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Agricultural unpredictability is addressed through FruitScout’s phygital platform that
harnesses inexpensive smartphones to create plant-level digital twins, bringing Industry
4.0 efficiencies.

SUMMARY

Phyagital systems integrate physical work and digital intelligence, transforming how
organizations sense, plan, and act across complex, variable environments.
Agriculture remains among the least digitized production sectors, particularly in
upstream operations, where variability in biological growth limits predictability and
efficiency. This paper examines FruitScout, a smartphone-based computer vision
platform that builds plant-level digital twins to generate prescriptive harvest and
supply chain decisions. Drawing on insights from Industry 4.0, digital twin theory,
and phyagital integration, the paper develops a conceptual architecture for
agricultural production systems. This architecture links five layers: enablers,
operations, decisions, outcomes, and ecosystem. Using data from agave
production, the case illustrates how phygital instrumentation reduces state
uncertainty and enables adaptive planning. The conclusion contrasts software-
centric and hardware-intensive approaches to agricultural digitization, highlighting
managerial trade-offs in scalability, accuracy, and capital intensity.
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Introducing Phygital Agriculture

Over the past decade, organizations have increasingly
sought to bridge the divide between the tangible
operations of production systems and the expanding
power of digital intelligence. This convergence,
sometimes described as phygital integration, has
become a defining feature of the fourth industrial

revolution [1,2].

Phygital systems embed sensors, connectivity, and

analytics  within  physical processes, creating

continuous feedback loops that enhance decision-
[3].  While this
in sectors such as

making and  performance

transformation is advanced
manufacturing, logistics, and retail, agriculture has
lagged behind. Biological variability, fragmented
supply chains, and capital constraints have limited the
widespread diffusion of digital intelligence in farming
operations [4,5]. Yet agriculture faces mounting
pressure to improve productivity, reduce input waste,
and increase resilience amid climate uncertainty and

shifting global demand.

This article addresses this gap by proposing phygital
that
biological processes with data-driven, digital systems.
a U.S.-based

technology company that uses computer vision and

agriculture: a paradigm merges field-level

The study focuses on FruitScout,

artificial intelligence to convert smartphone images
into plant-level measurements, effectively constructing
digital twins of crops. By digitally instrumenting
physical growth processes, the company enables
more precise yield estimation, resource allocation,
and harvest scheduling. Through this lens, agriculture
becomes not merely a biological endeavor but a
digitally augmented production system [6].

Despite the increasing attention to “smart farming”
and “precision agriculture,” much of the literature
emphasizes either the technological tools themselves
or their potential for sustainability [7]. Less attention
has been paid to how digital and physical components
that is, the phygital
mechanisms that convert raw data into prescriptive

integrate operationally;

decisions.
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Moreover, the managerial and organizational
implications of such systems remain underdeveloped.
This article, therefore, contributes to both scholarship

and practice by articulating a theoretical and applied

framework for understanding how  phygital
architectures operate in biological production
contexts.

The study’s contributions are threefold. First, it offers
a conceptual architecture that specifies how phygital
systems create and circulate value through layered
processes of sensing, data modeling, decision support,
and ecosystem coordination. Second, it provides an
through the

FruitScout case showing how these layers manifest in

empirically grounded illustration

practice and what economic and operational results
they yield.

Third, it

(technological, ethical, and ecological) that shape the

identifies the boundary conditions
responsible scaling of such systems. The aim is to
produce insights accessible to both researchers and
practitioners seeking to implement or govern digital

transformations in resource-dependent sectors.

The remainder of this article proceeds as follows. The
next section reviews relevant literature on phygital
systems, Industry 4.0, and digital twins, situating
agriculture within this evolving discourse. It is
followed by a conceptual framework outlining the
architecture of phygital biological production. The
case analysis then explores how this architecture
operates through FruitScout’s system. The conclusion
discusses hardware-intensive and software-centric

models of digital agriculture and related issues.

Phygital agriculture transforms
farming from a biological
endeavor into a phygitally
augmented production system,
which is resilient, sustainable,
and human-centered.
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Rethinking Digital Integration in
Agriculture

The concept of phygital can be conceptualized as the
purposeful fusion of digital capabilities with physical
systems to create closed-loop sensing, analysis, and
action. Rather than layering digital tools on top of
existing operations, phygital systems embed sensors,
software, and data models into everyday routines so
that the digital layer continually reflects and shapes
the physical one [8] . This extends the logic of smart,
connected products [9] from discrete assets to end-to-
end workflows, emphasizing performance gains that
arise from optimized processes rather than from data

availability alone.

These developments unfold within the broader
context of Industry 4.0, which integrates cyber-

physical systems, automation, connectivity, and

[10].
Research highlights enabling technologies such as loT,

analytics into a new production paradigm
edge computing, cloud platforms, and Al, as well as
organizational capabilities such as interoperability,
governance, and change management, as elements
required to capture value [11]. Applying these factory-
based logics to biological environments remains
difficult. Agricultural production is path-dependent,
climatologically driven, and heterogeneous across
terroir, complicating standardization and quality
control, which are hallmarks of Industry 4.0 in
controlled manufacturing settings.

Within  this

representations of physical

paradigm, digital virtual

entities synchronized

twins,

through continuous data flows, have become central
to digital manufacturing and increasingly relevant to
[12].
depends on fidelity, refresh rate, and controllability.

agriculture A twin’s managerial usefulness
Agriculture challenges these conditions: measurement
is costly at scale, variability is high, and connectivity
can be unreliable. Emerging advances in computer
vision and edge Al can lower sensing costs by using
smartphone cameras to infer plant-level states,
supporting more dynamic and affordable digital twins

that reach beyond the factory context [13].
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The
efficiency and sustainability gains from GPS guidance,
UAVs,
systems, while also noting adoption barriers tied to

precision-agriculture literature documents

variable-rate inputs, and farm-management

cost, data ownership, and farmers’ values [14].

A phygital perspective extends this research by
emphasizing integration—how sensing becomes part
of daily labor, how measurements inform operational
plans, and how those plans align with downstream
processing and logistics—so that digital layers
actively drive action rather than merely inform it.
Rather than deploying proprietary sensors and
dedicated technology, firms can “instrument” and
augment labor by embedding measurement
capabilities into existing workflows through general-
purpose devices such as smartphones. This approach
ties digital-twin refresh rates to work cadence,
reducing capital intensity but creating managerial
challenges around training, incentives, and data
governance. Aligning measurement with field rhythms
and standardizing outputs via Al can transform
heterogeneous observations into reliable signals,
though this raises issues of privacy and benefit-
sharing that critical scholarship has highlighted [15].

Another emerging shift concerns the analytical
objectives of agricultural systems. Many technologies
stop at dashboards and alerts (monitoring), while
fewer deliver prescriptions that sequence work or
allocate resources in real time. As crop twins gain
fidelity and timeliness, they can underpin planning
decisions such as optimized harvest scheduling,
balancing ripeness with processing throughput, and
routing logistics to minimize waste [16,17]. This move,
from monitoring to prescription, introduces design
within-field
estimate readiness windows,

demands: models must encode

heterogeneity, align
supply-chain constraints, and remain interpretable for

managers.

Phygital agriculture also unfolds within ecosystems
that span growers, processors, suppliers, logistics
providers, and technology vendors. Data flows across
organizational boundaries generate both network

effects and frictions.
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Platform-oriented perspectives highlight how value
accrues when usage improves models that, in turn,
attract more usage—while also illustrating how
switching costs and vendor dependence can arise
[18,19]. Governance choices around APIs, auditability,
portability, and outcome-linked pricing shape
adoption incentives and the distribution of benefits.
The literature points to a persistent tension between
proprietary advantage—differentiated models trained
on captive data—and sectoral efficiency through
interoperability and shared standards, a tension that
is particularly acute in perishable, thin-margin agri-

food systems [20].

Together, these strands reveal three gaps. First, there
is a lack of a process model tailored to biological
production that links labor-embedded sensing, twin

fidelity and refresh rates, decision layers, and
economic outcomes. Second, limited work shows how
phygital loops generate prescriptive plans that

synchronize field conditions with processing capacity.
Third, managerial guidance remains fragmented on
when software-centric, low-cost approaches
outperform hardware-heavy strategies, and on how
governance and ethics should be embedded into

system design from the outset [21].

A Framework for Phygital
Architecture in Biological
Production Systems

This section develops a process-oriented architecture
that explains how phygital systems generate value
within biological production contexts. The framework
(see Figure 1)
operational

specifies five layers: enablers,

loop, decision layer, outcomes, and
ecosystem dynamics. The goal is to make explicit the
mechanisms by which digital intelligence becomes
embedded in routine fieldwork and supply-chain
planning, rather than treating technology as an
[22]. While the

architecture draws on established insights from

adjunct to existing practices
Industry 4.0 and digital twins, it adapts them to
settings where the state of the system is a living
organism and measurement
intermittent [23].

is both noisy and
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The first layer concerns enabling conditions. In
agriculture, the cost of dense, fixed instrumentation
can be prohibitive; connectivity is often intermittent.
The framework therefore emphasizes general-purpose,
low-capital technologies such as smartphones that can
be woven into workers’ routines operating in an off-
line, edge independent manner. By aligning data
capture with normal field tasks such as scouting or
pruning, labor and measurement can be integrated.
This alignment matters because it determines the
fidelity and refresh rate of the digital twin, which in
turn influences how quickly decisions can adjust to
changing biological conditions. Enablers thus include
consumer hardware and enabling software, as well as
training, incentives, and quality assurance practices
that make field measurements practical and reliable at
scale [24].

The second layer is the operational loop that converts
raw observations into reliable state estimates and
forecasts. In this loop, images or other inputs are
captured in the field, processed through machine-
learning models, and aggregated to update plot- or
plant-level representations. Three construct-level
properties govern the managerial usefulness of this
loop. Fidelity describes how accurately the model
captures the states most relevant to decisions such as
readiness, quality, risk, or expected yield. Refresh rate
captures the temporal frequency of updates, which is
critical in perishable contexts where short windows of
optimal action exist. Latency refers to the time
between capture and availability of actionable
estimates, which depends on both computational
arrangements and workflow design. When fidelity is
adequate, refresh rates are aligned with biological
dynamics, and latency is low, the twin’s state
approximates what managers would find if they were
physically present at scale and at the moment of

decision [25].

The third

prescriptions. In manufacturing, digitally connected

layer translates state estimates into
systems can adjust setpoints or reschedule tasks
rapidly; in agriculture, prescriptions must respect
growth trajectories and the constraints of downstream
processing.
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Figure 1. The phygital architecture framework for biological production (process and feedback)

Enablers

Ecosystem Governance

devices, protocols, training, QA

Operational Layer

APIls, data rights, audits

capture -> inference ->
aggregation -> twin update

Decision Layer

prescriptions that are
controllable & interpretable

Outcomes

yield, unit cost, quality, variance,
loss

The architecture therefore models decision-making as
field
processor

an integration problem: states must be

synchronized with capacity, labor
availability, logistics, and quality requirements. The
decision layer transforms a continuously updated map
of biological readiness into prioritized, time-bounded
work orders that schedule interventions, sequence
harvests, and route shipments. Controllability or the
practical ability to act on recommendations is
essential. Prescriptions that cannot be executed due
to equipment, labor, cost, or contractual limits erode
trust and adoption. Consequently, the framework
positions the decision layer not as a purely
computational optimizer but as a socio-technical
interface that must produce plans that are feasible,
with

accountability [26,27]. The fourth layer focuses on

interpretable, and  aligned managerial
outcomes and measurement of value. In phygital
agriculture, leaders tend to track a small set of
performance indicators: yield realized versus forecast,
unit cost, variability in quality, and losses attributable

to mis-timed harvests or logistics failures.

The framework links these outcomes causally to
improvements in information quality and timing. When
digital twins reduce state uncertainty and synchronize
operations, managers can narrow readiness windows,
balance processing lines more effectively, and mitigate
waste. Because many agricultural contexts involve
thin margins and volatile supply, even modest
improvements in predictability can compound across
procurement, scheduling, and inventory management.
However, the framework also stresses transparency:
claims about yield or cost must be accompanied by
data provenance, validation status, and contextual
limits so that decision makers can interpret effect

sizes cautiously and avoid overgeneralization [28].

The fifth layer addresses ecosystem dynamics. Data
created by labor-embedded sensing and prescriptive
planning often cross

firm boundaries, involving

growers, processors, distributors, and technology
providers. As usage expands, models may improve
through exposure to diverse field conditions, creating

positive feedback that attracts further adoption.
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At the same time, these network effects can produce
switching costs and concerns over data rights,
portability, and bargaining power. The framework
therefore treats governance (APIs, access controls,
auditability, and pricing models tied to outcomes) as a
design choice that shapes long-run diffusion and
fairness. In agriculture, where trust and relationships
are central, governance decisions can determine
whether phygital systems become sectoral utilities or
remain proprietary islands [29].

The above-mentioned layers form a closed loop.
Enablers determine the cost and cadence of sensing;
the operational loop determines the quality and
timeliness of state estimates; the decision layer
transforms those estimates into feasible prescriptions;
outcomes provide feedback that recalibrates models
and workflows; and ecosystem choices condition

adoption, learning, and value distribution.

The framework offers three testable implications:
First, when measurement is embedded in routine labor
using commodity devices, organizations can achieve
higher refresh rates at lower capital expense, which
should

biological

increase the responsiveness of plans to
variation. Second, when prescriptions
explicitly integrate downstream capacity constraints
with plant-level readiness, realized performance
should improve not because of better averages but
because of better timing. Third, when governance
ensures data portability and transparent attribution of
value, adoption should be broader and models should
even if

generalize Dbetter, short-run proprietary

advantage is diluted.

Operationalizing Phygital
Architecture: Insights from the
FruitScout Case

FruitScout illustrates a software-centric, low-capital
path to phygital agriculture (see Table 1). Using
commodity smartphones to capture plant images at
scale, machine learning to infer biologically
meaningful states, and a continuously updated field-
level digital twin, the system drives prescriptive

harvest and supply-chain decisions.
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By embedding measurement into routine fieldwork, it

converts dispersed, anecdotal observations into
standardized, actionable data: essentially adapting
Industry 4.0’s cyber-physical integration to biological

contexts where measurement is sparse and noisy [30].

The enabling layer relies on general-purpose devices,
not proprietary hardware. Crews follow simple
capture protocols supported by in-app prompts.
Managerially, this lowers capital cost and change-
management friction because tasks resemble familiar
scouting and quality checks. System accuracy hinges
less on dense, fixed sensors and more on workflows
that

consequently, the cadence of work becomes the

elicit  consistent human observations;
cadence of measurement—precisely what phygital
frameworks predict when labor is instrumented with
commodity tools [31].

into a

Operationally, raw images are translated

decision-ready crop representation. Detected features
(eg,
aggregated from plant/row to block/field, updating the

counts, size, growth rate, maturity) are
digital twin on a rolling basis. Managerial reliability
rests on fidelity (capturing phenology and quality-
relevant attributes), refresh rate (driven by how often
crews revisit plots), and latency (edge/on-device
versus cloud inference given rural connectivity).
Bounding latency with lightweight models and local
buffering helps estimates arrive in time for
daily/weekly planning, making the “map” approximate

what supervisors would see if walking every row [32].

The decision layer is designed for interpretability and
controllability. Instead of a dashboard alone, the
platform produces prioritized work orders that
sequence harvests by plot and date while accounting
for growth-rate variability, labor, equipment limits,
processor capacity, logistics, and contractual
constraints. Supervisors can audit recommendations
down to images and model outputs, supporting
accountability and organizational learning [33]. Early
adopter narratives point to improvements in realized
yield, unit cost, and quality variability via two
mechanisms: tighter timing of harvest to biological
readiness and better synchronization between field

inflow and factory throughput.
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Table 1. How FruitScout illustrates the layers of the phygital architecture

What FruitScout Does

Metrics to Monitor

Manager Actions (Levers)

Uses smartphones and simple photo
protocols to turn routine fieldwork
into measurement points, avoiding

dense proprietary sensors.

Instrumentation
(Sensing-in-Work)

Standardize capture
protocols; train and coach
crews; set incentives and

quality control; monitor
performance; ensure device
support.

Image coverage, capture
quality pass rate, cost per
measured acre, crew
compliance.

Computer vision/ML infers counts,
size, growth rate and maturity;
aggregates from plant to field;

updates the digital twin continuously.

Data and Model
(Digital Twin
Maintenance)

Set targets for fidelity, refresh
rate, and latency; choose
edge/on-device vs. cloud

inference; plan offline

Model error, days between
revisits, time from capture to
recommendation.

processing throughput.

buffering.
Decision and Generates prioritized harvest work Define capacity constraints; ) )
) o Recommendation execution
Control orders by plot/date; accounts for ensure interpretability and
. ) ) o ) rate, plan adherence, replan
(Prescription labor, equipment, capacity, and audit trails; integrate with )
. L h frequency, audit rate.
Engine) logistics. scheduling systems.
. - ) i Run weekly reviews; close Realized yield, unit cost,
X Aligns harvest timing with readiness ) i )
Execution and and svnchronizes field inflow with loop with post-hoc checks; quality variance,
Outcomes v adjust thresholds and overtime/idle time,

readiness windows. loss/waste.

Reduced readiness error (too early/too late) and
steadier inflow can lower overtime, idle time, and
quality loss, effects consistent with a shift from
descriptive monitoring to prescriptive planning.
However, impacts are enterprise-reported and
context-specific; effect sizes should be interpreted
cautiously [34].

Adoption

dynamics highlight

As more fields are

ecosystem
considerations. instrumented,
exposure to diverse morphology, geological diversity,
and microclimates can improve model accuracy,
creating data network effects: usage produces better
models, which drive better prescriptions, which in
turn drive more usage. Governance remains pivotal:
clarity on ownership of raw images and derived
features, data-sharing across organizational
boundaries, APls/export formats, audit trails, and
outcome-linked pricing can either build trust for multi-

party coordination or create switching costs [35].
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For example, limited data portability can lock growers
into vendor ecosystems, undermining their autonomy
and creating unequal power dynamics with technology
providers [36]. To mitigate these issues, the decision
layer prioritizes inclusive design and equitable data
governance to ensure technological advancements

benefit all parties without perpetuating social
inequities [37].
Managerially, three lessons stand out. First,

embedding sensing in familiar work can expand
coverage at low cost, but requires investment in
training, incentives, and quality control to keep data
that field

readiness with downstream capacity outperform

reliable. Second, prescriptions align
“harvest when ready” heuristics by optimizing the
whole chain. Third, governance and transparency are
strategic levers: clear provenance, interpretable
recommendations, and pricing tied to outcomes often
matter more for adoption than marginal gains in

model accuracy [38]
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Conclusion

This article has argued that phygital agriculture is best
understood not as a collection of tools but as an
architecture that embeds digital intelligence into
routine fieldwork and connects upstream biological
variability to downstream operational decisions.

By specifying five layers (enablers, the operational
loop, the decision layer, outcomes, and ecosystem
dynamics) we clarified how information moves from
labor-embedded sensing to prescriptive action and
measurable value. The FruitScout case illustrates a
software-centric path that leverages commodity
smartphones and computer vision to maintain plant-
level digital twins of production fields, convert state
estimates into feasible work orders, and synchronize
harvest timing with processing capacity. The
managerial contribution is a process model that
leaders can use to diagnose bottlenecks, design
workflows, and prioritize investments, emphasizing
that performance gains come from orchestrating
sensing cadence, model fidelity, and controllability

rather than from technology in isolation [39,40].

Theoretically, the analysis links phygital integration to
core constructs in Industry 4.0 and digital twin
research while adapting them to the realities of
biological systems [41]. It distinguishes software-
centric approaches from hardware-heavy alternatives,
arguing that fit depends on crop biology, operational
rhythms, and the economics of downstream assets.

In contexts with visually inferable cues and repeatable
field tasks, embedding sensing into labor can yield
higher refresh rates at lower capital intensity, enabling
prescriptions that reduce losses from mistimed
harvests and uneven factory inflow. Where continuous
telemetry or non-visual traits are essential, specialized

sensors remain indispensable.

Phyagital agriculture embeds
intelligence, connects biology,
and balances responsibility.

PHYGITAL BUSINESS REVIEW - WINTER ISSUE (2026)

The core implication is that managers should design
portfolio strategies that combine a broad, low-cost
coverage layer with targeted precision layers where
marginal fidelity is worth the cost [42]. The analysis
also surfaces governance as a first-order design
choice. Because usage improves models and models
influence work, data rights, portability, and pricing
structures shape adoption incentives and the
distribution of value across growers, processors, and

technology providers.

that

transparent

Phygital offer

recommendations,

systems interpretable
provenance, and
outcome-linked pricing will earn trust more quickly
than black-box platforms, especially in sectors where
margins are thin and relationships are long term [43].
Responsible scaling likewise requires attention to
labor practices, algorithmic bias, and rural
connectivity so that digital gains do not exacerbate
existing inequities. By foregrounding these socio-
technical issues within the architecture, the paper
contributes a balanced account of opportunities and

risks.

In terms of generalizability, the transferability of
FruitScout’s phygital model hinges on crop biology,
harvesting cycles, and supply chain dynamics, offering
scalability in low-capital contexts but with limitations.
For crops like agave or apples with extended growth
periods and visually inferable traits, the smartphone-
based

monitoring and digital twin updates, aligning well with

approach enables effective intermittent
fragmented supply chains [44]. In contrast, short-cycle
perishables such as strawberries demand continuous
sensing to mitigate waste in tight logistics, potentially
necessitating hardware integration and reducing the
[45].

variances through modular adaptations could enhance

model's cost advantages Addressing these

Cross-crop applicability while preserving

sustainability gains [46].

ooking forward, further research is needed in three
areas. First, empirical studies should examine how
phygital
geographies, and organizational contexts, especially

models perform across different crops,

among smallholder farmers who face unique

constraints.
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Second, longitudinal studies are required to evaluate
not only immediate financial outcomes but also long-
term impacts on sustainability, labor relations, and
[47]. Third,
investigate how phygital platforms intersect with

rural development scholars should

climate adaptation agendas, since digital twins offer a
promising way to anticipate and mitigate risks
associated with weather variability and shifting
ecological conditions [48].
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