, root-zone
status, wilting, and disease symptoms should not be treated as independent Al recognition
targets. Instead, they should be interpreted as indicators of source—sink balance, crop-load
pressure, water and nutrient status, fruit-quality formation, microclimate-mediated disease
susceptibility, harvest accessibility, and management timing [1,4,12,14,16,24,28].

More specifically, vegetative and reproductive phenotypes such as new-leaf emer-
gence interval, accumulated leaf number, crown diameter, and crop-load progression can
function as strawberry-specific state variables when interpreted in relation to crop stage
and production objective. These traits connect vegetative establishment and source capacity
with sink demand, fruit-load development, and harvest timing [12,14,15]. At the canopy
scale, petiole-lamina balance and canopy openness provide additional information on
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whether canopy development supports light interception and organ visibility or instead
increases self-shading, humidity retention, disease-conducive microclimates, fruit occlu-
sion, and harvest difficulty [14,16,19,20]. Thus, these phenotypes should be treated as
mechanism-informed crop-state indicators rather than as isolated recognition targets.

Intelligent decision-support systems should therefore move from recognition accu-
racy toward testable strawberry-specific decision chains. For example, canopy vigor is
useful only when interpreted together with crop stage and fruiting context: it may support
source capacity during establishment, but in a dense fruiting canopy it may also increase
self-shading, humidity retention, gray-mold or powdery-mildew risk, fruit occlusion, and
harvest difficulty [14,16]. A high flower or immature-fruit count is useful for yield fore-
casting only when interpreted together with canopy source capacity, crop-load pressure,
expected fruit-size distribution, labor capacity, and the rolling harvest window [4,11,15].
Root-zone moisture, EC, pH, drainage rate, and nutrient-solution control become horticul-
turally meaningful when linked to plant water status, nutrient uptake, salinity response,
fruit quality, yield stability, and resource-use efficiency [9,10,54,99]. Similarly, ripeness
or fruit-quality classification should support harvest timing and postharvest-quality risk
management by connecting color development with firmness, soluble solids, volatile com-
pounds, bruising or softening risk, shelf-life potential, and market timing rather than
treating color category as the final decision target [6,22,24].

Existing strawberry Al studies commonly report accuracy, precision, recall, segmenta-
tion quality, detection speed, or prediction error, but these metrics do not by themselves
demonstrate horticultural benefit [44,61,67]. A detector, classifier, hyperspectral model,
root-zone sensor, or yield map becomes valuable only when linked to a crop state, decision
rule, and management outcome, such as marketable yield, harvest timing, fruit-size distri-
bution, firmness, soluble solids, disease incidence, canopy balance, water-use efficiency,
nutrient-use efficiency, energy use, labor demand, or economic return [99].

Future validation should report the measured variable, inferred crop state, decision
output, management action, response window, fallback rule, and biological or operational
endpoint. A detector should be linked to a harvest or scouting decision; a disease classifier
should be linked to an intervention threshold; a yield forecast should be linked to labor
or market planning; and a root-zone sensor should be linked to irrigation or fertigation
outcomes. Crop models, expert thresholds, digital twins, or predictive control policies can
help bridge sensing and action, but they should be validated against strawberry outcomes
rather than greenhouse variables alone [115,133].

7.3. Deployment Endpoints Should Include Quality, Workflow, Economics, and
Supervised Coordination

Many strawberry Al studies emphasize visible fruit detection, maturity classifica-
tion, counting, yield mapping, or harvest-date prediction [61,134]. Fruit maturity and
quality-estimation studies extend this evidence base by linking visible, spectral, or model-
derived features to ripeness, water content, soluble solids, firmness, or appearance qual-
ity [68,134,135]. These tasks are essential, but they do not capture the full value of straw-
berry production. Market success also depends on fruit size and shape, firmness, color,
sweetness, acidity, aroma, nutritional compounds, defect rate, shelf life, disease resistance,
labor timing, and marketable yield [68,135].

Deployment studies should connect preharvest crop state to decisions that improve
quality, workflow, or economic feasibility. Studies on strawberry lighting, root-zone man-
agement, irrigation, and closed-loop hydroponic nutrient dynamics show why production
endpoints should include yield, quality, resource efficiency, and energy or input cost, not
only model performance or setpoint achievement [50,54,99,118]. For strawberry, this means
evaluating whether a decision-support tool helps growers harvest at better timing, reduce
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waste, maintain fruit quality, improve labor allocation, prevent disease spread, optimize
irrigation or nutrient use, or reduce unnecessary intervention.

Closed-loop, LLM/VLM, and supervised Al may eventually extend crop interpreta-
tion by supporting traceable recommendations, constraint checking, grower interaction,
and outcome evaluation. At present, however, these approaches should be regarded as
exploratory or early translational directions rather than validated autonomous strawberry-
production technologies. Prospective trials should report the observed crop condition,
candidate recommendation, constraints checked, grower decision, implemented action,
and outcome after intervention under commercial or semi-commercial greenhouse con-
ditions. Agricultural agentic-Al and LLM-based decision-support studies are useful as
evidence for knowledge retrieval, advisory workflows, and Al tool coordination; they do
not yet demonstrate mature, broadly applicable, or autonomous strawberry greenhouse
control [60,66,128].

8. Conclusions

This review synthesized evidence on strawberry phenotyping, sensing, Al interpreta-
tion, and greenhouse decision support. The literature shows that multimodal measurement
and modeling approaches can describe vegetative, reproductive, fruit-quality, stress, root-
zone, and environmental crop conditions, but practical value depends on whether these
outputs improve management decisions and crop-response outcomes. At present, the inte-
gration of Al-based crop interpretation, closed-loop coordination, and supervised agentic
decision support in strawberry greenhouses remains exploratory and has not yet been
widely validated under commercial production conditions. Therefore, strawberry green-
house Al should be developed as a cautious, grower-supervised decision-support pathway
rather than as a mature or broadly deployable autonomous production system. Future work
should prioritize benchmark datasets, validation across cultivars and production systems,
multi-season commercial or semi-commercial trials, phenotype-to-decision evaluation, and
field evidence that links Al outputs to crop performance, fruit quality, resource efficiency,
labor management, and operational accountability.
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