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Abstract—Digital Twins are an emerging technology that is
increasingly adopted for industrial applications across different
domains. Digital Twins can leverage self-adaptive techniques
to provide interoperability for cross-domain applications. This
interoperability can come with challenges related to the different
digital models applied, and with different scenarios in which
distributed architectures are in place. In this setting, we propose
a self-adaptive digital twin architecture to support reliable auto-
mated management for a category of physical twins. We apply
declarative dynamic reclassification to capture the appropriate
state, and adaptive control through strategies to improve the
resilience of the system. The proposed approach is validated in
both a simulated environment and a physical environment to
compare the efficacy and reliability of the architecture.

Index Terms—Digital Twins, Self-Adaptive Architectures, Au-
tomated Management.

I. INTRODUCTION

Digital Twins (DTs) are virtual representations mirroring
their physical counterparts; these so-called Physical Twins
(PTs) range from the components of physical entities to
social systems [1], [2]. DTs have been widely adopted in
industrial applications at a mature stage of technological
advancement [3], making these industrial applications suitable
for the transition from Industry 4.0 to Industry 5.0 [4].
Through simulations, DTs can further offer predictive [5] and
prescriptive [6] capabilities, expanding the different scenarios
through which they can operate.

DTs have proven effective in empowering smart farming [7]
and can help automate the management of greenhouses, for ex-
ample by watering plants autonomously [8] or for greenhouse
horticulture [9]. Furthermore, the health of plants may change
frequently depending on several factors, both internal (e.g.,
the soil moisture and light exposure), and environmental (e.g.,
the overall humidity and temperature of the greenhouse). To
handle these changes, the DT needs to capture the behaviour
of the plants, and identify their different states [10].

This paper presents a self-adaptive DT architecture for
automated greenhouse management. We show how the system
can collect and process data to identify different states and
adapt the digital model, using a declarative approach for both
structural and behavioural adaptation. Together, these tech-
niques are used to identify an automatic adaptation strategy
to achieve overall system reliability, by ensuring that the DT
system stays coherent with its physical counterpart.

The rest of the paper is structured as follows: in Sect. II,
we describe related work on DTs, with a focus on their appli-

cations. In Sect. III we describe the use case and its physical
setup, in Sect. IV we present the self-adaptive architecture
proposed to automate the greenhouse management, and in
Sect. VI we describe the experiment and their results. Finally,
in Sect. VII we discuss future work and conclude.

II. RELATED WORK

Several studies have focused on systems to improve automa-
tion control [11], [12], navigation [13] and inspection [14] for
greenhouses. DTs have proved successful for fault diagnosis
with different real-time conditions [15] and for predictive
maintenance [16]. The integration of DTs in other areas, such
as industrial water management, has also been explored [17],
demonstrating the versatility of DTs in various industrial do-
mains. However, the increase in the development of DTs also
highlights an increase in the complexity of lifecycle manage-
ment, requiring a more systematic and modular approach to the
design, development, and deployment of DTs throughout the
system’s lifecycle [18]. DevOps practices have been proposed
to address these challenges, by promoting composable and
reusable components [19], and by coupling the architecture
of the DT with semantic lifting [10], [20], [21].

To map the physical system to a runtime knowledge base
(KB), we use SMOL [22]-[24], a small object-oriented pro-
gramming language that, through semantic reflection into
KBs [25], can adapt the runtime state [26] of entities defined
in the underlying ontology of the KB. We can, therefore,
map objects and properties of the ontology to classes and
attributes of SMOL, respectively. Through SMOL, we can
further adapt the runtime KB by adding new classes and
attributes to represent new entities and properties that were not
initially considered in the ontology, as well as by modifying
existing ones, or removing them entirely [8]. This allows
us to keep the digital model up-to-date with the physical
system, as it evolves over time. Moreover, SMOL supports
the definition of declarations to capture the behaviour of the
entities in the ontology, allowing us to model not only the static
structure of the twinned physical system in the KB but also
the dynamic behaviour of the physical system in the SMOL
program [27]. Using Functional Mock-up Interface (FMI), we
can then simulate the physical system to identify the correct
strategy to apply to the system to ensure reliability [28].

Work on DTs and ontologies have also been explored within
data-driven simulation models. In particular, Bjgrnskov et
al. [29] proposed a development framework for DTs in which
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the semantic model is used to capture the structure of the
physical system, translated to be used within the simulator,
and used to align the data processing layer. This allows for
a seamless integration within the user interface layer. The
work further relies on Long Short-Term Memory (LSTM)
architectures to predict indoor temperature. In contrast, our
work aims to explore the use of semantic reflection and
declarative approach to identify the states of the PT, and to
use them to adapt the components of the DT accordingly.

III. USE CASE

This paper proposes a use case based on two physical
greenhouses, namely greenhouse-1 and greenhouse-2 (shown
in Fig. 1). The greenhouses are both used for research and
experimentation with different plants, layouts and configura-
tions. The greenhouses are equipped with sensors and actuators
to monitor and control environmental conditions such as
temperature, humidity, light intensity, and soil moisture.

The use cases have two levels of abstraction. The green-
houses provide a first layer of abstraction from low-level
hardware to the DTs, i.e., sensor data and actuation commands.
The second level of abstraction connects the runtime KB and
the PTs themselves, mapping the information of the PT to the
logical greenhouse components described in the physical con-
figuration of Fig. 1. Since the two greenhouses differ in terms
of physical configuration, we constructed a general ontology
model that can be adapted to both physical greenhouses. The
ontology model captures the essential components and rela-
tionships of a greenhouse, including plants, sensors, actuators,
and environmental conditions. The DT model is implemented
using OWL! (Web Ontology Language) and is designed to be
flexible and extensible to accommodate different categories
of logical greenhouse components. While it might not capture
every specific detail of each greenhouse, it provides a common
framework for representing and reasoning about the green-
house environment. This modular approach is then used to
create the runtime knowledge base by populating the ontology
with data from a specific greenhouse configuration, leaving the
missing components as optional in the ontology. The overall
physical configuration introduced is shown in Figure 1. Com-
pared to the configuration proposed in Greenhouse DT [8],
the shelves have been renamed to sections, as the greenhouse
can be scaled up to bigger configurations with sections instead
of shelves, and (optional) nutrient sensors have been added to
capture the current condition in greenhouse-2. To validate our
approach, we define the following research questions:

e RQ1 (Correctness of strategy): can we ensure that the
selected strategy, for each plant, matches the expected
one from its condition?

¢ RQ2 (Adaptation of strategy): can we modify and adapt
the selected strategy at runtime?

e RQ3 (Generic greenhouse construction): how can we
ensure that the system maintains consistency during con-
struction to accommodate possibly missing elements?

Uhttps://www.w3.org/OWL/

IV. SELF-ADAPTIVE ARCHITECTURE

This section describes the methodology used to develop a
self-adaptive architecture to optimise plant watering, shown in
Figure 2. The architecture consists of several key components
that work together to monitor plant health, adapt their states
at runtime, and determine the optimal watering strategy.

a) Data Collector: The Data Collector is responsible
for gathering real-time data from various sensors placed in
the greenhouse. These sensors monitor, e.g., soil moisture,
temperature, humidity, and light intensity. The collected data is
stored in a centralised time-series database for further analysis.

b) DT Orchestrator: The DT Orchestrator manages the
DTs of the greenhouse. With SMOL, it creates and maintains a
digital representation of the system’s physical components and
their interactions. Using data from the Data Collector, the DT
Orchestrator ensures that each component accurately reflects
the current state of its physical counterpart. It triggers dynamic
adaptation of plants based on the collected sensor data and the
adaptation conditions specified in the ontology.

The adaptation process involves reclassifying plants into
different states (e.g., thirsty, moist, overwatered) based on
the moisture sensor readings. This reclassification process
allows the DT Orchestrator to make informed decisions about
the appropriate watering strategy for each plant. Plant states
are discretised based on the adaptation conditions defined
in the ontology. While the current implementation focuses
on the moisture sensor, the system can be extended with
other sensors, such as temperature and light intensity, to
refine the state classification and improve the accuracy of the
watering strategies. The current choice of constraints stems
from the limitation of the current physical setup, which only
includes moisture sensors. Compared to predictive models, the
declarative approach allows for better explainability of the
system’s decisions based on ontology reasoners.

The orchestrator further implements the watering strategies
by applying the appropriate watering strategy to each plant.
The strategy is defined in a configuration file for better
flexibility and customisation at runtime. The configuration is
initially defined with three different strategies: conservative,
aggressive, and default, with the possibility of extending it at
runtime. Each strategy determines the amount of water to be
delivered to plants according to their classified states.

¢) Pump Actuator: The Pump Actuator is responsible for
manipulating the water pumps, to deliver the specified amount
of water to each plant. It executes watering commands, based
on the time specified in the watering strategy provided by
the orchestrator. The Pump Actuator ensures that the watering
process is efficient and minimises water wastage.

d) Message Broker: The Message Broker facilitates com-
munication between the components of the Self-Adaptive
Architecture, using a publish-subscribe model to transmit mes-
sages between the Data Collector, DT Orchestrator, and Pump
Actuator. This decoupled communication not only allows for
scalability and flexibility in the system, but also distribution
as the orchestrator that contains the program logic need not
reside on the same machine as the collector and actuator.
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Fig. 1: Representation of the physical configurations of greenhouse-1 (a), greenhouse-2 (b), and the core Knowledge Base that
integrates the different components (c). The elements in italic are optional, and can be missing in one of the two greenhouses.

V. PHYSICAL AND DIGITAL TWIN LIFE CYCLES

The operational control of a greenhouse PT by the DT can
be seen as a state machine. Figure 3 shows how both external
and internal events can trigger state changes in DT behaviour.

The DT starts with the Load KB state in which the KB,
modelled using an ontology, is loaded into the DT which is
not yet aware of the PT. The DT then enters the Unbound
composite state in which the DT prepares for the possibility
of linking with the PT. In this composite state, the DT goes
through validation and update of the KB upon user input.
There are two possible ways to enter this composite state.
The first entry is the unconditional transition from Load KB
to Check Validity in which the validity of the KB is checked.
The DT cannot work with an invalid KB and therefore exits
if the KB is found to be invalid. A valid KB transitions the
DT into Standby state in which it can receive two user inputs,
namely updates to the KB and a watering strategy. Requests to
update the KB go through a sequence of states, namely Check
Consistency, Reject Update and Update KB. The conditional
check on the maintenance of KB consistency leads to an
update of the KB; otherwise, the update is discarded. The

Standby state can also respond to availability of the PT. The
PT active event is sent by the PT when it is ready to be linked
with this DT. This event comes with information about the PT
configuration which typically consists of its network identity
(IP address / hostname), physical setup details. The details
shown in Figure 1 must be sent through this event.

The DT exits the Unbound composite state when it receives
the PT active event and enters the Bind state, which checks
the information received in the PT active event and verifies
against the current KB. If the PT configuration is found to
be compatible with the KB, the DT binds the appropriate
model to the PT and sets up the duration of the control
cycles. If the PT configuration is incompatible with the KB,
the DT rejects the binding request and returns to Standby
state. Otherwise, it proceeds to the Entangled composite state,
and starts the monitor cycles. Each monitor cycle consists of
sensing the PT, analysing the sensed data, and planning the
next actions. If sensor data can be accessed, the DT proceeds
to the watering action, following the defined strategy. If not,
the DT falls back to the Standby state without performing any
action. After performing the watering action, the DT returns
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Fig. 2: Software architecture for the greenhouse implementation.

to Monitor state to wait for the next monitor cycle, or ends the
entanglement by going to the final state with stop DT event.

VI. VALIDATION

We present experiments to validate our approach and detail
the different aspects of the self-adaptive architecture used.

A. Experiment Setup

To properly perform tests safely and address RQ1, we con-
structed a sandbox test environment. This setup incorporated
an ontology reflecting the current status of greenhouse-2, along
with additional components currently utilised in greenhouse-
2. The aim was to capture a snapshot that could reflect as
closely as possible the situation from both greenhouses. The
requirement for a self-contained testing environment stems
from the necessity to modify parameters and data in the
time-series database without affecting the live system. This
approach ensures the correctness of the results while main-
taining isolation from production. We utilised values from
previously recorded data and replayed them within the testing
environment. This was done to maintain data consistency.

We use a Python script to automate the data writing, capture
the resulting information and compare it with the expected
ones from Table I. This approach allows us to automate the
testing process and verify the correctness of the results.

Additionally, we have physical greenhouses that can be used
for analysis and inspection of the collected data.

TABLE I: Watering strategies for the plants in the greenhouse.

Durations
name thirsty moist overwatered unknown
aggressive 8 3 0 3
conservative 3 1 0 1

default 5 2 0 2

B. Results

To answer RQ1, we checked the duration applied by the
watering strategy with the values for the default strategy
shown in Table I. To verify the correctness of the system with
all the possible combinations of values, we set up a time-
series database with values that capture different states for the
plants. As shown in Table II, the system was able to classify
the plants into the correct state based on the input moisture
value and assigned the appropriate watering strategy.

To answer RQ2 we use historical data collected from the
greenhouse-2. We focused on the data collected for one plant
and traced the watering strategy corresponding to the classified
state. As shown in Figure 5, the state of the plant and, accord-
ingly, the strategy applied, varies significantly depending on
the water supplied. In the later part of the measured moisture
trajectory, the plant was watered more often manually to keep
the plant moist. In this sense, the state remained more stable
in the moist area, leaving the plant state to be moist.

To answer RQ3, we followed a methodology of “generic
by construction”, where we apply consistency checks only
on required elements. This is enforced in SMOL by allowing
non-required attributes to be nullable. Thus, we can set the
missing components to null and focusing only on the one in
use. Since SMOL uses ontologies and semantic lifting, we can
leverage the OPTIONAL keyword inside the SPARQL queries,
as shown in Fig. 4. While the proposed approach supports

TABLE II: Test of the different plants with the corresponding
duration given by the default strategy. In the table, expected
and actual values represent the number of seconds for which
the pump will be turned on to water the plant.

Plant ID  State Expected Value (s) Actual Value (s)
1 overwatered 0 0
2 thirsty 5 5
3 moist 2 2
4 thirsty 5 5
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Fig. 3: State diagram illustrating the operations of a greenhouse digital twin.

_ SPARQL

I SELECT ?pumpChannel ?actuatorId ?modelName
?pumpLifeTime ?temperature {

?pump a :Pump ;
4 :pumpChannel ?pumpChannel ;
5 ractuatorId ?actuatorId .
OPTIONAL {
?pump :modelName ?modelName .
}
OPTIONAL {

10 ?pump :pumplifeTime ?pumpLifeTime .
! }

Fig. 4: Example of SPARQL query that leverages OPTIONAL
elements when constructing Pump objects in SMOL.

flexibility and adaptability by accommodating different con-
figurations in our experiments, it may not be able to capture
all possible greenhouses; in fact, the structure of the under-
lying physical system must be expressible in the ontology.
Otherwise, errors may potentially occur in the construction of
the runtime KB for greenhouses with a deviating structure,
and, in the worst case, in the execution of the system.

C. Discussion

The self-adaptive process improves the reliability and cor-
rectness of the model by providing formal guarantees using
semantic reflection in SMOL. However, these guarantees come
at a cost in performance: the construction and adaptation of
the runtime KB impose an overhead on overall execution
time. Overall, the overhead of the semantic lifting process is
acceptable in the context of greenhouse management, where
changes in plant states and environmental conditions typically
occur over longer periods. However, it is important to consider
the implications of scalability when using semantic lifting [23],
as the overhead can increase with the size and complexity of
the KB. As more entities and relationships are added to the
model, the processing time may increase, potentially limiting
the scalability of the system in larger and more complex
greenhouses with a large number of plants and sensors. In
this regard, we trigger the dynamic reclassification process
only when the watering control is being processed. This limits
the lifting process to the specific moment when it is actually
required, improving the overall performance of the system

at runtime. This poses, nevertheless, an interesting aspect in
dealing with performance and correctness to obtain a system
that can balance both aspects in the resulting system.
Furthermore, our approach is developed to be as generic
as possible, leveraging SPARQL queries to ensure the correct
execution of the system under different structural configura-
tions. This further allows us to keep our system extensible and
adaptable to different greenhouses. In this regard, the use of
ontologies and semantic lifting provides a solid foundation to
build upon, allowing for future extensions and adaptations as
needed. Further work can be done in this direction to ensure
the system can handle a wider variety of configurations and
structures, extending its applicability and robustness.

VII. CONCLUSION AND FUTURE WORK

In this paper, we proposed a self-adaptive architecture
for DTs to automate greenhouse management. We applied a
generic approach to make our system extensible to different
categories of PTs, and tested our architecture with different
environments to show the reliability of the methodology.

Our approach shows promising results, both in adapting
to different greenhouses and in adapting states correctly. The
separation of concerns between the generic digital twin archi-
tecture and the knowledge base, which captures the necessary
domain knowledge about the plants and the structure of the
greenhouse, simplifies the construction of the self-adaptive
capabilities of the greenhouse, and enables the adaptability
and extensibility of the proposed digital twin solution. So far,
we have only tested automated management for the watering
process. In future work, we plan to use nutrient sensors in
conjunction with an additional cannister to manage nutrient
delivery to plants. While creating optional components in the
KB allows us to capture both greenhouses within the same
structure, we want to explore a more granular approach that
could allow us to ensure a proper generic structure that can
be adjusted with completely different categories of PT.

Finally, we already mitigated the overhead introduced by
the semantic lifting process for architectural and behavioural
self-adaptation. Further improving the overall efficiency of
the underlying implementation could expand the potential
applications of our system towards real-time systems. We plan
to address these aspects to further improve the scalability and
range of components available for the DT.
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Fig. 5: Soil measurements for a plant in greenhouse-2 with the respective water strategies.
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