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Abstract: 
Agriculture 4.0 is an opportunity for farmers to meet the current challenges in food production. It has become necessary to adopt 
a set of agricultural practices based on advanced technologies. Agriculture 4.0 enables farms to create added value by combining 
innovative technologies, such as precision agriculture, information and communication technology, robotics, and Big Data.
As an enterprise, a connected farm is highly sensitive to strategic changes in organizational structures, objectives, modified 
variety, new business objects, processes, etc. To control the farm’s information system strategically, we proposed a metamodel 
based on the ISO/IS 19440 standard, where we added some new constructs relating to advanced digital technologies for smart 
and connected agriculture.
We applied the proposed metamodel to the crop classification prediction process. This involved using machine learning methods 
such as recurrent neural networks to predict the type of crop being grown in a given agricultural area.
Our research bridges farming with modern technology through our metamodel for a connected farm, promoting sustainability 
and efficiency. Furthermore, our crop classification study demonstrates the power of advanced machine learning, guided by 
our metamodel, in accurately predicting crop conditions, emphasizing its potential for crop management and food security. In 
essence, our work advances the transformative role of digital agriculture in modern farming.
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INTRODUCTION
The agricultural sector is an important contributor 

to the Moroccan economy, employing over 40% of the 
population and accounting for nearly 15% of the coun-
try’s Gross Domestic Product (GDP). The farming sec-
tor in Morocco comprises small-scale, family-owned 
farms that produce a variety of crops, including cereals, 
fruits, vegetables, and livestock. The most important 
crops in terms of production and revenue are cereals 
(wheat and barley) and fruits (citrus, olives, and dates). 
Over the past few decades, Morocco has invested great-
ly in the agricultural sector to develop irrigation sys-
tems and promote modern farming techniques. These 
efforts have helped increase productivity and improve 
the quality of agricultural products, which has led to 
greater exports and a stronger economy.

Despite these advancements, the farming sector in 
Morocco still faces challenges, such as water scarcity, 

soil degradation, and the need for greater infrastructure 
development. Nevertheless, the Moroccan government 
continues to prioritize the agricultural sector as a key 
driver of economic growth and development, and there 
is a growing interest in sustainable farming practices 
and organic farming methods.

Digital farming, also known as smart agriculture, is 
a modern farming approach that harnesses the power of 
data, technology, and automation to improve the effici- 
ency and productivity of agricultural practices [1]. Dig-
ital farming involves the use of various tools and tech-
nologies, such as sensors, drones, GPS systems, and data 
analytics, to collect and analyze data about crops, soil 
conditions, weather patterns, and other factors that affect 
agricultural production [2]. 

One of the key benefits of digital farming is its abili- 
ty to provide farmers with real-time, data-driven in-
sights into their farming practices. For example, sensors 
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can be used to monitor soil moisture, plant growth, and  
nutrient levels, allowing farmers to optimize their use  
of water, fertilizers, and other resources. Drones equip- 
ped with high-resolution cameras can also be used to  
provide detailed images of crops, helping farmers iden- 
tify potential problems, such as pests, diseases, and nut- 
rient deficiencies. Digital farming can also help farm-
ers optimize their planting schedules and improve crop 
yields by using data-driven decision-making tools. By 
analyzing data on weather patterns, soil conditions, and  
other factors, farmers can make more informed deci- 
sions about when and where to plant their crops, redu- 
cing waste and increasing yields [3].

Other benefits of digital farming include reduced en- 
vironmental impact, improved crop quality, and increa- 
sed efficiency and profitability. However, digital farming 
also requires significant investment in technology and in- 
frastructure, as well as specialized knowledge and skills.

In this paper, we propose incorporating the ISO 19440  
standard into the agricultural landscape. This can herald 
a new era of informed and efficient farming. By treating 
a farm as an organized enterprise and harnessing the 
power of standardized data modeling and information 
management, the agricultural sector can achieve unpre- 
cedented levels of productivity, sustainability, and col- 
laboration. The principles embedded within ISO 19440 
can be employed to streamline and elevate farm manage- 
ment by providing a structured approach to data mode- 
ling and information management.

Crop classification is an agricultural process that in- 
volves identifying and categorizing different types of 
crops based on their characteristics, such as appearance, 
growth habits, and agricultural practices. Crops can be 
classified in many different ways, including by their:

– use: some crops are grown for human consumption 
(wheat, rice, and corn), while others are grown for 
animal feed or industrial uses (cotton or tobacco);

– growing season: crops can be classified as annuals, 
which complete their life cycle within a single year, or 
perennials, which live for multiple years;

– growth habits: crops can be vines, shrubs, or trees;
– climate requirements: some crops require specific cli- 
matic conditions, such as a certain amount of rainfall or 
temperature range, while others are more adaptable to a 
range of conditions;
– soil requirements: crops have different soil requirements,  
such as pH levels, nutrient content, and drainage; and
– geographic origin: some crops are native to specific 
regions of the world, while others were introduced and 
adapted to new environments.

Crop classification is important for farmers and poli- 
cymakers, as it helps them identify the best practices for 
growing and managing different types of crops, as well 
as understand their potential impact on the environment 
and local economies.

In this study, we aimed to outline a strategic plan for 
navigating the digital evolution of agricultural practices. 
For this, we introduced a model for transformation and 
examined its implications against ISO 19440:2007 “Enter- 

prise Integration” by conceptualizing a farm as a struc- 
tured enterprise. Then, we elucidated the empirical fin- 
dings of our case study involving crop classification 
prediction and scrutinized our methodology. Lastly, we 
deliberated on the originality and practicality of our 
proposed metamodel, as well as proposed potential ave- 
nues for future research.

STUDY OBJECTS AND METHODS
From Agriculture 1.0 to Agriculture 4.0. The digi- 

tal revolution is a societal shift that impacts both our 
personal and professional lives. The incorporation of no- 
vel technologies and the rise of innovative practices have  
fundamentally altered our society, influencing its culture, 
structure, and organization. Recent innovations, such as  
Cloud computing, Internet of Things (IoT), Big Data 
analytics, and Virtual Reality, have gradually become 
integral across various industries [4]. Beyond the mere  
utilization of these novel tools, the convergence bet- 
ween the digital realm and the professional sphere has  
prompted attention to several key aspects: digitaliza- 
tion, communication and collaboration, globalization, 
and competitiveness [5].

This transformation has had a profound effect on 
the agricultural sector, a pivotal player in the Moroccan 
economy. As a result, a new paradigm for farming has  
emerged – one that is interconnected, intelligent, adap- 
table, and community-oriented, with a special emphasis 
on customer involvement.

The evolution of agriculture can be categorized into 
different “Agriculture” eras, ranging from Agriculture 1.0  
to Agriculture 4.0. These eras are characterized by dif- 
ferent stages of technological advancement and signifi- 
cant changes in agricultural practices over time.

Agriculture 1.0 is often referred to as the “subsis-
tence agriculture” era, where manual labor and traditio- 
nal methods were used for farming. This era began aro- 
und 10 000 years ago, during the Neolithic Revolution, 
and lasted until the 19th century.

Agriculture 2.0, also known as the “mechanized agri- 
culture” era, began in the 19th century and was charac- 
terized by the introduction of machines, such as trac- 
tors, seed drills, and threshing machines. This era led 
to significant improvements in agricultural productivity  
and efficiency.

Agriculture 3.0, also known as the “Green Revolu- 
tion” era, began in the mid-20th century and was charac- 
terized by the development of new technologies, such 
as high-yielding crop varieties, synthetic fertilizers, and 
pesticides. This era led to a significant increase in global 
agricultural productivity, enabling farmers to produce 
more food than ever before.

Agriculture 4.0, also known as the “digital agricul- 
ture” era, is the current stage of agricultural develop- 
ment, characterized by the integration of advanced di- 
gital technologies, such as the Internet of Things (IoT), 
artificial intelligence (AI), and robotics [6]. This era is 
focused on increasing agricultural efficiency, reducing 
waste, and improving sustainability through the use of 
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data-driven decision-making, precision farming, and 
other digital agricultural processes [7].

Overall, the transition from Agriculture 1.0 to Agricul- 
ture 4.0 has led to significant improvements in agricul- 
tural productivity, efficiency, and sustainability, enabling 
farmers to produce more food with fewer resources and 
reducе the environmental impact of agricultural practices.

Research methodology. Modeling a connected farm 
based on the ISO 19440 Enterprise Metamodel, which 
views a farm as an enterprise, involves a comprehensive 
approach to integrating technological advancements into 
agricultural operations [8]. This metamodel recognizes  
that a farm functions as a dynamic and interconnec- 
ted entity, encompassing diverse processes such as crop 
cultivation, livestock management, resource allocation, 
and supply chain logistics. By applying the principles 
of ISO 19440, we can represent the farm as a network 
of interconnected systems, where data-driven decision- 
making becomes central to optimizing productivity and 
sustainability. Just as the enterprise model captures in-
teractions between departments and stakeholders, this 
approach acknowledges intricate relationships between 
various aspects of agriculture, enabling the deployment 
of advanced technologies (IoT devices, sensors, and data 
analytics) to streamline operations, enhance resource ef-
ficiency, and ultimately achieve better outcomes across 
the agricultural value chain [9].

A metamodel of a connected farm encompasses seve- 
ral essential perspectives, namely the Process View, Orga- 
nizational View, Objective View, Resource View, and 
Digital View (Fig. 1) [10].

The Process View focuses on various steps and acti- 
vities involved in the operation of a connected farm. It 
includes processes such as crop management, livestock 
rearing, water and energy resource management, environ- 
mental monitoring, and harvesting. The Process View 
aims to identify workflows, dependencies, and interac- 
tions among these processes, ensuring efficient and 
streamlined operations throughout the farm.

The Organizational View delves into the structure 
and hierarchy of a connected farm. It defines the roles, 
responsibilities, and relationships among different stake- 
holders, including farm owners, managers, workers, and  
technicians. This perspective also considers communi- 
cation channels and decision-making processes within 
the farm, ensuring clear lines of authority and effec- 
tive collaboration.

The Objective View outlines the goals and objectives 
of a connected farm. It encompasses both short-term and 
long-term objectives such as maximizing crop yield, op-
timizing resource utilization, improving sustainability, 
ensuring animal welfare, and enhancing overall profita- 
bility. The Objective View provides a strategic frame-
work for decision-making and guides the allocation of 
resources to achieve the desired outcomes.

The Resource View focuses on various resources re- 
quired for the functioning of a connected farm. This in-
cludes physical resources (land, machinery, buildings, 
and infrastructure), as well as human resources (skilled 
labor, technicians, and farm workers). Additionally, it 
considers the availability and allocation of natural resour- 
ces, such as water, energy, and nutrients. The Resource 

Figure 1 Metamodel of a connected farm
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View ensures efficient utilization of resources, whilemi-
nimizing waste and environmental impact.

The Digital View encompasses the technological as- 
pects of a connected farm. It involves the integration 
of sensors, actuators, and other IoT (Internet of Things) 
devices to collect real-time data on various farm para- 
meters such as soil moisture, temperature, humidity, live- 
stock health, and equipment status. This data is then 
processed and analyzed using advanced analytics and 
machine learning algorithms to derive meaningful in- 
sights [11]. The Digital View enables data-driven deci- 
sion-making, precision agriculture practices, and remote 
monitoring and control of farm operations.

With these perspectives, the metamodel of a connec- 
ted farm provides a holistic framework for understan- 
ding and optimizing the complex interplay of processes, 
organizations, objectives, resources, and digital techno- 
logies. It facilitates the design, implementation, and 
management of an intelligent and efficient farm ecosys-
tem that leverages technology to drive sustainable and 
profitable agricultural practices.

The Process View in a connected farm encompasses 
a detailed examination of various steps and activities 
involved in the farm’s operation. It aims to optimize 
workflows, dependencies, and interactions among diffe- 
rent processes to ensure efficient and streamlined opera- 
tions throughout the farm ecosystem.

The Process View identifies and analyzes different 
processes, such as crop management, livestock rearing, 
water and energy resource management, environmental 
monitoring, harvesting, and others. Each process is bro- 

ken down into its constituent activities, tasks, and sub- 
tasks, providing a granular understanding of the farm’s 
operational procedures (Fig. 2).

For example, crop management involves such activi- 
ties as soil preparation, seed sowing, irrigation, fertiliza-
tion, pest and disease control, and crop monitoring [12]. 
The Process View examines the sequence of these activi- 
ties, their interdependencies, as well as inputs and out-
puts associated with each step. This level of detail allows 
farm managers to identify potential bottlenecks, ineffi-
ciencies, or areas for improvement within the crop mana- 
gement process.

Similarly, in livestock rearing, the Process View en- 
compasses activities such as animal feeding, health moni- 
toring, breeding, housing management, and waste man-
agement. By analyzing these processes, farm operators 
can optimize feeding schedules, implement effective 
health monitoring systems, enhance breeding practices, 
improve waste management techniques, and ensure the 
overall well-being of livestock.

The Process View also considers cross-cutting pro-
cesses such as water and energy resource management 
and environmental monitoring. It examines the utiliza-
tion of water and energy resources throughout the farm, 
identifying opportunities for conservation, efficiency 
improvement, and sustainable practices. Additionally, it  
addresses environmental monitoring processes to ensure  
compliance with regulations and to proactively mitigate 
any potential environmental impact.

By understanding and optimizing the processes 
within a connected farm, farm owners and managers 

Figure 2 Process View
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can enhance operational efficiency, reduce waste, im-
prove resource utilization, and ultimately achieve higher 
productivity and profitability. Thus, the Process View 
provides a foundation for continuous improvement and 
innovation, as well as a framework for implementing 
best practices and adopting emerging technologies in 
farm operations.

The Organizational View within a connected farm 
entails a comprehensive examination of the structure, 
hierarchy, and relationships among various stakeholders 
involved in the farm’s operations. It aims to establish a 
clear understanding of roles, responsibilities, and com-
munication channels to ensure effective collaboration 
and decision-making (Fig. 3).

Within the Organizational View, the farm’s structure 
and hierarchy are defined, as well as different positions 
and levels of authority within the organization. This in-
cludes identifying farm owners, managers, supervisors, 
workers, technicians, and other key personnel. By clari- 
fying these roles, the Organizational View establishes a 
framework for accountability and promotes efficient coor- 
dination within the farm.

Additionally, the Organizational View considers re-
lationships among individuals and groups within the 
farm. It examines communication channels, reporting 
lines, and decision-making processes to facilitate effec-
tive information flow and decision-making. Clear lines 
of communication and well-defined reporting structures 
enable timely dissemination of information, quick prob-
lem resolution, and efficient coordination of activities.

The Organizational View also takes into account 
specific responsibilities and tasks assigned to each role  
within the farm. By clearly defining these responsibilities, 
it ensures that every stakeholder understands their role  
in contributing to the overall success of the farm. This 
clarity promotes efficiency, reduces duplication of efforts, 
and enhances productivity across the organization.

Furthermore, the Organizational View encourages  
a culture of collaboration and teamwork within the  

farm. It establishes mechanisms for effective collabora-
tion, such as regular meetings, cross-functional teams, 
and knowledge-sharing platforms. By fostering a colla- 
borative environment, the Organizational View enhan- 
ces innovation, problem-solving, and continuous im-
provement within the farm.

Ultimately, the Organizational View aims to optimize  
the farm’s human resources by aligning roles, responsibi- 
lities, and relationships to achieve the farm’s objectives. 
It promotes a harmonious working environment, empo- 
wers individuals to contribute their expertise effectively, 
and facilitates efficient decision-making processes. By 
ensuring a well-structured and organized farm, the Or-
ganizational View sets a foundation for performing suc-
cessful operations and achieving the desired outcomes.

The Objective View in a connected farm aims to de- 
fine and align its goals and objectives to guide the farm’s  
strategic direction and decision-making processes. It pro- 
vides a framework for setting both short-term and long-
term objectives that are in line with the farm’s mission, 
vision, and values (Fig. 4).

Within the Objective View, the farm’s goals and ob-
jectives are established based on various factors such as  
market conditions, customer demands, regulatory requi- 
rements, and the farm’s unique circumstances. These 
objectives may include maximizing crop yield, optimi- 
zing resource utilization, improving sustainability prac-
tices, ensuring animal welfare, enhancing profitability, 
and adopting innovative technologies.

Short-term objectives focus on immediate targets 
that can be achieved within a relatively short timeframe, 
often in alignment with the current growing season or 
operational cycle. These objectives could include im-
proving irrigation efficiency, reducing pesticide usage, or 
implementing precision agriculture techniques for spe-
cific crops [13].

Long-term objectives, on the other hand, outline broa- 
der aspirations and strategic aims for the farm. These 
objectives may encompass sustainable land management 

Figure 3 Organizational View
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practices, diversification of crop production, adoption of  
renewable energy sources, or implementation of advan- 
ced data analytics for the farm’s decision-making.

The Objective View also involves prioritizing objec-
tives based on their importance, feasibility, and potential 
impact. This prioritization ensures that resources, such as  
time, labor, and capital investments, are allocated effec-
tively to achieve the desired outcomes. By setting clear 
objectives, the farm can focus its efforts and resources 
on areas that contribute most significantly to its success.

Furthermore, the Objective View plays a crucial role 
in measuring and evaluating the farm’s performance 
against the defined objectives. Key performance indica-
tors (KPIs) are established to track progress and assess 
the effectiveness of strategies and initiatives implemen- 
ted to achieve the objectives. Regular monitoring and 
evaluation allow for adjustments, refinements, and iden-
tification of areas for improvement.

By integrating the Objective View into the farm’s ope- 
rations, owners and managers can effectively align their 
decision-making processes with the overall strategic 
goals. This alignment ensures that day-to-day activities, 
resource allocation, and investments are in line with the 
desired outcomes, driving the farm towards long-term 
success, sustainability, and profitability.

The Resource View within a connected farm en-
compasses a comprehensive assessment of various re-
sources required for the farm’s operations. It involves 
an examination of both physical and human resources, 
as well as efficient management and allocation of these  
resources to support sustainable and productive farming 
practices (Fig. 5).

In terms of physical resources, the Resource View 
considers assets such as land, machinery, buildings, in-
frastructure, and other agricultural inputs. It evaluates 
the availability, quality, and suitability of land for dif-
ferent crops and livestock rearing. Additionally, it exami- 
nes the farm’s infrastructure, including irrigation sys-

tems, storage facilities, and equipment, ensuring that 
they are properly maintained and utilized to support effi-
cient farm operations.

The Resource View also addresses management of 
human resources within the farm. It involves assessing 
the skills, knowledge, and expertise of the farm’s work-
force, including skilled labor, technicians, farm wor- 
kers, and management personnel. The Resource View  
aims to ensure that the right people are assigned to the  
right tasks, optimizing productivity and leveraging the 
strengths of individuals within the organization.

Furthermore, the Resource View encompasses the 
availability and allocation of natural resources such as 
water, energy, and nutrients. It considers sustainable prac- 
tices for water management, including irrigation techni- 
ques that minimize water waste and maximize efficiency. 
It also examines energy consumption and explores op- 
portunities for renewable energy sources to reduce the 
farm’s environmental footprint. Additionally, nutrient 
management strategies are evaluated to ensure efficient 
and responsible use of fertilizers and other inputs, mini- 
mizing pollution and maximizing soil health.

Efficient resource management is a key aspect of the 
Resource View. It involves optimizing resources’ utili- 
zation of while minimizing waste and environmental 
impact. This may include implementing precision agri-
culture technologies to precisely apply water, fertilizers, 
and pesticides only where and when they are needed, 
reducing resource waste. It may also involve adopting 
sustainable farming practices that promote soil health, 
biodiversity, and conservation of natural resources.

By analyzing and managing resources effectively, the 
Resource View supports the farm’s overall sustainability 
and profitability. It ensures that resources are used effi-
ciently, reducing unnecessary costs and environmental 
impact. The Resource View also enables farm owners 
and managers to make informed decisions regarding 
investments, resource allocation, and adoption of new 
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technologies, optimizing the farm’s performance and re-
silience in a rapidly changing agricultural landscape.

The Digital View within a connected farm focuses  
on the integration of digital technologies and data- 
driven systems to enhance the farm’s operations and de-
cision-making processes. It encompasses the use of sen- 
sors, actuators, and other Internet of Things (IoT) de-
vices to collect real-time data on various aspects of the  
farm, enabling precision agriculture and intelligent farm  
management [14].

Within the Digital View, a network of sensors is deplo- 
yed throughout the farm to gather data on parameters 
such as soil moisture, temperature, humidity, air quali-
ty, crop growth, livestock health, and equipment status. 
These sensors provide continuous monitoring and gen-
erate valuable data that can be analyzed and utilized for 
informed decision-making (Fig. 6) [15].

The collected data is transmitted to a centralized sys- 
tem or cloud platform where it is stored, processed, and 
analyzed using advanced analytics and machine lear- 
ning algorithms [16]. This data analysis enables the ext- 
raction of valuable insights that can guide the farm’s 
management strategies. For example, machine learning 
algorithms can detect anomalies in crop growth patterns 
or identify signs of disease in livestock, enabling early 
intervention and preventive measures [17].

The Digital View also includes the use of remote mo- 
nitoring and control systems. Farm managers can ac-
cess real-time data and insights through digital dash-
boards or mobile applications, allowing them to monitor 
the farm’s operations, make data-driven decisions, and 
remotely control the farm’s equipment and systems. 
This remote monitoring capability provides flexibility 
and enables timely interventions, even when farm ma- 
nagers are not physically present on-site [18].

Furthermore, the Digital View enables the implemen- 
tation of precision agriculture techniques. With the help  
of GPS technology and mapping tools, farm managers  
can precisely determine the spatial variability of soil and 
crop conditions, enabling the targeted application of re-
sources such as water, fertilizers, and pesticides. This 
targeted approach reduces resource wastage, enhances 
crop yield, and minimizes environmental impact.

The Digital View also encompasses the adoption of 
digital record-keeping systems, farm management soft-
ware, and other digital tools that streamline administ- 
rative tasks, facilitate data organization, and improve 
overall efficiency. These technologies help in tracking  
the farm’s inputs, managing inventories, planning sche- 
dules, and analyzing financial data, leading to better  
resource allocation and improved operational perfor-
mance [19]. By leveraging the capabilities of the Digi- 
tal View, connected farms can achieve enhanced pro- 
ductivity, optimized resource utilization, and improved 
sustainability. The integration of digital technologies 
enables real-time monitoring, data-driven decision-mak-
ing, and automation of the farm’s processes. Ultimately, 
the Digital View empowers farm owners and managers 
to harness the power of data and technology, driving 

innovation and transforming traditional farming prac-
tices into intelligent, efficient, and sustainable agricul- 
tural systems [20].

RESULTS AND DISCUSSION
This study offers an application of the proposed mo- 

del to the agricultural system, employing a case study of 
crop classification that uses IT constructs.

There are several approaches to crop classification 
using machine learning. One of the most common me- 
thods is the use of satellite imagery or drones to capture 
high-resolution images of the area under study. These 
images are then processed using image processing algo-
rithms to extract relevant crop features.

These features are then used as inputs for classifi-
cation algorithms such as recurrent neural networks, 
which classify different crops based on the extracted 
image features. Once the training is completed, the trai- 
ned model can be used to classify new types of crops 
with high accuracy.

Crop classification based on machine learning can 
be used for various applications, including crop mana- 
gement, yield prediction, disease detection, and crop 
growth monitoring. By combining this data with other  
sources of information such as weather and soil data, 
farmers can make more informed decisions to optimize 
their production and yield.

In our study, we aimed to determine the outcome 
of the harvest season, whether the crop would be heal- 
thy (alive), damaged by pesticides, or damaged due to 
other causes.

Below are the basic steps to perform crop classification 
prediction using recurrent neural networks (RNN) [21].

Data collection. We worked with an existing dataset  
that contains information about crops. We started by up- 
loading the data file to the cloud storage location. Then, 
we created a cluster in Databricks by specifying the ap-
propriate cluster configuration such as node type and 
Spark version. Next, we opened a notebook in Data-
bricks by selecting “Create Notebook” in the navigation 
bar. In the notebook, we used commands to explore files 
in the cloud storage location. To load the data, we used 
the “spark.read” command to read the data from the 
cloud storage location and convert it into a Spark Data-
Frame. We also used the “display” command to show a 
preview of the data (Fig. 7).

Data cleaning. Data cleaning and preprocessing in-
cludes data normalization, feature scaling, and data for-
matting.

If there are unique values present in the columns, 
they will reduce dimensionality during subsequent pro-
cessing (Fig. 8).

Using the dataset’s isnull().sum() function, we veri-
fied that there were 233 missing values in the dataset in 
the “number_weeks_used” variable. Therefore, we could 
replace the missing values with the mode of the data. 
Similarly, upon checking for null values, we found that 
there were no null values in our dataset.
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Data preprocessing. Data preprocessing is an essen-
tial step in the data analysis process. It involves prepa- 
ring and transforming raw data to make it ready for analy- 
sis. Here are some common steps in data preprocessing:

Outlier analysis. Outliers were clearly present in  
the “number_doses_week” and “number_weeks_quit” 
columns. Consequently, the next step was to find the  
average value for each column to replace the outlier.

Skewness analysis. We checked the skewness of our 
data using the histogram and observed that all the data 
was normally distributed. Our dataset was now ready to 
be fed into the machine-learning model for classification 
analysis (Fig. 9).

Data splitting. The data can be split into training, 
validation, and test sets.

After preprocessing, we divided the data into trai- 
ning and testing subsets. We adhered to the 80% rule 
for data training and 20% for data testing.

Model training. The RNN model is trained using 
the training data. This involves optimizing the model pa- 
rameters to minimize the prediction error.

The construction of an RNN model begins with the 
initialization of the model’s weights and biases. The in-
put, hidden, and output layers are then added, each with 
its own number of neurons and activation function. The 
model can be built using a deep learning library such as 
TensorFlow or PyTorch.

After the model is constructed, it needs to be com- 
piled with a loss function and an optimizer. The loss 
function measures the difference between the model’s 
predictions and the true values in the dataset. The op-
timizer adjusts the model’s weights and biases to mini-
mize the loss function.

The model is then trained by feeding the training 
data to the model and adjusting the weights and biases at 
each iteration. Training can be performed over multiple 
epochs to improve the model’s accuracy.

After training, the model is evaluated using the test 
dataset. The model’s accuracy is measured using met-
rics such as accuracy, precision, recall, and F1 score.

The Root Mean Square Error (RMSE) is a common-
ly used metric for evaluating the accuracy of a model’s 
predictions. The RMSE measures the square root of the 
average of the squared differences between the predicted 
values and the true values (Fig. 10).

Model testing. The RNN model is tested using the 
test data. This involves evaluating the model’s perfor-
mance on the test set.

Prediction. Finally, the trained model can be used 
to make predictions on new data. Comparing the actual 
data to the forecasts of a model or statistical analysis is  
an important step in evaluating the accuracy and vali- 
dity of the model or analysis (Fig. 11).

When a model or statistical analysis is created, it is 
often used to predict future outcomes or estimate trends 

Figure 7 Crop classification dataset

ID Estimated_
Insects_
Count

Crop_ 
Type

Soil_ 
Type

Pesticide_
Use 
Category

Number_
Doses_ 
Week

Number_
Weeks_
Used

Number_
Weeks_
Quit

Season Crop_
Damage

0 F00000001 188 1 0 1 0 0 0 1 0
1 F00000003 209 1 0 1 0 0 0 2 1
2 F00000004 257 1 0 1 0 0 0 2 1
3 F00155357 448 1 0 2 20 20 11 2 2
4 F00155265 3896 0 1 2 60 48 10 1 2

ID: Unique identifier; Estimated_Insects_Count: Estimated number of insects per square meter; Crop_Type: Crop category (0, 1); Soil_Type: 
Soil category (0, 1); Pesticide_Use_Category: Pesticide use category (1 – never, 2 – previously used, 3 – currently using); Number_Doses_Week: 

Number of doses per week; Number_Weeks_Used: Number of weeks used; Number_Weeks_Quit: Number of weeks since quitting; Season: 
Season category (1, 2, 3); Crop_Damage: Crop damage category (0 = alive, 1 = damage due to other causes, 2 = damage due to pesticides)

Figure 8 Data cleaning
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based on historical data. Once the actual data becomes 
available, it is important to compare the model’s or ana- 
lysis predictions with the actual results to determine the 
accuracy of these forecasts.

If the predictions are close to the actual results, it 
indicates that the model or statistical analysis is reliable 
and can be used for future predictions. If the predictions 
deviate significantly from the actual results, it suggests 
that the model or statistical analysis needs to be revised 
to improve its accuracy.

It is important to note that even the most accurate 
models and statistical analyses are not perfect, and there 
may be unforeseen factors that can impact the actual 
results. Therefore, it is crucial to continue evaluating 
and adjusting the models and statistical analyses over 
time to ensure their ongoing accuracy.Figure 10 RMSE loss over epochs

Figure 9 Skewness Analysis
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CONCLUSION
Our research falls within the domain of digital ag-

riculture. We introduced a metamodel for a connected 
farm, drawing inspiration from the ISO/IS 19440-2007 
standard. This metamodel conceptualizes a farm as an 
enterprise encompassing four fundamental views (pro-
cess, objective, organizational, and resource views) in 
addition to the digital view. In this framework, a farm is 
not merely a traditional agricultural operation but rather 
an integrated entity that seamlessly incorporates digital 
technologies. By considering these five interconnected 
views, we provided a comprehensive and holistic under-
standing of modern farming practices, where data-dri- 
ven decision-making and digital tools play a pivotal role 
in optimizing agricultural operations, resource manage-
ment, and sustainability.

Furthermore, our metamodel serves as a foundatio- 
nal blueprint for the development and implementation 
of smart farming systems. It enables farms to harness 
the power of data analytics, remote sensing, and au-
tomation to enhance crop yields, improve resource 
efficiency, and reduce environmental impacts. By em-
bracing the digital view alongside the traditional busi-
ness perspectives, farms can adapt to the evolving 
agricultural landscape, ensuring long-term viability and 
resilience in an increasingly technology-driven world.

Our case study delves into crop classification, offe- 
ring a ground-breaking solution for predicting the con-
dition of crops within a dataset. This predictive model 
differentiates between healthy crops, those damaged by  
pesticides, and those affected by other factors. Our meta- 
model, which harnesses recurrent neural networks, con-
sistently delivered a Root Mean Square Error of less 
than 0.1, an impressive result with a dataset of over 
2,210 rows. Our research underscores the potential of ad-
vanced machine learning techniques in revolutionizing 
crop management and ensuring food security.
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