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Abstract: Digital twin (DT) is one of the key concepts of the fourth industrial revolution (Industry
4.0). A DT is a data-driven, digital replica of a real-world object or environment, including all the
states and behaviour of the real-life counterpart. Based on research across multiple domains, DTs
show great potential to improve both efficiency and sustainability. In addition, a DT is able to remove
key constraints of human observations and interactions. Yet, the technology is still in its infancy. Thus,
this article presents a literature search across five different databases focusing on suitable approaches
for data coupling and the stages of DT implementation integration with Industry 4.0 technologies.
The review process follows the systematic literature review (SLR) methodology. The selected articles
cover a wide range of DT implementations across the agricultural industry, ranging from arable
farming to aquaponics. Findings include identification of the stages needed to create the DTs, the
data coupling processes, and how Industry 4.0 technologies (e.g., cloud-based technologies, IoT, and
AI subfields) are integrated. Findings presented in this article will support others in the design of
DTs and integration of Industry 4.0 technologies for agricultural greenhouses.
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1. Introduction

The world population is growing; estimations show that by 2050, there will be more
than 9 billion people living on the Earth [1]. Moreover, due to urbanisation, 66% of the
world population will live in cities. This will lead to numerous challenges concerning
housing and food production. As the population grows, but the available area does
not, agricultural practice needs to be able to produce more food with fewer resources.
Thus, the need for efficient food-production systems is apparent. One possible method
of gaining more efficiency lies in precision agriculture. The aim of precision agriculture
is to use temporal and spatial information of field or animal produce in order to improve
the productivity of the farm [2]. A growing area of technology to achieve this is through
virtualisation of all the objects on a farm. For the virtualisation, a digital twin can be
used [3]. Digital twins (DT) offer a novel way of representing a physical object or system
in a digital environment. A DT is a data-driven, digital replica of a real-world object or
environment, which can be used for decision support and systems analysis [4]. Once a DT
is created, the application can be linked to the real object/environment using the Internet of
Things (IoT). With this link, a DT is able to replicate the states and behaviour of the physical
object in a digital environment [5]. This removes key constraints about human observations
(time and place) since the observation can be done in the digital environment [3,6]. For
instance, these observations can be achieved by means of augmented or mixed reality, as
outlined in our previous work in [7]. The human collaborative process can be enhanced
when using additional technologies such as data analytics, machine learning, artificial
intelligence, and automation. This could lead to a learning and adapting DT, which can
make choices based on simulated scenarios and data from the past [8] (with the main
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difference between simulations and DTs being the bi-directional communication). The DT
and the physical object communicate during their life span, for instance, updating values
based on actual measurements [9].

DTs are currently employed across a wide variety of disciplines for diverse applications.
In the manufacturing industry, for example, DTs are used for production planning and
design, maintenance, product lifecycle, manufacturing, layout planning, and process
design [10], whereas in the energy sector, the approach is used to forecast the life expectancy
of wind turbines [11]. Further, DTs are readily used to evaluate the ergonomics of the
workplace, detecting the welding completeness and automated cybersecurity testing in the
automotive industry [7,12–14], and in the healthcare domain, as detailed by Du, et al. [15],
who implemented DTs resulting in an increased accuracy, recall, and F1 score of stem
cell detections.

In addition to outlining four categories of DT, Verdouw, et al. [3] identified five main
classes for use cases in agriculture, including energy consumption analysis, system failure
analysis and prediction, real-time monitoring, optimization/update, and a technology
integration tool. However, ref. [16] only identified two case study examples that described
the application of DTs in greenhouses.

A greenhouse, according to Stanghellini, et al. [17], is a permanent cover structure
for crops, is tall enough to enter, and has some means of controlling the environment.
Greenhouses are used to protect crops from the outside environment to ensure good crop
yield even if conditions are harsh. More advanced greenhouses (high-tech) are equipped
with computer-controlled environmental control, consisting of a network of actuators
and sensors. When placed in a temperate climate (e.g., the Netherlands) these high-tech
greenhouses consume a great deal of energy to control the indoor climate [18]. In order
to save energy, a wide variety of equipment is used, i.e., heat exchangers, aquifers, and
windows for natural ventilation. During daily operation, decisions need to be made about
the use of this equipment [19]. As previously highlighted, DTs are used to perform energy
analysis and are able to assist in the decision-making process. Therefore, it is possible to
infer that these two applications of DTs seem to be ideal for greenhouses.

Based on the aforementioned discussion, this research aims to provide an overview of
what technologies are used for the creation of an agricultural DT for greenhouses. There
are other works focusing on this topic; for example, Ariesen-Verschuur, et al. [20] provided
a comprehensive review of DT applications in greenhouse horticulture. Their approach
focused on applications of DT technology. However, the research in this article, instead
presents findings on suitable approaches for data coupling, the stages of DT implemen-
tation, and Industry 4.0 technologies. To achieve this, a literature search on DTs was
conducted focusing on DT implementation and Industry 4.0 technology. As such, the
following research questions were defined to gain a clear overview of the state-of-the-
art DT application in agriculture. (1) What data are typically coupled to agricultural digital
twins? (2) What are the stages of implementation for creating a digital twin in scientific litera-
ture? (3) What Industry 4.0 technologies could be implemented in a greenhouse DT? (3a) What
cloud-based technologies are implemented? (3b) What AI subfields are used alongside a DT?

The remainder of this article is as follows. Section 2 provides a background discussion
on DTs and their categorization. Section 3 outlines the methodology employed for the
literature search, and Section 4 presents the evaluation of related articles. The article is
concluded in Section 5.

2. Background

Based on the investigation by Verdouw, et al. [3], six categories of DTs were identified,
namely (i) monitoring, (ii) predictive, (iii) prescriptive, (iv) autonomous, (v) imaginary, and
(vi) recollection. Monitoring DTs visualise the current and historic behaviour and state of
the object or environment that it replicates. The digital representation is based on sensor
data and a meta model. Typically, these sensor data are enriched with external data to
further enhance the virtual representation. Predictive DTs go a step further: instead of
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showing the current or the past state, it shows the (possible) future state. Similar to the
monitoring DTs, current and historic sensor data are employed. However, these data serve
a prediction model to generate the future state of the real-world object or environment.
A prescriptive DT shows the effect of certain interventions on the future DT, and these
interventions are conducted in the present DT. An autonomous DT operates independently
and does not need any intervention by humans; it has full control over the real-life object.
An imaginary DT describes an object that does not yet exist in real-life, and this includes
information needed to create the object. Recollection DTs store all the historical data of the
physical object; therefore, this type of DT is also referred to as the digital memory. These
historical data can be used to improve the next generation of objects [21].

2.1. DT Interventions

Additionally, there are typically two types of interventions: (i) reactive and (ii) proac-
tive [3]. Reactive interventions address a current problem found within monitoring DT
solutions; an example could be that the current temperature in a greenhouse is too high. A
proactive intervention is based on problems identified by a forecast generated by the pre-
dictive DT. For instance, the predictive DT predicts that the temperature in the greenhouse
will be too high in three hours.

The prescriptive DT provides information and insight into the different interventions
and what the effects are, yet the final decision is still taken by a human operator, and the
intervention is executed in the physical world. This is not the case for the autonomous DTs,
which have full control over the object without human interventions. The outcome of the
prescriptive DT (intervention) is remotely implemented using the actuators of the real-life
object or environment.

Moreover, autonomous DTs can be enriched with self-learning, where embedded
algorithms evaluate the results of the suggested interventions [22]. The complex interactions
between the different DT types and a greenhouse are visualised in Figure 1. Within the
diagram, the coloured nodes (yellow, red, green, blue) are specific to the different DTs, and
the black nodes are common across all DT types. The diagram is inspired by articles by
Verdouw et al. [3,16].

2.2. DT and Industry 4.0

Both according to industry and academia, DTs are finding a footing as one of the key
technologies within the fourth industrial revolution (also known as Industry 4.0) [23]. For
example, Hofmann and Rüsch [24] identified the following Industry 4.0 concepts based on
their systematic literature review (SLR): cyber-physical systems (CPS), Internet of things
(IoT), internet of services (IoS), and smart factory. CPS are systems that connect the virtual
and physical world together on a network base; some DTs, therefore, could be considered
as CPS. IoT is a mainstay technology within the Industry 4.0 domain. One of the more
general definitions of IoT is an environment in which objects, using (relatively) small
devices that are connected to the internet, can be turned into smart things [25]. This also
leads to the concept of IoS, which refers to the service society that we live in these days
and making these services more readily accessible through the internet. Smart factory
combines the power of the previously mentioned concepts (CPS, IoT, and IoS). A smart
factory is based upon decentralised production where human, resource, and machine
communicate seamlessly.
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At the time of conducting this investigation, no literature review articles were found
that focussed on the technologies, data, or the development of (specifically) greenhouse
DTs. However, Pylianidis, et al. [4] conducted a literature review on the application of DTs
in agriculture focusing on the potential of the DT in agriculture. The authors concluded that
most DTs were still in their primary stage, and therefore, the DTs did not yet offer the same
benefits as found in other domains. Furthermore, they suggested starting implementing DTs
with simpler functionalities and gradually adding more complex parts. Verdouw, et al. [3]
analysed what DTs can contribute to the advancement of smart farming. They defined the
concept and introduced a typology of DTs based on literature. In addition, they proposed
a conceptual framework for the implementation and design of DTs. This framework was
validated and applied in a case study. Based on the study, they defined a DT as a dynamic
representation of a real-life object that mirrors its states and behaviour across its lifecycle.
This application can be used to monitor, analyse, and simulate current and future states of
and interventions. Further, this can involve the use of data integration, artificial intelligence,
and machine learning.

Furthermore, Sreedevi and Santosh Kumar [26] found a variety of applications of
DTs in agriculture based on ten articles. Based on the knowledge they gained through the
review, they discussed how the application of similar techniques was to be applied in a
case study on aquaponics.

Following this discussion, in the following sub-section, a literature review of DTs in
the agricultural domain was provided first by selecting databases; then, defining the search
strategy, defining the search string, and defining the selection criteria were performed
before the actual search was started. Collecting and selecting papers, quality assessment,
extracting data, and synthesizing data describe the steps performed during the search
for papers.
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3. Materials and Methods

The search for papers for this literature study were conducted over five databases
including Scopus (SC), Web of Science (WoS), Springer Link (SL), ScienceDirect (SD), and IEEE
Xplore (IEEE). The use of this selection of databases provided a comprehensive coverage of
the field, with a focus on journals rather than conference papers. Further, the databases
used were selected based on their relevance to agriculture and the informatics domain.

3.1. Search Protocol

Based on the knowledge gained during the background and related work section,
it became clear that there was a limited number of papers regarding agricultural DTs.
Therefore, to start with, a refined search string was first defined as in (1).

(“digital twin” AND agriculture). (1)

Based on the first retrieved papers, this was later extended to (2).

(“digital twin *” OR digital-twin *) AND (agriculture * OR farm *) (2)

This search string was the basis for all the databases; however, each database has a
specific search string. The selected articles from the database search were used to perform
a snowballing review process. During the process of snowballing, the reference list of the
selected article was reviewed for additional articles. The articles found through this process
were also checked using the selection criteria and quality assessment.

The databases used have different search conventions, and therefore, each database
had a specific search string and specific settings, defined in Table 1.

Table 1. Search protocol.

Database Search String Specific Search Settings

Scopus (“digital twin *” OR digital-twin *) AND
(agriculture * OR farm *)

Done within: Article title,
Abstract, and Keywords.
Document type was set to
article or conference paper

Web of Science (“digital twin *” OR digital-twin *) AND
(agriculture * OR farm *)

Was performed in the topic
(title, abstract, and keywords).

Springer Link “digital twin” AND agriculture AND farm Content type was set to be either
an article or conference paper

Science Direct (”digital twin” OR “digital-twin”) AND
(agricultur OR farm)

Was performed in the search
field: “Find articles with these
terms”. The article type was set
to research articles.

IEEE Xplore

(“All Metadata”: “digital twin *” OR “All
Metadata”: digital-twin *) AND (“All
Metadata”: agriculture * OR “All Metadata”:
farm*)

Metadata include the abstract,
title text, and the indexing
words.

3.2. Selection Criteria

All the found papers were checked based upon pre-defined selection criteria to ensure
only useable papers are selected. If one of the exclusion criteria (Table 2) was true, the
paper was excluded from this study.

Articles were collected from the described databased using the search strings and by
performing snowballing. The list of selected articles was gathered in an excel file, and this
file was later used to keep track of the quality assessment and the data extraction. For each
individual article, the following information was gathered, presented in Table 3.
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Table 2. Exclusion Criteria.

Exclusion If:

The publication is not about the application of a DT in agriculture.
The publication is not written in English.

The publication was published before 2017.
Full text is not available.

The publication is not an article (e.g., survey).
The publication is a duplicate study.

Table 3. Data Extracted.

Data per Article

Authors
Title

Year of publication
Database from which article was retrieved

Data that was used to create DT
The steps taken to create the DT

Cloud-based technologies that were used/linked to the DT
What AI subfields were implemented (what algorithms, if specified)

The articles found through either searching the databases with a search string or
through snowballing were checked against the previously defined selection criteria. Only
the selected articles were used in the following steps of the review.

3.3. Quality Assessment

Next, a quality assessment was performed on the selected papers to ensure their
quality. As proposed in the study of Kitchenham, et al. [27], eight questions were used to
assess the quality and suitability of the articles for analysis, outlined in Table 4.

Table 4. Quality Assessment.

The Eight Quality Assessment Questions

Are the aims of the study clearly stated?
Are the scope and experimental design of the study defined clearly?

Are the variables in the study likely to be valid and reliable?
Is the research process documented adequately?

Are all the study questions answered?
Are the negative findings presented?

Are the main findings regarding creditability, validity, and reliability stated?
Do the conclusions relate to the aim of the purpose of the study?

Articles were scored based on the answer to each question, where 1 point (yes), 0
points (no), or 0.5 points (somewhat) were allocated after review of the article. The highest
achievable score is 8; if an article had less than 4 points (50%), it was excluded from the
study. The awarded score is not necessarily a complete reflection of the quality but rather
the suitability for this investigation.

3.4. Data Extraction

Relevant data from the selected papers were extracted in order to answer the research
questions. This was achieved by reading all papers in full and writing down the useful
information. The data were gathered in a spreadsheet file to obtain an overview of the
whole study.
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3.5. Data Synthesis

The data collected during the extraction were diverse and needed to be synthesized
to gain a holistic overview. This means that, per research question, umbrella terms were
used to categorise the different answers of different articles. The defined umbrella terms
per research question can be found in Table 5 below.

Table 5. Research Question and Umbrella Terms.

Research Question Description

1 Outdoor climate, indoor climate, soil,
plant/crop, animal, water, images, machines, other

2 Textual, mathematical/physics, agent network, digital model,
3D model, linking data, simulation, cloud interaction

3, 3A, and 3B
Database, interface, API, communication, computation,

computer vision, machine learning, deep learning,
neural network

4. Results

After checking the selection criteria and applying the quality assessment (Figure 2),
22 articles were selected and used in the literature study (see Table 6). The findings
are discussed in the following sub-sections, where the research questions are employed
as headers.
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Table 6. Selected Articles for Review.

Citation Title

Pylianidis, et al. [4] Introducing digital twins to agriculture
Verdouw, et al. [3] Digital twins in smart farming

Laryukhin, et al. [28] The multi-agent approach for developing a cyber-physical system
for managing precise farms with digital twins of plants

Moshrefzadeh, et al. [29] Towards a distributed digital twin of the agricultural landscape

Chaux, et al. [9] A digital twin architecture to optimize productivity within
controlled environment agriculture

Jans-Singh, et al. [30] Digital twin of an urban-integrated hydroponic farm
Angin, et al. [31] Agrilora: A digital twin framework for smart agriculture

Tekinerdogan and
Verdouw [8]

Systems Architecture Design Pattern Catalog for Developing
Digital Twins

Ghandar, et al. [32] A Decision Support System for Urban Agriculture Using Digital
Twin: A Case Study with Aquaponics
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Table 6. Cont.

Citation Title

Machl, et al. [33] Planning Agricultural Core Road Networks Based on a Digital
Twin of the Cultivated Landscape

Kampker, et al. [34] Business Models for Industrial Smart Services—The Example of a
Digital Twin for a Product-Service-System for Potato Harvesting

Monteiro, et al. [35] Towards Sustainable Digital Twins for Vertical Farming
Jo, et al. [36] Smart Livestock Farms Using Digital Twin: Feasibility Study

Alves, et al. [37] A digital twin for smart farming

Ahmed, et al. [38] Digital Twin Technology for Aquaponics: Towards Optimizing
Food Production with Dynamic Data Driven Application Systems

Skobelev, et al. [39]
Development of Digital Twin of Plant for Adaptive Calculation of

Development Stage Duration and Forecasting Crop Yield in a
Cyber-Physical System for Managing Precision Farming

Foldager, et al. [40] Towards a Digital Twin—Modelling an Agricultural Vehicle

Skobelev, et al. [41]
Development of models and methods for creating a digital twin

of plant within the cyber-physical system for precision
farming management

Skobelev, et al. [42] Multi-agent approach for developing a digital twin of wheat
Neethirajan and Kemp [43] Digital Twins in Livestock Farming

Jo, et al. [44] Energy Planning of Pigsty Using Digital Twin

Howard, et al. [45] Data Architecture for Digital Twin of Commercial
Greenhouse Production

4.1. What Data Is Typically Coupled to Agricultural Digital Twins?

In total, the articles used data regarding 52 different parameters. These different
parameters were categorized under the aforementioned nine umbrella terms to gain a
better overview. Figure 3 displays the data groups used per article; if at least one parameter
of a certain group is used, the square is black. In addition, this Figure 3 visualises the
number of times groups are used together in one article. The single most used group is
“outdoor climate”, which is used by twelve articles [3,8,9,28–31,39,41,42,44,45].
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For example, Skobelev, et al. [42] used temperature, humidity, and precipitation data
in their wheat growth model. The least-used category is “animal”; this was only used by
two articles. Neethirajan and Kemp [43] suggested using animal body temperature when
creating a DT of a livestock farm, and Moshrefzadeh, et al. [29] used animal GPS data in their
design of a distributed digital twin. The most co-occurring groups are “soil parameters”
and “outdoor climate”; seven articles use these two groups together [3,28,29,31,39,41,42].
Articles contained an average of 5.2 different types of data, belonging to an average
2.6 groups.

4.2. What Are the Stages of Implementation for Creating a Digital Twin in Scientific Literature?

The stages were grouped under the aforementioned different umbrella terms. Articles
that used the textual stage explicitly stated that the initialisation process involved a written
model. For example, Monteiro, et al. [35] specifically stated they used a goal-orientated
requirements language model. The articles that used mathematics/physics used equations
defining the interaction of the model. The digital model stage is where software (often not
stated) was used to conduct the calculation or visualisation process. The linking data stage
involves gathering data and linking to the model.

The identified stages and their links are visualised using a chord diagram in Figure 4.
As can be seen, the groups “textual and mathematics/physics” are often the starting stage,
with no arcs going ending at these nodes. Simulation and cloud interaction were often the
end of the research, with no arc leaving these nodes. The stage that was most often used is
the link data stage. This is a logical consideration based on the fact that most of the DTs are
data-based.
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Out of the 22 articles, 3 did not specify if they used any cloud-based technolo-
gies [4,8,36], and the other 19 articles used at least one type of cloud-based tech. Some
articles also used multiple cloud-based technologies, and this is why the sum of the number
of articles in Table 7exceeds the total number of articles (22). An example of a DT that
uses multiple cloud-based technologies can be found in the article of Alves, et al. [37]. The
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authors developed a framework for a DT of an agricultural field. Since the field would
be at a remote location, communication passes through the cloud, data would be directly
stored in the online database, and the online interface gives the user a clear overview of the
gathered data.

Table 7. Number and percentage of papers using certain cloud-based technology.

Cloud-Based Technologies # of Articles Percentage of Articles

Database 15 68%
API 8 36%

Interface 6 27%
Communication 4 18%

Computation 2 9%

4.3.2. What AI Subfields Are Used Alongside a DT?

Just over half of the selected articles (12) specified the use of an AI subfield in their
research. Table 8 shows the number of articles that used a specified subfield, and three
used multiple subfields. A combination of deep learning, computer vision, and neural
networks was used to create a DTs framework for precision agriculture. This was based on
IOT and real-time cloud-based data integration [31]. Tekinerdogan and Verdouw [8], for
example, defined multiple architecture design patterns, and the digital matching pattern
specified that machine learning or deep learning is typically used for object recognition or
classification. In their feasibility study of a DT of livestock farm, Jo, et al. [44] used machine
and deep learning for their modelling and analysis.

Table 8. AI Subfields in Selected Articles.

AI Subfield # of Articles

Machine learning 10
Deep learning 3

Neural network 2
Computer vision 2

4.4. Discussion

This literature study showed that there is a wide variety of applications of digital
twins across the agriculture domain. Articles focussed on the livestock farming, using DTs
to reduce energy cost [44], monitoring feed uptake of animals [43], or even improving their
living condition [36]. In their article, Laryukhin et al. [28] described the cyber-physical
multi-agent system (CP MAS) architecture. A similar approach was also adopted to
incorporate into a DT to predict the growth, based on stages, of wheat plants in a field
in articles [26,39,41]. These articles described gathering data in the field, which was also
described in detail by Alves et al. [37].

Further, multiple articles discussed the application of DTs in aquaponics. Ref. [38]
defined a cyber-physical system for aquaponics based on IoT. They used a virtual system to
validate and implement their system, whereas [32] used a real-life aquarium to implement
their proposed DT as prove of their concept. Something similar was done for a greenhouse
by [9]: they applied their DT on a small, desktop-sized prototype of a greenhouse.

Even though all the articles describe applications of DTs, not all stated the needed
information to answer all the research questions. When an article did not contain the infor-
mation needed to answer a specific research question, no answer was filled in. Especially
for research question 2, this needs to be considered, as often, articles were not implicitly
clear on their process of developing their DT. It is likely that the approaches involved more
steps not included in the manuscripts.

However, a different situation occurred whilst gathering data for research question
1. Laryukhin, et al. [28] stated they used notes from agronomists in the field. These notes
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included data that belonged to multiple groups but also included additional data that were
not specified. This additional data could have been about weather or animals, in which
case it would belong to additional groups.

As can be seen in Table 8, ten articles employed machine learning techniques. For
example, Jans-Singh, et al. [30] used a random forest algorithm to impute missing tempera-
ture data based on outside weather data, the hour of the day, and neighbouring sensor data.
Ghandar, et al. [32] tested three different types of algorithms (linear regression, support
vector regression, and CART decision trees) to predict weekly plant growth and daily fish
growth. However, 8/10 articles that stated using machine learning did not state what
algorithm they used. For example, Jo, et al. [36] stated using machine learning for analyses
and modelling of various kinds, yet it is not clear what exactly they used it for or what
algorithm they employed.

When considering the development of a greenhouse DT, the article by Chaux, et al. [9]
is a suitable starting point. The authors defined an architecture for an DT of a controlled
environment (greenhouse) and tested it on a small prototype. For their DT, they used
outdoor climate data (like the majority of articles) and indoor climate data. In addition to
these two groups, Howard, et al. [45] also used plant data in their designed architecture for
a commercial greenhouse. Depending on if the plants in the greenhouse grow in soil or not,
one might consider using soil data as well.

Alves, et al. [37] showed how this could be done in the field, and the same concepts
can be applied in a greenhouse. From the results in Section 4, the common stages of
implementation are clear. An approach should either start with equations or with a textual
description, but this depends on intended implementation and preference. From there, one
would either create a digital or 3D model and link the selected data to this model. This
digital model could also be an agent-based model. Cloud interaction could be implemented
if wanted/needed, and the use of a database is common (68% of articles). The simulation
aspect of the DT can be added, often in combination with machine learning.

5. Conclusions and Future Work

The database search is the biggest threat to validity of this literature study. The five
used databases were selected based on their relevance to agriculture and the informatics
domain. To the best of the authors’ knowledge, these databases cover the vast amount of the
published articles. However, there could be other literature types that were not included
in this review because a certain database was excluded. Moreover, the defined search
strings could have missed relevant papers. By performing a broad search and looking for
synonyms before defining the final search strings, the authors limited the potential number
of missing papers. In addition, snowballing was performed on the selected papers to find
papers that were not directly retrieved using the search string. By following a predefined
and widely used procedure, the SLR [27], this research is reproduceable when people are in
doubt of the results or want to perform a similar study.

This article gained an overview of the state-of-the-art DT application in agriculture by
performing a literature study. The search query across five different databases resulted in
22 articles used for data extraction. A wide variety of DT application in agriculture was
found, ranging from predicting wheat growth [42] to controlling an aquaponics system [32].
Consequently, a wide variety of data types were used, and eight umbrella terms were
defined: outdoor climate, indoor climate, soil, plant/crop, animal, water, images, machines,
and other. The DTs used outdoor climate data the most (12 articles); this was often used in
combination with soil data (7 articles). The DTs used, on average, 5.2 different data types,
belonging to, on average, 2.6 categories.

The stages of implementation of the DTs were diverse. However, it became apparent
that starting with equations or a textual description of the DT is common. Cloud interaction
or simulation were often the final step of the DTs, and the most used step was linking data.

Out of the 22 selected articles, 3 did not implement any cloud-based technology, while
the other 19 did. Out of the 22 articles, 68% of them used a database for their DT, and 36%
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used an API. Ten articles used machine learning in their DT; however, eight out of these ten
did not specify what algorithm.

Based on all the collected information, we proposed a design for a DT of a greenhouse.
Further research should focus on applying and testing the proposed design. In addition, the
documentation of the development process and design choices of DTs should be improved,
as this ensures that people can recreate and benefit from the research.
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