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Digital twins and artificial intelligence are increasingly explored to support decision-making. In this work, we
introduce a modular and interoperable architecture that combines digital twins with reinforcement learning
for adaptive decision-making in complex environmental systems. We apply this approach to smart farming,
where efficient resource use is critical to balance productivity with environmental impact. Our contributions
are threefold: (a) the augmentation of agricultural models as digital twins—specifically the crop growth model
WOFOST and the plant disease model A-scab—that assimilate field data to reflect current crop conditions;
(b) the integration of reinforcement learning agents that generate recommendations for pesticide and fertilizer
application—the first to demonstrate interoperable reinforcement learning-integrated digital twins in operational
agriculture; and (c) the development of a FIWARE-based interoperability layer that integrates a diverse set of
(edge) components. We demonstrate our approach in two pilot studies—apple scab management and nitrogen
application in winter wheat—showcasing its potential for real-world application in diverse agricultural contexts

and its transferability to other domains.

1. Introduction

The escalating consequences of environmental degradation and cli-
mate change are urging governments and industry to adapt their poli-
cies, adopt green practices, and enhance resilience. Addressing these
challenges requires more advanced methods for understanding, pre-
dicting, and managing complex environmental systems. Digital twins,
virtual representations of physical systems or processes, are emerg-
ing as evolutionary tools in environmental science, valued for their
ability to simulate system dynamics and support informed decision-
making [13,14,56].

Digital twins are being developed across a range of environmental
applications, from large-scale ones like those focused on climate [66,42,
95], ocean [91], and biodiversity [89], to more local scale systems, such
as urban flood prevention [37] and farm management [74].

As digital twins evolve, their capabilities are increasingly enhanced
through integration with artificial intelligence (AI) [59]. Al is used to
enhance simulation capabilities (e.g., by emulating complex process-
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based models [49,85]), or to enhance decision making in operational
conditions (e.g., by addressing issues related to data availability and
resolution) [75]. Leveraging Al techniques allows for the development
of sophisticated control strategies that are more adaptive than tradi-
tional rule-based approaches. Most current applications of Al in digi-
tal twins rely on supervised learning methods such as regression and
classification. However, reinforcement learning (RL), a subfield of ma-
chine learning focused on sequential decision-making, offers a par-
ticularly promising, though less explored, alternative for optimization
tasks [11,36,38,70]. Several barriers have impeded broader adoption
of RL, most notably its data-intensive training requirements, the well-
known sim-to-real gap—where differences between simulated and real-
world states hinder direct applicability—and limited interpretability
due to its black-box nature. In this work, we address these challenges
by (1) leveraging RL agents pre-trained in a simulation environment
that enables extensive training without real-world trials; (2) deploying
them through a digital twin that continuously adapts to real-time data,
thereby helping to bridge the sim-to-real gap; and (3) enhancing inter-
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pretability by using the digital twin to simulate what-if scenarios. This
approach introduces a new blueprint for adaptive decision support and
sustainable practices with digital twin intelligence.

One area where digital twins hold significant promise is in the transi-
tion towards sustainable agriculture. Policy frameworks such as the Eu-
ropean Green Deal [31] accelerate the transition towards more environ-
mentally responsible farming, particularly by encouraging reductions in
pesticide and fertilizer use. Smart farming systems, which integrate ad-
vanced technologies such as smart sensors, data analytics, and robotics
into agricultural practices, are seen as key enablers of more sustainable
farming [23,54,79]. Digital twins within smart farming are dynamic
models that evolve with real-time data from diverse sources, including
IoT sensors and edge devices [93,74]. They provide tools for monitoring
crops, simulating scenarios, forecasting various outcomes, and generat-
ing optimized action suggestions for farmers and autonomous systems.

The effective deployment of digital twins is significantly challenged
by interoperability issues [77,55]. Data that feeds into digital twins is
frequently generated by disparate digital systems with limited compati-
bility, hindering data exchange [25]. While numerous standards define
specific approaches to data modeling, entity relationship specifications,
and data exchange, interoperability at scale is impeded by the lack of
coherent mappings between these standards. Successful implementation
of these standards within the broader technological context of smart
farming necessitates robust, practically validated processes. Therefore,
to facilitate smooth and cost-effective standard compliance, a wider
range of technological enablers is required for integrators. Guided by
the principle of interoperability, we developed a blueprint that leverages
the FIWARE framework—including the NGSI-LD standard [28]—best
practices in data modeling, and a set of enabling tools for scalable im-
plementation

In this paper, we present an integrated approach that combines digi-
tal twins, Al-based control strategies, and interoperable data infrastruc-
ture to support adaptive and sustainable agriculture. While digital twins
and RL have each received growing attention in smart farming, their
combined use—particularly in operational settings—remains underex-
plored. Our work addresses this methodological gap by demonstrating
how digital twins and offline-trained RL agents can be brought together
in an interoperable system for real-world agricultural applications.

We demonstrate our approach through two digital twins for smart
spraying systems. Our contributions are threefold: (1) we augment
agricultural models—specifically the crop growth model WOFOST and
the plant disease model A-Scab—as digital twins that continuously as-
similate field data to accurately represent current crop status; (2) we
integrate reinforcement learning agents trained to provide optimized
recommendations for pesticide and fertilizer use; and (3) we develop
a FIWARE-based interoperability layer that enables seamless integra-
tion of heterogeneous (edge) components using NGSI-LD data models
and APIs. Together, these contributions form a modular, standards-
compliant platform that supports adaptive and interoperable smart
farming applications and beyond.

This paper is structured as follows. Section 2 reviews related work
in the areas of digital twins, artificial intelligence, and interoperability,
in the context of smart farming. In Section 3, the system design is elabo-
rated. Specifically, our digital twin catalog, the reinforcement learning
approach, the smart data model, and the constituent components of our
implementation. Section 4 presents the deployment in two pilot studies.
Finally, Sections 5 and 6 provide a discussion of the findings and the
concluding remarks, respectively.

2. Background and related work
2.1. Digital twins
Digital twins are emerging as a key technology within Smart Farm-

ing, offering virtual representations of agricultural assets and pro-
cesses [93,74,65,18,30]. Implementations range from digital shadows—
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systems with unidirectional data flow that reflect sensor data and may
include simulation and prediction—to true digital twins that enable two-
way interaction, allowing not only virtual modeling but also (real-time)
influence on the physical system. While often grouped under the same
term, digital shadows lack the interactive feedback loop that defines
true digital twins. Applications include modeling the impact of differ-
ent irrigation strategies [4] and optimizing fertilization [75].

In agricultural digital twins, the core often consists of an agricultural
model that simulates elements of the farming system. The complexity of
such a model can vary widely, ranging from simple statistical models to
sophisticated process-based crop growth models. For instance, a basic
statistical model might predict end of season yield based on historical
weather and fertilizer data. At the other end of the spectrum, com-
plex crop growth models [24,50], such as DSSAT [44], APSIM [43], or
WOFOST [21], mathematically simulate crop development as a function
of crop characteristics, weather, (nutrient) inputs, and soil conditions.

Accurate synchronization between a digital twin and its physical
counterpart is essential, as it directly affects the quality and applicability
of its outputs. Synchronization is typically achieved through a two-stage
process, namely (1) initial model calibration and (2) continuous data as-
similation throughout the growing season to update model states with
real-world observations.

Model calibration involves tuning the parameters of the (agricul-
tural) model using historical or experimental data, or values from the
literature. In crop growth models, calibration usually focuses on param-
eters that influence key physiological processes, such as photosynthesis,
biomass partitioning, and phenology (i.e. the timing of plant growth
stages). Calibration of crop growth models is a well-researched area.
While many protocols exist and several parameters have clear physio-
logical interpretation, there is no single universally accepted best prac-
tice [96,82], and empirical parameter estimation remains common.

Continuous synchronization throughout the growing season is main-
tained through data assimilation techniques. Generally, three methods
are employed to incorporate incoming field data into crop growth mod-
els: forcing, updating and recalibration [47]. In the forcing method, state
variables in the crop model are replaced with observed data, which gen-
erally comes from remote sensing data or ground-based measurements,
where the observed data is matched to the crop model’s time step. In-
terpolation is used to fill the gap between the timing of observed data
and the time steps of the crop model. The updating method utilizes ob-
servation data to update a state variable at a specific time step of the
simulation. The new state variables are computed as a weighted com-
bination between the simulated state variables and the observed state
variables. In the recalibration method, model parameters or initial con-
ditions are re-estimated. Key data assimilation anchor points typically
include observations of Leaf Area Index, soil moisture, and vegetation
indices [61,22].

2.2. Artificial intelligence

The integration of AI may further improve agricultural decision sup-
port within digital twins. While traditional digital twins often rely on
predefined rules to guide management actions, Al introduces more adap-
tive and data-driven strategies. One particularly powerful Al technique,
Reinforcement Learning (RL), has shown great promise in optimizing
complex agricultural decisions [11,68,36]. The potential of RL in pre-
cision agriculture has been demonstrated across various (research) ap-
plications, including climate control in greenhouses [58], irrigation and
fertilization scheduling [68,19,88,53], crop planning [90], and schedul-
ing data collection [7].

RL is a machine learning paradigm where intelligent agents learn op-
timal policies through a process of trial and error [8]. Intelligent agents
interact with an environment, exploring various strategies and learn-
ing from the rewards they receive for achieving desirable outcomes. In
the context of agriculture, this environment is often a simulated agricul-
tural model, such as a crop growth model. Examples of such simulation



M. Kallenberg, H. Baja, M. Ili¢ et al.

environments for crop management tasks include frameworks like Crop-
Gym [68,53], gym-DSSAT [35], CyclesGym [90], and FarmGym [63].

The learning behavior of RL agents can be shaped by defining and
using different reward functions which focus on specific objectives, like
maximizing yield, minimizing resource use, or enhancing environmental
sustainability. Flexibility in designing rewards helps tailoring decision
support systems for various agricultural needs. Once trained, RL agents
can act on top of a digital twin, using its current state (e.g., crop health,
weather conditions, soil moisture) to recommend an action (e.g., apply
a specific amount of fertilizer), based on its learned policy [38].

2.3. Interoperability

Smart farming often integrates various systems from multiple ven-
dors, which typically leads to significant interoperability challenges [94,
84,77,3]. Interoperability encompasses syntactic (common data formats
and protocols) and semantic (shared understanding of data meaning via
ontologies) levels [92,34,83,81,80]. Semantic interoperability is crucial
for enabling advanced decision-making, such as in smart spraying ap-
plications [77].

Achieving interoperability at scale requires the existence of compre-
hensive and widely used standards. Syntactic interoperability is handled
with a family of TCP/IP standard protocols and higher-level standards
based on them (e.g., MQTT, HTTP, JSON, XML). In the context of smart
farming, ISO 11783 - ISOBUS is a standard for machinery and other field
equipment, while the ISO 23247 series addresses digital twins [67]. Se-
mantic interoperability requires common ontologies, which extend tra-
ditional definitions into computable knowledge representations [33,94].
Typical ontologies in agriculture include FAO’s AGROVOC [2], Seamless
[5]1, SAREF4Agri [72] and FoodOn [26], alongside best practice mod-
els from research projects such as DEMETER’s Agriculture Information
Model [69] and Ploutos’ Common Semantic Model [16].

However, an ontology is only one part of the solution. The wider
adoption of these standards and ontologies depends on the availability
of a wider ecosystem of tools and validated methodologies that make
the integration of the standards and ontologies cost effective. One such
ecosystem is the FIWARE framework comprising smart data models,
context brokers, and standard interface/model NGSI-LD. The latest ini-
tiative is to build agricultural data spaces [57] as collaborative environ-
ments for exchange of data and knowledge in a trusted and interoperable
manner while maintaining data sovereignty.

3. System design

This paper presents a decision-support system that brings together
digital twins, reinforcement learning, and interoperability frameworks.
Fig. 1 shows the concept of the designed system and how each com-
ponent is involved. The digital twins are based on agricultural models
that are kept in sync with field conditions through data assimilation. Al
agents, provide data-driven recommendations for pesticide and fertil-
izer application. The Al agents are trained using reinforcement learning
within dedicated training environments that wrap around the agricul-
tural models, preparing them for deployment in the farm. We use the
FIWARE framework to support consistent and scalable data exchange
between cloud and edge systems, relying on Smart Data Models and the
NGSI-LD standard to ensure interoperability.

In the following sections, we detail the components of our system: the
digital twins for crop monitoring, the RL-based Al agents for spraying
recommendations, and the interoperability framework.

3.1. Digital twin catalog

3.1.1. Apple scab management model

The digital twin for apple scab management is based on the A-scab
model, a well-established dynamic simulation model for predicting pri-
mary infections of Venturia inaequalis in apple orchards, originally devel-
oped by [76]. The A-scab model captures key stages of the disease cycle,
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including pseudothecia development, ascospore maturation, discharge,
deposition, and infection risk assessment throughout the growing sea-
son. The model computes a risk score for each infection, and predicts
the onset of symptoms.

We extended the original A-scab model by adding a module for pes-
ticide application with contact fungicides. The module simulates the
impact of fungicide treatments on the survival rate of released spores,
taking into account the development stage of the spores. Furthermore,
the module considers pesticide coverage dynamics, including wash-off
due to rainfall, and the growth of new biomass. The model assimilates
observational field data, including the biofix date—defined as either the
first observed ascospore release or the date of bud break—as well as crop
state indicators such as LAIL The model is driven by hourly weather data,
which we derive from OpenMeteo [98].

3.1.2. Wheat fertilization management model

The digital twin for wheat is based on the World Food Studies
(WOFOST) crop growth model [21]. WOFOST is a generic crop model
that supports a wide range of crops. WOFOST simulates water-limited
and nitrogen-limited crop growth, which allows simulations of outcomes
of different fertilization actions [10]. The model is driven by weather
data derived from OpenMeteo [98]. Soil conditions are calibrated by
sourcing from SoilGrids [71], while crop parameters are selected from
the WOFOST crop parameter database based on the specific variety
grown [21]. In addition, any discrepancies regarding mirroring can be
addressed through data assimilation [22,45]. Within the digital twin, we
have adopted a variational approach in which crop model parameters
are fully-automated recalibrated using an objective function that min-
imizes the differences between observed measurements and simulated
outputs, with the recalibrated parameters constrained within physio-
logically plausible bounds to ensure realistic values. Specifically, the
model integrates Leaf Area Index (LAI) and phenology observations to
refine growth predictions dynamically. The following key crop model
parameters are re-estimated: TSUM1 (temperature sum from emergence
to anthesis), TSUM2 (temperature sum from anthesis to maturity), TDWI
(initial total crop dry weight), and SPAN (life span of expanding leaves).
These parameters were selected in accordance with [20], given their
strong influence on phenological development and leaf growth. These
processes, in turn, affect biomass and nutrient partitioning, photosyn-
thesis, and ultimately yield formation. Given the non-differentiable na-
ture of the crop model, we employ a derivative-free optimization strat-
egy using the Subplex algorithm [78] from the NLOpt library [48].

Fig. 2 illustrates how the digital twin operates for the winter wheat
use case. The system uses observed data to align the digital twin to the
physical crop through calibration and provides simulations for crop de-
velopment over the forecast period.

3.2. Reinforcement learning

3.2.1. Pesticide recommendations with RL

The pesticide recommendation system is based on reinforcement
learning, with the RL agent trained to prevent yield loss resulting from
apple scab infections while minimizing pesticide usage. Training was
conducted in AscabGym [51], which utilizes the A-scab model as de-
scribed in section 3. The RL agent can apply pesticide daily, at one of
six discrete levels: 0, 0.2, 0.4, 0.6, 0.8, and 1. These levels pertain to
spraying volume. In silico, the trained RL agent exhibits precise spray-
ing actions compared to a common weather forecast spraying heuristic,
minimizing risk of apple scab infections while reducing use of pesticide.

3.2.2. Fertilizer recommendations with RL

The fertilizer recommendation system is based on reinforcement
learning, with the RL agent trained to maximize nitrogen use efficiency
(NUE). Here, we utilize the EUNEP framework [29], where NUE is de-
fined as a ratio N/ Nippur- Nouspur TEfETS to the amount of N in the
yield of a crop, and N,,,,, includes all N inputs, such as fertilizer, initial
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Fig. 1. A concept diagram depicting the main principle of our approach. In phase 1, the RL agent is trained offline with calibrated agricultural models. In phase 2,
the digital twin is deployed. The digital twin provides current states to the RL agent, which then provides recommendations for the physical twin. The digital twin
is kept in sync with its physical counterpart by means of data assimilation. Communication between each entity is provided by the context broker.
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Fig. 2. Example output of the digital twin system for winter wheat, illustrating how the system integrates calibration, reinforcement learning (RL) decisions, and
model simulations. The plot shows the evolution of key crop variables over time. Calibration is performed using a variational approach that updates crop model
parameters by minimizing discrepancies between simulated outputs and observed values. Observations of Development Stage (DVS) and Leaf Area Index (LAI) are
assimilated to refine crop model parameters related to phenology and leaf development. A simulation is triggered on 15 June, as denoted by the solid vertical line,
using weather forecasts for the first 10 days, followed by historical weather averages. Three nitrogen fertilization applications were included, as recommended by
the RL agent: 60 kg on 20 March, 80 kg on 10 April, and 60 kg on 10 May.



M. Kallenberg, H. Baja, M. Ili¢ et al.

Table 1
Components and their descriptions.

Smart Agricultural Technology 12 (2025) 101412

Component Description

Edge Field Systems
crop management.
Orion Context Broker

Components for retrofitted tractors, including vision systems for crop monitoring and smart sprayers for

Main interoperability component, providing an NGSI-LD compliant API for basic CRUD operations on

platform entities such as crops, fields, tractors, and measurements.

MongoDB

QuantumLeap
digital twin outputs in CrateDB.

CrateDB

Digital Twin Simulator

AI Recommender

Dashboard

Entity context database for the Orion Context Broker. Storing the current state of platform entities.
REST middleware for storing and querying NGSI-LD spatial-temporal data, ensuring proper storage of

Database behind QuantumLeap used for storing time-series data.

Cloud intelligence component capable of monitoring and simulating (future) crop states.

RL-based Al agent deciding when to fertilize or spray with pesticides.

User interface for the platform, providing an overview of parcels, the ability to enter farm management

data, trigger digital twin simulations, and view simulator outputs.

soil nitrogen, nitrogen in seeds, and atmospheric deposition. The train-
ing setup, including reward design and agent constraints, is described
in [6]. Training was conducted in CropGym [68,53], which employs
the WOFOST crop growth model to simulate crop growth under differ-
ent fertilization regimes. The trained RL policy showed improved NUE,
compared to standard practice. The RL agent can apply nitrogen fertil-
izer at one of nine discrete levels: 0, 10, 20, 30, 40, 50, 60, 70, 80 kg/ha
per week. The reward function incentivizes maintaining NUE within an
optimal range, avoiding both soil depletion and excessive nitrogen us-
ages that can lead to leaching and pollution. Additionally, an action
constrainer was implemented to limit the number of recommended fer-
tilization events throughout the growing season.

3.3. Smart data models

Our system integrates data from a variety of sources, including au-
tonomous field systems, historical data on crops and fields, manual
feedback from end users, and third-party data. These data sources form
the upstream data pipelines, which feed into the digital twins and their
connected reinforcement learning-based decision-making agents which
operate in the cloud. Actionable decisions are then sent downstream to
autonomous field systems at the edge.

Syntactic interoperability is supported through the Next Generation
Service Interface - Linked Data (NGSI-LD) [28], which is developed and
maintained by the FIWARE organization. NGSI-LD is based on JSON-
LD [86] and serves as both a standardized data model and an API for
exchanging and managing contextual data. It defines entities with ex-
plicit attributes and relationships. As such it ensures structured interop-
erability. Contexts in NGSI-LD specify an entity’s domain, attributes, and
relationships, enabling seamless data exchange between services. NGSI-
LD also defines a common interface for handling contextual information
on entities, supporting create, update, query, and delete operations, with
built-in event subscriptions for real-time updates to dependent applica-
tions interested in the status of specific entities.

The Orion Context Broker, which is an open-source FIWARE com-
ponent, serves as the core interoperability hub, linking all components
of the system. The project manages agricultural entities such as crops,
fields, fertilizers, and pests, along with interconnected components like
autonomous tractors, vision systems, and farm operations. The defini-
tions of entities are standardized using Smart Data Models [32].

Fig. 3 depicts the relationships between different Smart Data Model
entities used. Contextual data on these entities is stored by the Orion
Context Broker, and is used to build the digital twins of crops in order
to simulate their development.

3.4. Components

The platform covers both edge and cloud components, as shown
in Fig. 4 and Table 1. All components are deployed in the cloud as
Kubernetes pods. Services are registered for the dashboard and pods
which expose APIs for data querying, like the Orion Context Broker and

QuantumLeap. During cluster startup, subscriptions are registered in the
Orion Context Broker for the Digital Twin simulator and QuantumLeap,
as these services need to be notified of new data on field operations, and
simulation results from the Digital Twin simulator.

Data communication occurs in two main flows: one for data acqui-
sition, and the other for communicating simulation results to the user
and command messages to edge devices in the field. Data acquisition is
mainly carried out at the edge by autonomous field systems. Along with
this, 3rd party weather (forecast) data is collected. Lastly, farmers can
manually enter data on field operations or enter legacy data for specific
crops and fields. The upstream and downstream flows are visualized in
Fig. 4. Following data acquisition, simulations are conducted automati-
cally by the Digital Twin simulator on a daily basis, analyzing the state
of crops and providing predictions and recommendations to optimize
yield while minimizing pesticide and fertilizer use. Simulation runs can
also be triggered manually by farmers through manual data entry.

Fig. 5 illustrates the sequence of interactions between the compo-
nents of the platform, showing (i) a general case when a user wishes to
check the predictions of the digital twin along with future management
recommendations of the RL components for the whole growing season,
(ii) a daily loop that advances a simulation step, and (iii) a case where
the user has acquired measurements in the field, triggering an update of
the digital twin. The daily cron job case entails automatic alignment of
weather data and farming context (i.e., management actions that have
been done in the parcel).

4. Deployment in pilot studies

The platform is deployed in two pilot sites for two different use cases:
one on disease control in apple production, and one on nitrogen fertiliza-
tion in winter wheat cultivation. With these pilot deployments, started
in the 2025 growing season, we aim to evaluate the practical feasibility
of our solution in real-world farming environments.

4.1. Disease control (apple, Spain)

Apple (Malus X domestica) is a key commercial fruit crop in temper-
ate zones, where apple scab stands out as the most widespread fungal
disease impacting production [17]. Failure to control this disease ade-
quately can result in economic losses reaching as high as 70% of the
production value [87]. Consequently, managing this disease represents
a major annual expenditure for apple producers in most growing ar-
eas [9]. A critical aspect of successful control, particularly for later
infections on leaves and fruit, is preventing the initial ascospore infec-
tions, which often demands multiple fungicide applications during the
growing season.

The system is deployed in an apple orchard located in Girona, Spain
(42.16°N, 3.09°E). The 130-hectare orchard is divided into multiple
fields, each dedicated to a single apple variety. A digital twin is instanti-
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Fig. 3. Key entities and relationships modeled in the digital twin, using definitions from FIWARE Smart Data Models to enable semantic interoperability.
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Fig. 4. The platform and communication between the various edge and cloud components. A brief description of each component is provided in Table 1.

ated for each field, providing field-level resolution of disease dynamics.
To complement this, a fine-grained vision system, based on a tractor-
mounted camera, captures images from the orchard to detect early
symptoms of apple scab. Pesticide application decisions are informed
by two components: a reinforcement learning agent operating on the
digital twins, and the vision system identifying visible symptoms in the

field. Spraying is triggered if either system indicates a need. The digital
twin recommended seven sprays, matching the number applied under
standard practice by the orchard manager. The timing of most appli-
cations was broadly consistent, with a marginally higher total dose and
slightly lower estimated cumulative infection risk. Additional details are
provided in our repository [46].
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Fig. 5. Sequence diagram describing internal interactions between the system components for different use cases.

4.2. Nutrient management (winter wheat, Lithuania)

Wheat is the most widely cultivated crop globally [27]. In rain-
fed winter wheat systems, nitrogen is a key driver of yield. However,
excessive nitrogen application can have harmful environmental conse-
quences, such as the eutrophication of freshwater bodies and increased
greenhouse gas emissions [97]. It is therefore crucial to effectively
manage nitrogen application. Conventional farming strategies, which
are often informed by experience or reactive observations, may strug-
gle to capture the complex, and dynamic nature of daily field condi-
tions [1,12].

The system is deployed across multiple plots of winter wheat, cov-
ering a total area of 90 hectares, in Radviliskio, Lithuania (55.75°N,
23.58°E) (see Fig. 6). This area is divided into 24 subfields based on

soil parameter zonation established at the start of the season. A digi-
tal twin is created for each subfield. In-season synchronization between
the digital twins and the physical crops is achieved through data assim-
ilation, utilizing observations of Leaf Area Index and BBCH scale [64].
Reinforcement learning agents, operating on the digital twins, provide
recommendations for nitrogen fertilization. The system is trained to re-
strict the number of applications to two per season, in line with standard
farming practices. Recommendations are transmitted as command mes-
sages for approval by the farmer. In aggregation, the digital twin system
recommended two side-dress fertilization events—40 kg N/ha in early
March and 70 kg N/ha in early April—matching the number and to-
tal nitrogen advised by local agronomists (30 and 80 kg N/ha), though
timing differed slightly. Estimated effects on crop development were
similar. Additional details are provided in our repository [46].
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Fig. 6. Screenshot of the dashboard showing an overview of the winter wheat pilot area. For a selected subfield, the dashboard displays a visualization of crop growth

over time.

5. Discussion

This study demonstrates a modular and interoperable system ar-
chitecture that combines digital twins with reinforcement learning to
support agricultural decision-making. The use of FIWARE and Smart
Data Models facilitates cross-domain adaptation. By implementing digi-
tal twins for both apple scab control and nitrogen fertilization, we show
that the system can accommodate distinct use cases, illustrating its flex-
ibility and potential for generalization. The system is currently being
piloted at two farm sites, each addressing a different use case, to explore
its practical relevance and feasibility in real-world agricultural settings.

5.1. Lessons learned

A significant strength of our approach is its model-agnostic architec-
ture. While our pilot studies focused on specific digital twin implemen-
tations for apple scab and winter wheat, the underlying framework is
inherently flexible. Even within the concrete implementations used in
these pilots, extending the system to other crops is well supported, as the
WOFOST model can simulate a wide range of crops. Similarly, the RL
agent can be adapted to new crops by retraining in e.g., the CropGym
environment [53,68]. This flexibility also extends to additional farm
management tasks, such as irrigation or the allocation of fertilization
budgets across different parcels.

A key limitation is that the accuracy of any digital twin depends on
both the underlying model and the rigor of its calibration. Calibration of
digital twins particularly benefits from local historical data, ideally with
sufficient variation in farm management practices and weather condi-
tions [73]. However, such data is not always available. To minimize
potential inaccuracies, in this work we incorporate data assimilation
techniques.

Another practical limitation observed during our ongoing pilot stud-
ies is the cost associated with data collection. While we currently collect
data regularly using a camera system mounted on a tractor, this ap-
proach may be too expensive for broader adoption. To reduce costs we
can incorporate freely available remote sensing data [39,41], or utiliz-
ing a recommendation engine that identifies opportune moments for

data measurements, as in Baja et al. [7], optimizing the efficiency of
data collection efforts.

5.2. Outlook

Broader adoption depends on multiple factors, including agronomic
effectiveness as well as socio-economic considerations such as cost-
benefit trade-offs and user trust [25]. In particular, the opaque nature
of reinforcement learning—based recommendations may pose challenges
for acceptance. To address this, the system includes simulation-based vi-
sualizations aimed at increasing transparency and supporting informed
decision-making.

Looking ahead, the digital twins that currently constitute the digi-
tal twin catalog (i.e., the A-scab model and the WOFOST crop model)
are mechanistic, process-based models. Notwithstanding, we recognize
the potential of data-driven and hybrid modeling approaches. Data-
driven models can effectively capture complex relationships from large
datasets, without restrictive assumptions, potentially improving pre-
dictive accuracy. We anticipate that future (agricultural) digital twins
may incorporate hybrid models, which combine the scientific rigor
of process-based models with the data-driven flexibility of machine
learning [15,40,52,60,62]. More broadly, the core principles underpin-
ning our approach—digital twins and RL-based control—are applicable
across a variety of domains beyond smart farming. Adapting the system
to new domains involves integrating a suitable process-based or data-
driven model of the system dynamics, alongside retraining the RL agent
within that environment.

6. Conclusion

This work introduced an interoperable architecture employed in
smart farming, that combines digital twins, reinforcement learning
agents, and (semantic) interoperability. Digital twins are implemented
as process-based models of crop growth and disease risk, where data as-
similation is used to sync with current field conditions. Al agents, which
are trained through reinforcement learning, provide recommendations
for pesticide and fertilizer application. Various components included in
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this system communicate through an interoperability layer built on the
FIWARE framework, allowing them to work together effectively.

The architecture was demonstrated through two pilot studies: one
focused on disease control in apple orchards in Spain, and the other
on nitrogen fertilization in winter wheat fields in Lithuania. The pilots
showcased the system’s potential for real-world application. Although
our initial focus was on spraying operations, the framework’s modular
design and interoperability make it adaptable to other areas of (preci-
sion) agriculture and other domains.

Future work includes scaling up the pilot studies to broader field
conditions and farm types, and performing a more detailed evaluation
of agronomic efficiency and cost-effectiveness. Scientific extensions in-
volve expanding the digital twin catalog to cover additional crops and
management tasks, such as irrigation, weeding and resource allocation,
further enhancing the system’s versatility and impact.
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