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Abstract: As the global population expands, the demand for increased food production necessitates a corresponding
rise in agricultural productivity. Smart farming presents a transformative solution by leveraging advanced technologies
such as the Internet of Things (IoT), Cloud Computing, and Artificial Intelligence to optimize resource management and
enhance productivity. These technologies enable the collection of vast amounts of data from diverse sources like weather
stations, sensors, cameras, and smartphones. This data is crucial for decision support systems that provide actionable
insights to improve farm management. However, smart farming faces significant challenges in managing and utilizing
the massive volumes of data generated. A primary hurdle is the heterogeneity of agricultural data in terms of format,
structure, and semantics, which complicates data integration and hinders effective communication between different
systems. The lack of standardized protocols limits the seamless exchange of information among devices, software, and
services within the smart farming ecosystem. These obstacles impede data sharing and collaborative service delivery,
ultimately hindering the adoption and success of smart farming platforms. To address these challenges, this study
employs theAnalytic Hierarchy Process (AHP) to systematically evaluate and prioritize the key requirements for designing
effective smart farming platforms. This study provides a structured framework for prioritizing essential requirements to
enhance smart farming platforms. Addressing these prioritized requirements will facilitate the integration of diverse data
sources, improve interoperability, and promote effective data-sharing practices. Ultimately, this will lead to increased
productivity and efficiency in modern agricultural systems, meeting the growing global demand for food production.
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1. Introduction
Food production must rise by 70% by 2050 to accommodate the anticipated dramatic global population growth

[1]. This surge in population necessitates enhanced agricultural productivity, considering resource limitations and the
profitability of farms [2].
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Smart farming, commonly known as the fourth agricultural revolution, utilizes digital technologies to optimize the
management of agricultural inputs such as pesticides, fertilizers, and animal feed. This approach helps to lower costs,
reduce waste, minimize labor, and promote sustainable environmental practices [3, 4]. In smart farming, key technologies
play distinct roles; the Artificial Intelligence (AI) would enable data-driven decision-making by processing large datasets
and identifying patterns, while the Cloud Computing (CC) offers scalable, on-demand storage and computational power
for handling extensive data, and the Internet of Things (IoT) connects sensors and devices to capture real-time information
across the farm environment.

In 2020, the global market of smart farming was valued at USD 13.8 billion, reflecting farmers’ increasing demand
for solutions that improve livestock production, enhance crop yields, and decrease management costs. This market is
projected to grow to USD 22 billion by 2025 [5]. Smart farming generates vast amounts of high-resolution, real-time
data from different sensors and systems, covering various farming aspects such as crop growth, livestock health, soil
conditions, and environmental aspects [6]. The data which includes spatial imagery, time series, and observations can be
refined to eliminate inaccuracies and transformed into specific recommendations aimed at enhancing farm productivity
[6, 7].

Technologies such as IoT, AI, and CC are fundamental in generating and analyzing the data necessary for smart
farming [8]. However, data integration, as well as utilization of processes and regulations remain as major obstacles
[9]. These obstacles include limited digitalization awareness, the need for standardized data analysis methods, privacy
and security concerns. The absence of standardized practices and effective management strategies to handle diverse and
fragmented data throughout the smart farming ecosystem, as well as the lack of uniform policies and regulations [9–12],
are also concerning. Addressing these challenges is essential to reach the full potential of smart farming.

Several platforms have been developed to address some of the challenges of smart farming. For example, an
IoT-based platform called SmartFarmNet [2] automates the collection of environmental and agricultural data (soil data,
fertilization, and irrigation). It integrates actuators, sensors, and cloud servers to gather and analyze data. The findings
given in the study demonstrated that the platform could deliver query replies in near real-time. Also, the research showed
that adding more sensors did not significantly affect the system’s performance and therefore confirming its scalability. The
Smart Farming Oriented BigData Architecture (SFOBA) has been proposed by Mehdi et al. [10]. SFOBA is designed to
process large volumes of data in real time, sourced from smart farm systems. A tool developed by Clements et al. [11]
integrates diverse data sources for comprehensive disease prediction and livestock production, alongside risk assessment
rules. However, these platforms often focus on individual aspects of smart farming and do not offer a holistic solution
that considers the diverse and interconnected requirements of smart farming applications.

Our research addresses this gap by employing the Analytic Hierarchy Process (AHP) to systematically evaluate
and prioritize the key requirements for designing effective smart farm information processing platforms. The AHP-
guided approach focuses on five core categories that involve different requirements. These categories include data
management, processing capabilities, security and compliance, user experience and adoption, and Sustainability and
Future-Proofing. Each category encompasses related requirements. For example, the data management category
encompasses interoperability, reliability, and scalability requirements, while the processing capability category includes
real-time data processing, analytics and insights, and integration requirements.

The AHP method aims to enhance collaboration among different stakeholders in the smart farming ecosystem by
systematically assessing and prioritizing these requirements. The effort is aimed at creating an effective utilization
of diverse data sources, enhance food safety and production, and achieve greater sustainability. The proposed AHP-
guided methodology provides a comprehensive framework that enhances the integration of diverse data sources, improves
interoperability, and supports robust data-sharing practices, which ultimately boosts the productivity and efficiency
of smart farming systems. This research fills an urgent gap by providing a unified approach that considers all the
necessary requirements for smart farming applications. This will lead to the development of more integrated, efficient,
and sustainable agricultural practices.
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2. The workflow of a smart farming platform
The smart farming platform provides a comprehensive and reliable solution for various stakeholders, including

farmers, researchers, and technology providers, to collect, share, and utilize diverse data, resources, and insights [13–15].
This enhances the productivity and efficiency of smart farming operations. The platform is organized into distinct stages
with defined roles and functions and provides a structured approach to implementing smart farming applications. This
framework, illustrated in Figure 1, ensures a thorough understanding and effective execution of the platform’s capabilities.

The process begins with data acquisition, where information is gathered from multiple sources such as sensors,
satellites, farmers, and external databases. These sources, which include climate and weather data, present diverse types
of data in various formats, often leading to compatibility issues and data anomalies [16]. Additionally, the gathered data
might include incomplete entries, outliers, and missing values [16, 17]. The primary challenge at this stage is effectively
managing this heterogeneity and resolving data issues to ensure the reliability of the data collected. Integrating these
disparate sources into a cohesive dataset is crucial for subsequent analysis.

In the data preparation stage, the platform addresses these challenges through several preprocessing practices. This
includes standardizing data formats, eliminating duplicate entries, handling missing values, and validating the data for
accuracy and completeness. This ensures that the data is clean, consistent, and ready for analysis [18]. Data from
various sources is then integrated into a centralized infrastructure, making it accessible for further processing. Following
preparation, data is stored in a robust and scalable infrastructure designed to handle large volumes of diverse data. Effective
data management practices ensure that the data remains consistent, complete, and accurate, facilitating quick retrieval and
processing which supports real-time analytics and decision-making [19].

The data processing and analysis stage utilizes mathematical models, statistical methods, and AI techniques to
transform raw data into actionable insights [15]. Machine learning, a key component, automates decision-making
processes and supports rapid optimization, classification, prediction, and recommendation with minimal human intervent-
ion [20]. Advanced analytics include predictive models for forecasting crop yields and anomaly detection algorithms
to identify unusual patterns that might indicate pest infestations or disease outbreaks. Model deployment involves
implementing developed models to predict new data items, generalizing the model to make accurate predictions based on
unseen data [15]. This helps inform future decisions, such as optimal harvest times and irrigation planning. Continuous
monitoring and updating of these models ensure they remain accurate and relevant.

The decision-making stage leverages insights from data processing to guide actions. This involves systemmonitoring,
rule management, and metadata management to ensure that recommendations and decisions are based on reliable data [21].
Applications range from disease prediction to pesticide control and water management, which are critical for the efficiency
of smart farming.

In the final stage, service delivery and system access, processed data and insights are made accessible to end-users
through various services. This includes systemmonitoring, rule management, and security and privacy measures to ensure
data integrity and user confidentiality. APIs play a crucial role in integrating various components and resources, enhancing
the system’s efficiency and operation.

Ensuring trustworthiness, security, and privacy throughout all stages is paramount. The platform must adhere to
relevant policies and regulations to build user confidence [15]. The integration of different components via APIs is
essential for creating a cohesive and efficient ecosystem. Trustworthiness not only involves protecting data but also
ensuring the transparency and explainability of AI models used, fostering confidence in their recommendations.

The smart farming platform is structured to address challenges at each stage, leveraging advanced technologies to
revolutionize agriculture. This structured approach allows stakeholders to make informed decisions, optimize agricultural
practices, and enhance overall productivity, contributing to a more resilient and sustainable agricultural sector. In essence,
there are many factors and considerations required in order to integrate and synchronize smart farming elements that
require decision-making based on prioritized selections.
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Figure 1. The structured framework of the smart farming platform
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3. Requirements and challenges in smart farming

Table 1. Categories and requirements for smart farming platforms

Category Requirement Description Practical Implications Source

Data
management

Interoperability Compatibility and seamless communication between
different systems and devices.

Ensures smooth data
flow between sensors,
devices, and platforms.

[21, 23]

Reliability Ensuring data consistency, accuracy, and timeliness
through robust validation mechanisms.

Prevents data loss and
errors, ensuring accurate

decision-making.
[24, 25]

Scalability Ability to handle increasing data volumes without
compromising performance.

Supports expanding data
needs as farm operations

grow.
[15, 26]

Processing
capabilities

Real-time
processing

Supporting real-time data processing for immediate
insights and actions.

Enables prompt
response to changing
conditions in the field.

[23, 27]

Analytics and
insights

Advanced tools for predictive analytics,
trend analysis, and decision support.

Provides actionable
insights for optimizing

farm operations.
[28, 29]

Integration Integrating various data sources and systems for a
holistic view of the ecosystem.

Combines diverse data
for comprehensive farm

management.
[15, 30]

Security and
compliance

Security and
privacy

Strong security measures to protect data from
unauthorized access and breaches.

Safeguards sensitive
farm data against cyber

threats.
[31, 32]

Compliance Adherence to relevant regulations and standards.
Ensures legal

compliance and builds
trust with stakeholders.

[33, 34]

Data governance Policies and practices for managing data quality,
security, and compliance.

Maintains high data
standards and regulatory

compliance.
[31, 35]

User experience
and adoption

Ease of use User-friendly and intuitive interface to enhance
engagement and satisfaction.

Increases adoption rates
by simplifying platform

usage.
[36, 37]

Cost-effectiveness Affordable solutions providing significant value, crucial
for small-scale farmers.

Makes advanced
farming technologies

accessible to all farmers.
[38, 39]

Support and
community

Robust support services and community fostering for
shared experiences and best practices.

Enhances user
knowledge and platform

utility through
community support.

[40, 41]

Sustainability and
futureproofing

Adaptability Adaptable to evolving technologies, practices, and
environmental conditions.

Ensures long-term
relevance and

integration of new
technologies.

[15, 42]

Longevity Designed for longevity with robust infrastructure and
regular updates.

Reduces long-term costs
and enhances system

reliability.
[43, 44]

Environmental
impact

Minimizing environmental impact through optimized
energy use and eco-friendly practices.

Promotes sustainable
farming and reduces
ecological footprint.

[44, 45]
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To successfully implement smart farming practices, robust information processing platforms are essential for
managing the complex and extensive data generated by modern agriculture [3, 22]. These platforms must be efficient,
reliable, and adaptable to address the diverse challenges in agriculture, including varying crop types, soil conditions,
climate change, and market dynamics. A clear understanding of these requirements will guide designers and developers
in creating smart farming platforms that effectively address the needs of farmers and contribute to sustainable agricultural
practices.

In this study, the requirements have been categorized into five main groups: data management, processing
capabilities, security and compliance, user experience and adoption, and sustainability and futureproofing. This
categorization is designed to provide a structured framework for assessing and prioritizing the various needs of smart
farming platforms. Each category encompasses specific requirements, with descriptions and practical implications that
underscore their importance in ensuring the platforms’ overall effectiveness and sustainability.

The categorization process involves grouping related requirements under broader categories to comprehensively
address the unique needs of smart farming systems. For example, the ‘data management’ category focuses on critical
aspects such as interoperability, reliability, and scalability, which are essential for ensuring seamless data flow and
managing the increasing data volumes associated with farm operations. Similarly, the ‘processing capabilities’ category
highlights the need for real-time processing, advanced analytics, and integration, all of which are crucial for generating
actionable insights and providing a holistic view of the farm ecosystem.

A rational and systematic approach has been created by organizing the requirements in this manner to understand
the different aspects that smart farming platforms must address to remain effective and sustainable. This structured
categorization also supports the application of the AHP method in this study, facilitating a more detailed and informed
comparison and ranking of the various requirements identified. Table 1 details these essential requirements, supported by
their practical implications as excerpted from previous related studies.

4. Methodology
The objective of this study is to evaluate and prioritize the requirements for designing effective smart farm information

processing platforms. We proposed the use of AHP structured approach to trigger the best decision for 5 categories
studied. It is essential to consider various system requirements to ensure optimal functionality and relevance to the specific
needs of the agricultural domain [46] for the smart farming development. The integration of advanced technologies that
need to be chosen from many options such as IoT, sensors, and data analytics to enhance productivity, efficiency, and
sustainability in agriculture is crucial as it involves monetary investments. To address the complexity of smart farming
systems, and difficulty to make a solid decision by stakeholders, this paper applies AHP to rank the requirements and
options’ importance, as seen in Figure 2. Following this approach, the development decisions can be tailored to meet the
unique demands of smart farming environments, effectively.

Figure 2. Methodology for identifying and prioritizing smart farms platforms requirements
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4.1 Identifying the requirements
The first step in the methodology involves identifying the critical requirements for a smart farming system by

reviewing relevant literature. The requirements are derived from academic sources such as journal articles, review articles,
book, conference paper and white papers from Scopus and WoS databases. To reflect the smart farming trends and
challenges, these papers were gathered and screened through the year 2017 until 2024. The screenings have seen 48 most
relevant articles selected in this study. This step ensures a strong foundation, as the requirements are based on validated
knowledge and real-world applications, which is vital for designing a platform that meets the needs of modern agriculture.

4.2 Categorization of requirements
Once the requirements are identified, they are organized into broader categories to facilitate amore structured analysis.

Categorization helps in grouping similar requirements under themes, enabling a comprehensive approach to addressing the
various aspects of smart farming. We have categorized important aspects from these papers based on the word frequency.
It resulted in 5 categories which are: data management, processing capabilities, security compliance, user experience and
adoption, and sustainability and future proofing. Each category has three requirements to aid in decision making process,
as depicted in Figure 3. This step is crucial for ensuring that the system addresses the needs of different stakeholders, such
as farmers, technologists, and policymakers, in a unified manner.

4.3 Applying AHP
The final step in the methodology is the application of AHP to rank the identified and categorized requirements

based on their relative importance. AHP is chosen due to its structured approach to tackle decision-making problems
involving multiple options [47, 48]. It typically organizes the Multi-Criteria Decision-Making (MCDM) problem into
three hierarchical tiers: the overall objective, the criteria, and the possible alternatives [49]. After forming this hierarchy,
pairwise comparisons are employed to assess the criteria within the same level. AHP is a practical and user-friendly
method that can be implemented following the steps illustrated in Figure 3.

Figure 3. AHP steps

4.3.1Problem structure and hierarchy development

In this step, an appropriate AHP model hierarchy is created. For this research, which aims to evaluate and prioritize
the requirements for designing effective smart farm information processing platforms, the AHP hierarchy consists of the
objective, categories, and requirements. The study’s objective is to evaluate and prioritize the requirements for designing
effective smart farm information processing platforms. Therefore, this objective is placed at the top level, followed by
categories at the second level, and finally, the requirements at the third level, as illustrated in Figure 4.
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Figure 4. AHP hierarchy for evaluating and prioritizing the requirements for designing effective smart farm information processing platforms

4.3.2Questionnafire development and data collection

In this phase, experts in smart farming, IoT, CC, and AI are asked to conduct pairwise comparisons of the categories
and key requirements for designing effective smart farm information processing platforms. Experts assign relative scores
to these comparisons using a nine-point scale shown in Table 2. Since AHP is a decision-making method rather than a
statistical one, it does not require a statistically significant sample size. Instead, AHP focuses on the quality of decisions,
allowing it to work effectively with a small, expert sample.

Table 2. Importance scale for pairwise comparisons

Value Descriptive term

1 Equally important
3 Moderately important
5 Strongly important
7 Very strongly important
9 Extremely important

2, 4, 6, 8 Intermediate values

A questionnaire was developed based on a pairwise comparison assessment using Table 2. It includes comparisons
between categories and between requirements, and it was distributed to 15 experts from various institutions to gather
their insights on the key requirements for designing effective smart farm information processing platforms. We received
10 complete questionnaires from the experts. Each expert has at least 7 years of experience in implementing advanced
technology solutions. The questionnaire developed for this study is provided in Appendix A.

4.3.3Pairwise comparison matrices development

The pairwise comparison matrices are created by analyzing the experts’ responses to the questionnaires. Judgments
are expressed as a numerical value. If a category/requirement in a row is deemed x times more important than a
category/requirement in a column, the numerical value x is placed in the [ai j] position of the comparison matrix, and
its reciprocal 1/x is entered in the [a ji] position. When two categories/requirements are considered equally important, a
value of 1 is entered in both positions. A category/requirement, compared to itself, always receives a value of 1, resulting
in a diagonal of 1s in the matrix. This reciprocal property means that the value assigned to the comparison of one category
with another automatically determines the reverse comparison, ensuring that if one category is considered x times more
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important than another, then conversely, the latter is 1/x times as important as the former, thereby preserving consistency
in the matrix. Thus, each pairwise comparison matrix, denoted as A = [ai j], is a square matrix of order m with reciprocal
property (where the order m represents the total number of categories/requirements being compared), as shown below:

A = [ai j] =


1 a12 · · · a1m

a21 1 · · · a2m
...

...
. . .

...
am1 am2 · · · 1

=



1 a12 · · · a1m
1

a12
1 · · · a2m

...
...

. . .
...

1
a1m

1
a2m

· · · 1



This relationship is often expressed as depicted in Equation (1):

a ji =
1

ai j
; i, j = 1, 2, · · · m. (1)

The purpose of using pairwise comparison matrices in this study is to systematically quantify expert judgments,
ensuring consistency in decision-making and enabling the derivation of priority weights for different categories and
requirements.

4.3.4Consistency of pairwise comparison matrices

To obtain reliable results, it is imperative to ensure consistency in an expert’s evaluations [50]. This consistency can
be measured using a Consistency Index (CI) that evaluates the consistency of pairwise comparison matrices larger than 2
× 2. The Consistency Ratio (CR) serves as the metric, with aCR value of 0.10 or less indicating a consistent matrix. If the
CR exceeds 0.10, the matrix is considered inconsistent, and the expert needs to reassess their judgments. The Consistency
Index (CI) for a pairwise comparison matrix is calculated using the following equation:

CI =
λmax−n

n−1
(2)

Here, n is the number of elements being compared, and λmax is the maximum eigenvalue of the comparison matrix.
The maximum eigenvalue (λmax) plays a crucial role in this calculation: it represents the degree to which the judgments
in the matrix deviate from perfect consistency. In a perfectly consistent matrix, λmax equals n, making the CI zero.
Any deviation of λmax from n reflects inconsistencies in the pairwise comparisons, with a larger difference indicating
greater inconsistency. Measuring the consistency of pairwise comparison matrices is essential because it ensures that the
expert judgments are logically coherent and reliable. This validation is fundamental to the study as it guarantees that the
derived priority weights accurately reflect the experts’ assessments, enhancing the overall credibility and robustness of
the decision-making process.

The CR is computed by dividing the CI by RI(n), where RI(n) represents the consistency index of a randomly
generated pairwise comparison matrix, and its value depends on n, as shown in Table 3. This relationship is expressed as
follows:

CR =
CI

RI(n)
(3)
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Table 3. Random index values for different numbers of elements (n)

Number of elements (n) RI(n)

3 0.58
4 0.90
5 1.12
6 1.24
7 1.32
8 1.41
9 1.45
10 1.49

4.3.5Group judgment matrix development

To obtain a collective assessment from the individual evaluations of experts, it is necessary to merge their comparison
matrices. The geometric mean is used to aggregate the individual judgment matrices, as shown in the following equation:

[ai j] =

(
m

∏
i=1

ai j

) 1
N

; N : Number of experts (4)

4.3.6Weights calculations

After the comparison matrices are aggregated, a normalized matrix (denoted as N) is constructed for each group
judgment matrix to derive the relative weights of the requirements. The process of normalizing the matrix is based on
Equation (5).

N = [Ni j] ;
{

Ni j
}
=

ai j

∑m
i=1 ai j

(5)

Once normalized, the requirements weights are determined by calculating the average of each row within the matrix.
The average values from these rows correspond to the individual requirement weights, forming a weight vectorW = (wi),
where each wi represents the weight of a requirement from the row of the matrix. Equation (6) shows this process.

wi =
∑m

j=1 Ni j

m
(6)

In the subsequent stage, the global weights of both the main criteria (categories) and sub-criteria (requirements). The
local weights, initially calculated for each category and requirement, are essential for this process. For categories, the
local weights directly represent their global weights. However, for the requirement, their global weights are computed by
multiplying their local weights by the local weights of their corresponding categories. This relationship is expressed in
the equation where the Global Weight of a Requirement (GWR) is the product of its Local Weight (LWR) and the Local
Weight of the Category it belongs to (LWC), as represented in Equation (7).
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GWR = LWR×LWC (7)

5. Results and discussion
In this study, a hierarchical structure with three levels was developed to systematically prioritize the requirements

of designing smart farming platforms. At the top level of the hierarchy, the primary objective was to establish a clear
prioritization of categories and requirements. The second level consisted of key categories, while the third level was
dedicated to specific requirements within each category. To gather data, a questionnaire was distributed to 15 experts from
different institutions, who have experience in smart farming technologies. Out of the 15, 10 experts provided complete
responses. These experts performed pairwise comparisons of the categories and requirements, and their judgments were
used to construct comparison matrices.

To ensure the reliability of the expert judgments, theCR was calculated for each comparison matrix using Equations
(2) and (3). Subsequently, group judgment matrices were developed using Equation (4), representing the collective
opinions of the experts. Each matrix was checked for consistency, and the results showed that all matrices met the
acceptable consistency threshold. This confirmed the validity of the obtained weights. Then, these matrices were
normalized using Equation (5).

The final weights and rankings of the categories and requirements calculated using Equations (6) and (7) are presented
in Table 4. Additionally, Tables 5, 6, 7, 8, and 9 provide detailed group judgment matrices and consistency tests for
the categories and their corresponding requirements within the hierarchical structure. These results provide a robust
framework for prioritizing the key requirements necessary for designing smart farming platforms.

Table 4. Weights and ranks of smart farming requirements

Category Category weight Requirement Local weight % Global weight % Rank

Data management 41%
Interoperability 52.4% 21.484% 1
Reliability 28.7% 11.767% 3
Scalability 19% 7.79% 6

Processing capabilities 29.9%
Real-time processing 52.9% 15.8171% 2
Analytics and insights 30.2% 9.0298% 5

Integration 16.9% 5.0531% 8

Security and compliance 14.1%
Security and privacy 64.1% 9.0381% 4

Compliance 24.2% 3.4122% 9
Data governance 11.7% 1.6497% 12

User experience and adoption 10.2%
Ease of use 59.7% 6.0894% 7

Cost-effectiveness 26.8% 2.7336% 11
Support and community 13.5% 1.377% 13

Sustainability and futureproofing 4.9%
Adaptability 62.6% 3.0674% 10
Longevity 25% 1.225% 14

Environmental impact 12.4% 0.6076% 15

5.1 Prioritization of categories
The analysis revealed that data management is the most critical category (weight = 41%). This finding reflects the

fundamental role that data plays in smart farming systems, where managing, sharing, and storing data effectively is crucial.
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The importance of this category can be explained by the increasingly data-driven nature of agriculture, where multiple
devices, such as IoT sensors, drones, and machinery, continuously generate huge amounts of data. In such a context,
robust data management that supports interoperability, reliability, and scalability is indispensable. Without effective data
management, the potential benefits of smart farming, such as optimizing resource use, improving crop yields, and reducing
environmental impacts, cannot be fully realized.

The second highest priority is assigned to the processing capabilities category (weight = 29.9%), which emphasizes
the need for real-time data processing and insightful analytics. In the context of smart farming, real-time processing is
critical for immediate decision-making, whether it be adjusting irrigation schedules, applying fertilizers, or monitoring
livestock. Smart farm platforms must be able to process data quickly and efficiently, allowing farmers to respond to real-
world events on time. Moreover, the integration of Analytics and Insights plays a fundamental role in making sense of
large datasets, enabling predictive modeling and trend analysis. Without strong processing capabilities, farms risk losing
the timeliness and accuracy of data, which are essential for optimizing operations.

Security and compliance category (weight = 14.1%) ranked third, underlining the growing concern over the protection
of sensitive agricultural data. As smart farming systems become more interconnected and reliant on cloud-based services,
they are increasingly vulnerable to cyber-attacks. Data breaches could lead to the loss of valuable proprietary information
or sensitive environmental and operational data, which may affect competitive advantages or even regulatory compliance.
The high ranking of this category underscores that smart farming platforms need for strict data governance frameworks,
robust cybersecurity measures, and adherence to legal and regulatory standards to ensure the integrity and confidentiality
of the data being handled.

The user experience and adoption category (weight = 10.2%) emerged as the fourth-highest category, indicating
the importance of designing platforms that are user-friendly and cost-effective. Smart farming platforms will only be
successful if they are accessible to farmers with varying levels of technological proficiency. Many farmers, especially
in rural areas, may lack advanced technical skills or resources to adapt to complex systems. Hence, ensuring ease of
use and offering community support to help farmers adopt and adapt to new technologies is essential. Additionally, cost-
effectiveness is a key consideration for adoption, as farmers need to justify their investment in smart farming technologies
by ensuring a good return on investment.

The sustainability and futureproofing category (weight = 4.9%) ranked lowest among the categories but remains
essential for ensuring the long-term viability of smart farming platforms. As environmental concerns continue to grow,
platforms that are adaptable, resource-efficient, and capable of minimizing their environmental impact will be critical for
future-proofing agriculture. The relatively lower weight suggests that, while important, these factors may be perceived as
secondary compared to the immediate challenges of managing and processing data and ensuring security.

Table 5 provides the consistency test and group judgment matrix for the category matrices. The consistency was
confirmed with a result of CR = 0.0354, which is lower than the acceptable threshold of 0.10. This indicates that the
weights obtained from these matrices are reliable.
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Table 5. Categories group judgment matrix and consistency test

Category Data
management

Processing
capabilities

Security and
compliance

User experience
and adoption

Sustainability and
futureproofing

Priority
vector

Consistency
vector

Data
management 1 1.876028 3.579789 3.519482 5.757238 0.4136 2.1329

Processing
capabilities 0.533041 1 2.980364 3.519482 5.075295 0.2862 1.4758

Security and
compliance 0.279346 0.335529 1 1.888175 3.684268 0.1613 0.8447

User experience
and adoption 0.284133 0.284133 0.529612 1 3.015676 0.1126 0.589

Sustainability and
futureproofing 0.173694 0.197033 0.271424 0.331601 1 0.0563 0.2953

Consistency test

λmax 5.1585
n 5
CI 0.0396
CR 0.0354

5.2 Requirement-level prioritization
The requirement-level prioritization provides deeper insights into the specific needs that must be addressed when

designing smart farming platforms.
Within the data management category, the highest priority was assigned to interoperability (local weight = 52.4%).

This highlights the essential role of ensuring that different components within the farming ecosystem can seamlessly
communicate with each other. Interoperability enables the integration of diverse technologies, which is critical in multi-
faceted farming operations. For instance, IoT devices might collect data on soil moisture, while weather stations provide
climate forecasts. Without interoperability, these systems could not interact efficiently, potentially leading to incomplete
decision-making. Reliability (local weight = 28.7%) and scalability (local weight = 19%) are also important within
this category. Reliability ensures that data systems consistently perform under various conditions, which is crucial for
maintaining the integrity of farming operations. Scalability, on the other hand, becomes increasingly important as farms
grow or introduce more data-generating devices. A scalable platform can handle growing datasets without sacrificing
performance, making it indispensable for large-scale farming operations or those planning for future expansion. Table 6
shows the consistency test and group judgment matrix for the data management category. The consistency was verified
with a result of (CR = 0.0113 < 0.10).

Table 6. Data management group judgment matrix and consistency test

Requirement Interoperability Reliability Scalability Priority vector Consistency vector

Interoperability 1 2.047673 2.459509 0.5226 1.5785
Reliability 0.488359 1 1.691726 0.287 0.8643
Scalability 0.406585 0.591112 1 0.1904 0.5725

Consistency test

λmax 3.0131
n 3

CI 0.0065
CR 0.0113
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Real-time processing (local weight = 52.9%) was identified as the top priority in the processing capabilities category.
Smart farming environments require instant feedback for irrigation control, pest management, or harvesting decisions.
Real-time data analysis allows farmers to act immediately on insights, which improves efficiency and reduces risks. For
example, a sudden drop in temperature could trigger immediate protective actions for frost-sensitive crops, or the detection
of pests could prompt early intervention before damage spreads. Also, analytics and insights (local weight = 30.2%) play
a critical role, as the ability to derive actionable insights from data is crucial for optimizing farming practices. Without
advanced analytics, the wealth of data generated by smart farming systems may go underutilized. Lastly, integration
(local weight = 16.9%) ranked lower but remains necessary for connecting different systems within the farm, ensuring
that data flows seamlessly between devices and is accessible for processing and analysis. The group judgment matrix for
the processing capabilities category was checked for consistency, and the results were satisfactory (CR = 0.0182 < 0.10).
Table 7 displays the consistency test and group judgment matrix.

Table 7. Real-time processing group judgment matrix and consistency test

Requirement Real-time processing Analytics and insights Integration Priority vector Consistency vector

Real-time processing 1 2.023696 2.712972 0.5277 1.6003
Analytics and insights 0.494145 1 2.071933 0.3029 0.9147

Integration 0.368599 0.482641 1 0.1695 0.5101

Consistency test

λmax 3.0211
n 3

CI 0.0106
CR 0.0182

For the security and compliance category, security and privacy (local weight = 64.1%) was assigned the top priority,
reflecting the critical need to protect sensitive agricultural data within smart farm platforms. These platforms, often relying
on IoT devices and cloud-based infrastructure, are particularly vulnerable to cyber threats. Compliance (local weight =
24.2%) and data governance (local weight = 11.7%) were also deemed essential, ensuring adherence to industry standards
and maintaining control over data access and usage. As smart farm platforms become more complex, ensuring robust
security measures and compliance with evolving regulations will be crucial to protecting the privacy of farmers and the
integrity of agricultural operations. The group judgment matrix for the security and compliance category was checked for
consistency, and the results were deemed acceptable (CR = 0.0498 < 0.10). Table 8 presents the detailed consistency test
and group judgment matrix.

Table 8. Security and compliance group judgment matrix and consistency test

Requirement Security and privacy Compliance Data governance Priority vector Consistency vector

Security and privacy 1 3.365865 4.31736 0.6356 1.9756
Compliance 0.2971 1 2.625298 0.2452 0.747

Data governance 0.231623 0.380909 1 0.1192 0.3598

Consistency test

λmax 3.0577
n 3

CI 0.0289
CR 0.0498

Within user experience and adoption, ease of use (local weight = 59.7%) was identified as the top priority, which
suggests that smart farming platforms must be accessible and intuitive for farmers. Due to the diversity in technological
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proficiency among farmers, ensuring that platforms are easy to operate is essential for widespread adoption. Complex
platforms that require advanced technical knowledge may hinder farmers from integrating them into their operations, thus
limiting the reach and impact of smart farming innovations. Cost-effectiveness (local weight = 26.8%) was also important,
as the cost of implementing and maintaining smart farming platforms can be a major barrier to adoption. Providing
solutions that offer a favorable return on investment can help ease this concern. Finally, support and community (local
weight = 13.5%) reflects the need for continuous assistance and a collaborative network to help farmers fix issues and
learn how to maximize the platform’s benefits. The group judgment matrix for the user experience and adoption category
was checked for consistency, and the result was acceptable (CR = 0.0275 < 0.10). Table 9 presents the detailed consistency
test and group judgment matrix.

Table 9. User experience and adoption group judgment matrix and consistency test

Requirement Ease of use Cost-effectiveness Support and community Priority vector Consistency vector

Ease of use 1 2.656402 3.703937 0.594 1.8151
Cost-effectiveness 0.376449 1 2.380026 0.27 0.8174

Support and community 0.269983 0.420163 1 0.1361 0.4099

Consistency test

λmax 3.032
n 3

CI 0.016
CR 0.0275

Lastly, adaptability (local weight = 62.6%) emerged as the most significant requirement in the sustainability and
futureproofing category. Since the agricultural sector faces constant change, whether due to climate shifts, technological
advancements, or evolving market demands, smart farming platforms must be flexible enough to adapt to new conditions.
Platforms that are adaptable ensure long-term relevance and resilience. Longevity (local weight = 25%) and environmental
impact (local weight = 12.4%) also play a role, as designing systems built to last and minimize environmental footprints
is becoming increasingly important in sustainable agriculture. The group judgment matrix for the sustainability and
futureproofing category was checked for consistency, and the result was acceptable (CR = 0.0333 < 0.10). Table 10 shows
the consistency test and group judgment matrix.

Table 10. Sustainability and futureproofing group judgment matrix and consistency test

Requirement Adaptability Longevity Environmental impact Priority vector Consistency vector

Adaptability 1 3.051405 4.155652 0.6228 1.9125
Longevity 0.327718 1 2.44949 0.2518 0.7632

Environmental impact 0.240636 0.408248 1 0.1255 0.3781

Consistency test

λmax 3.0386
n 3

CI 0.0193
CR 0.0333

5.3 Top ten ranked requirements

The global weights calculated in this study offer a clear and comprehensive understanding of how each requirement
contributes to the overall success of smart farming platforms. These weights reflect the aggregated significance of each
requirement, considering both the category and the specific needs within each category. Through global weights, we can
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prioritize the most critical aspects of smart farming platforms and provide insights into their relative importance across
the hierarchy of requirements. The top ten ranked requirements shed light on the essential components that should be
prioritized when designing and developing smart farming platforms.

At the top of the list is interoperability (global weight = 21.48%), which makes it the most critical requirement overall.
This emphasizes the necessity for smart farming platforms to facilitate seamless communication and integration among
various devices, systems, and software used within farming operations. The importance of interoperability lies in the fact
that different technologies, including IoT sensors, drones, and data analytics tools can work together harmoniously. A
failure to establish robust interoperability would result in fragmented data, inefficiencies, and the potential formisinformed
decision-making. Therefore, it is recommended that developers prioritize using open standards, APIs, and protocols that
foster interoperability across diverse agricultural systems.

Real-time processing ranked second (global weight = 15.82%), is another important requirement of smart farming
platforms. In the fast-paced environment of modern agriculture, where conditions can change rapidly, the ability to process
data in real-time is essential. Whether adjusting irrigation schedules based on soil moisture levels or deploying pest control
measures in response to real-time sensor data, timely decisions can significantly enhance productivity and reduce waste.
Therefore, smart farming platforms should be equipped with advanced real-time processing capabilities, ensuring farmers
can access up-to-date insights that allow them to react swiftly to changing conditions.

Reliability (global weight = 11.77%) emerged as the third most critical requirement. Reliability is essential to the
consistent performance of smart farming platforms, ensuring that data collection, processing, and system functionalities
remain dependable under various conditions. Agricultural environments are often subject to unpredictable factors such
as extreme weather, making it vital that smart farming platforms are resilient and can operate without interruptions.
Developers are encouraged to implement reliability-focused features, such as failover systems, redundancy in data storage,
and robust testing protocols to ensure platforms can withstand operational challenges.

Security and privacy (global weight = 9.04%) ranked fourth, highlighting the growing need for safeguarding sensitive
farming data. As the adoption of cloud-based systems and IoT devices in agriculture increases, so do the risks of
cyber threats and unauthorized data access. Protecting proprietary farming information, operational data, and other
sensitive materials is crucial for maintaining trust in these platforms. Developers should implement strong encryption,
user authentication, and regular security audits to mitigate risks and ensure compliance with data protection regulations.

Analytics and Insights (global weight = 9.03%) also ranks among the top priorities, displaying the vital role of data-
driven decision-making in modern farming. Advanced analytics capabilities allow farmers to extract actionable insights
from vast amounts of data generated by sensors and other devices. This enables farmers to optimize resource use, predict
trends, and make informed strategic decisions. Smart farming platforms should therefore integrate artificial intelligence
and machine learning tools to provide predictive analytics that support proactive decision-making.

Scalability (global weight = 7.79%) ranked sixth, emphasizing the need for platforms that can grow alongside
expanding farming operations. As farms increase in size or introduce new technologies, the data load on smart
farming systems will inevitably rise. A scalable platform ensures that the system can accommodate this growth without
compromising on performance or efficiency. Developers should focus on creating architectures that allow for easy scaling,
whether it be through cloud computing, modular system designs, or other flexible solutions that can handle increasing
demands.

Ease of use (global weight = 6.09%) ranked seventh, highlighting that user experience remains a key factor. Smart
farming platforms should be accessible to a wide range of users, many of whom may not have extensive technical
knowledge. Platforms that are intuitive and user-friendly will see higher adoption rates, as they lower the barrier for
farmers to integrate digital technologies into their operations. Developers should focus on designing clear, simple
interfaces and providing sufficient training or support materials to ensure that farmers can quickly and easily understand
how to use the platform.

Integration (global weight = 5.05%) ranked eighth, reinforcing the importance of ensuring smooth data flow between
various systems and devices. Smart farming platforms must be able to integrate data from multiple sources, including
weather stations, soil sensors, and market forecasts, to provide comprehensive and actionable insights. Developers can
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ensure a more effective and holistic decision-making process by enhancing platform integration capabilities to consolidate
all relevant data.

At the ninth priority, compliance (global weight = 3.41%) has emerged. This demonstrates the importance of adhering
to legal and regulatory frameworks in the design and operation of smart farming platforms. As agriculture becomes more
regulated in terms of environmental impact and data management, ensuring compliance with national and international
regulations is critical. Developers should collaborate with policymakers and legal experts to ensure that platforms meet
the necessary standards for environmental sustainability, data privacy, and other relevant areas.

Finally, adaptability (global weight = 3.07%) ranked tenth, which reflects the need for smart farming platforms to
be flexible and future-proof. As technology continues to evolve and environmental conditions shift, adaptable platforms
will be better positioned to meet future challenges. Developers should focus on creating flexible architectures that can
accommodate new technologies, regulatory changes, and evolving user needs without requiring extensive overhauls.

5.4 Comparison with alternative decision-making methods

A comparison with other decision analysis methods has been included to emphasize this study’s originality and
scientific contribution. Alternative MCDM approaches such as Technique for Order Preference by Similarity to an Ideal
Solution (TOPSIS), Fuzzy AHP, and the Analytic Network Process (ANP) offer different advantages. However, AHP
was chosen for this study due to its straightforward hierarchical structure, ease of implementation, and robustness in
incorporating expert judgments. Unlike TOPSIS, which relies on the distance to an ideal solution, or FANP and ANP,
which require complex interdependencies and substantial data, AHP efficiently handles qualitative assessments and is
particularly well-suited for scenarios with limited sample sizes. This comparative advantage makes AHP an effective tool
for prioritizing requirements in smart farming platforms.

5.5 Practical efficiency testing
In addition to theoretical advantages, the efficiency of the proposed AHP-guided methodology can be practically

evaluated through case studies and pilot implementations. For instance, a smart farming platform can be developed
or simulated using the prioritized requirements obtained via AHP. Its performance can then be benchmarked against
specific metrics such as data integration efficiency, real-time processing speed, system reliability, and user adoption rates.
Comparative experiments might also be conducted, where decision-making outcomes using AHP are compared with
those from other MCDM methods. Metrics such as decision accuracy, computational time, and stakeholder satisfaction
can be employed to validate the practical benefits of the AHP approach. Such empirical assessments demonstrate the
methodology’s efficiency in real-world scenarios and provide feedback for continuous improvement.

5.6 Comparison with related studies

Several studies have addressed aspects of smart farming platforms, yet most have focused on individual challenges
rather than providing a comprehensive prioritization framework. For example, the SmartFarmNet platform [2] primarily
emphasizes real-time data acquisition and scalability, while the Smart Farming Oriented Big Data Architecture (SFOBA)
[10] concentrates on processing large data volumes in real time. Other works, such as that by Clements et al. [11], integrate
diverse data sources for disease prediction and livestock production, but these studies do not systematically prioritize
requirements across multiple dimensions. In contrast, our AHP-guided methodology holistically evaluates and prioritizes
technical and non-technical requirements, including data management, processing capabilities, security, user experience,
and sustainability. This comprehensive approach not only enhances the decision-making process but also offers insights
into the relative importance and interrelationships among these requirements. Future research could further validate our
findings by comparing the outcomes of our methodology with those derived from alternative decision analysis methods
or through empirical field studies.
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6. Conclusions
In conclusion, this study has emphasized the critical role of advanced technologies such as IoT, Cloud Computing,

and Artificial Intelligence in revolutionizing agricultural productivity through smart farming. The developed three-level
hierarchy effectively prioritizes smart farming platform requirements by structuring the overall goal at the top, key
categories in the intermediate level, and specific requirements at the lowest level.

Expert insights were gathered through questionnaires distributed to 15 professionals specializing in smart farming
technologies, with 10 providing complete responses which shows positive acceptance to the study’s initiatives. The AHP
analysis revealed that data management is the most critical category, holding a weight of 41%, emphasizing the necessity
of effective data management, sharing, and storage. While these technologies offer immense potential to optimize resource
management and enhance productivity, the challenges ofmanaging and integrating heterogeneous data remain a significant
obstacle to their full adoption. As shown in the study, for data management category, Interoperability emerged as the
top requirement with a global weight of 21.48%, underscoring the need for seamless communication between various
devices and systems. Processing capabilities ranked second with a weight of 29.9%, highlighting the importance of Real-
Time Processing (15.82%) for immediate decision-making, such as adjusting irrigation schedules or applying pest control
measures based on real-time data.

Other significant categories included Security andCompliance (14.1%), stressing the importance of robust cybersecurity
measures to protect sensitive agricultural data, and user experience and adoption (10.2%), emphasizing the design
of user-friendly and cost-effective platforms to encourage widespread adoption among farmers with varying technical
skills. Sustainability and futureproofing (4.9%) was identified as the least impactful category, yet it still underscores the
importance of smart farming platforms adapting to environmental changes and technological advancements for long-term
viability.

The prioritization of these requirements is expected to have a substantial economic impact. By focusing on key areas
such as data management and real-time processing, smart farming platforms can significantly reduce operational costs,
optimize resource allocation, and improve yield predictions. Enhanced interoperability and streamlined data integration
can lower the expenses associated with data inconsistencies and system redundancies, while robust security measures build
stakeholder confidence, promoting wider adoption. In essence, the framework not only enhances technological integration
but also drives economic efficiency by enabling cost-effective decision-making and improved return on investment in
agricultural technologies.

By employing the Analytic Hierarchy Process (AHP), this study has successfully identified and prioritized the key
requirements for developing effective smart farming platforms. Addressing these priorities will help overcome data-
related challenges by improving interoperability, fostering standardized communication protocols, and enhancing data-
sharing practices across systems. The proposed framework offers a pathway toward more efficient and integrated smart
farming solutions, ultimately contributing to meeting the increasing global demand for food production. This work lays
a foundation for future research and development efforts aimed at optimizing agricultural systems through enhanced data
management and technological integration.

7. Limitations
While the AHP-guided methodology offers a structured approach and effectively incorporates expert judgments, it

is not without limitations. One major concern is the potential subjectivity inherent in expert evaluations. Since pairwise
comparisons rely on individual opinions, biases or differences in interpretation can affect the resulting weights. Another
limitation is that AHP assumes independence among criteria, whichmight not fully capture the complex interdependencies
in smart farming systems. Future studies could mitigate these issues by integrating complementary techniques (e.g., fuzzy
logic or other multi-criteria decision-making methods) and by validating the outcomes through larger-scale field studies
or real-world pilot implementations.

Contemporary Mathematics 3780 | Iyad Altawaiha, et al.



Acknowledgement
The authors sincerely thank the Deanship of Scientific Research at ImamMohammad Ibn Saud Islamic University for

Grant RG-23021, which was essential for completing this research. This support highlights the University’s dedication to
advancing scientific innovation and impactful research in emerging fields. They also appreciate the collaborative experts,
environment, and resources that significantly contributed to this work. Some of the text in this paper are AI-generated for
efficient authoring.

Conflict of interest
The authors declare that there is no conflict of interests regarding the publication of this paper.

References
[1] Kitole FA. Economics of Agricultural Development: World Food Systems and Resource Use. Francis Group; 2023.
[2] Jayaraman PP, Yavari A, Georgakopoulos D, Morshed A, Zaslavsky A. Internet of things platform for smart farming:

Experiences and lessons learnt. Sensors. 2016; 16(11): 1884. Available from: https://doi.org/10.3390/s16111884.
[3] Karunathilake E, Le AT, Heo S, Chung YS, Mansoor S. The path to smart farming: Innovations and opportunities in

precision agriculture. Agriculture. 2023; 13(8): 1593. Available from: https://doi.org/10.3390/agriculture13081593.
[4] Akkem Y, Biswas SK, Varanasi A. Smart farming using artificial intelligence: A review. Engineering Applications

of Artificial Intelligence. 2023; 120: 105899. Available from: https://doi.org/10.1016/j.engappai.2023.105899.
[5] Aziz DA, Asgarnezhad R, Mustafa MS, Saber AA, Alani S. A developed IoT platform-based data repository for

smart farming applications. Journal of Communications. 2023; 18(3): 187-197. Available from: https://doi.org/10.
12720/jcm.18.3.187-197.

[6] Sharma V, Tripathi AK, Mittal H. Technological revolutions in smart farming: Current trends, challenges & future
directions. Computers and Electronics in Agriculture. 2022; 201: 107217. Available from: https://doi.org/10.1016/
j.compag.2022.107217.

[7] Chukkapalli SSL, Mittal S, Gupta M, Abdelsalam M. Ontologies and artificial intelligence systems for the
cooperative smart farming ecosystem. IEEE Access. 2020; 8: 164045-164064. Available from: https://doi.org/10.
1109/ACCESS.2020.3021941.

[8] Ehlers MH, Melf HE, Robert F, Nadja EB, Alexander G, Claus AGS, et al. Scenarios for European agricultural
policymaking in the era of digitalisation. Agricultural Systems. 2022; 196: 103318. Available from: https://doi.org/
10.1016/j.agsy.2021.103318.

[9] Leader J, Shantz B. Disruptive technologies in the agri-food sector: a knowledge synthesis. Rural Review: Ontario
Rural Planning, Development, and Policy. 2021; 5(1): 168. Available from: https://doi.org/10.21083/ruralreview.
v5i1.6589.

[10] Ouafiq EM, Abdessamad E, Mehdary A, Abdellah C, Rachid S, Wahbi M. IoT in smart farming analytics, big data
based architecture. In: Human Centred Intelligent Systems: Proceedings of KES-HCIS 2020 Conference. Springer;
2021. p.269-279. Available from: https://doi.org/10.1007/978-981-15-5784-2_22.

[11] Clements ACA, Pfeiffer DU, Otte MJ, Morteo K, Chen L. A global livestock production and health atlas (GLiPHA)
for interactive presentation, integration and analysis of livestock data. Preventive Veterinary Medicine. 2002; 56(1):
19-32. Available from: https://doi.org/10.1016/S0167-5877(02)00159-2.

[12] Amiri-Zarandi M, Dara RA, Fraser E. A survey of machine learning-based solutions to protect privacy in the Internet
of Things. Computers & Security. 2020; 96: 101921. Available from: https://doi.org/10.1016/j.cose.2020.101921.

[13] Cadavid H, Muhammad M. Towards a smart farming platform: from IoT-based crop sensing to data analytics. In:
Colombian Conference on Computing. Springer; 2018. p.237-251.

[14] Calugaru A. Web platform solution for smart farming management. Scientific Papers. Series E. Land Reclamation,
Earth Observation & Surveying, Environmental Engineering. 2019; 8.

[15] Amiri-Zarandi M, Mehdi HF, Samira Y, Mitra K, Rozita D. A platform approach to smart farm information
processing. Agriculture. 2022; 12(6): 838. Available from: https://doi.org/10.3390/agriculture12060838.

Volume 6 Issue 3|2025| 3781 Contemporary Mathematics

https://doi.org/10.3390/s16111884
https://doi.org/10.3390/agriculture13081593
https://doi.org/10.1016/j.engappai.2023.105899
https://doi.org/10.12720/jcm.18.3.187-197
https://doi.org/10.12720/jcm.18.3.187-197
https://doi.org/10.1016/j.compag.2022.107217
https://doi.org/10.1016/j.compag.2022.107217
https://doi.org/10.1109/ACCESS.2020.3021941
https://doi.org/10.1109/ACCESS.2020.3021941
https://doi.org/10.1016/j.agsy.2021.103318
https://doi.org/10.1016/j.agsy.2021.103318
https://doi.org/10.21083/ruralreview.v5i1.6589
https://doi.org/10.21083/ruralreview.v5i1.6589
https://doi.org/10.1007/978-981-15-5784-2_22
https://doi.org/10.1016/S0167-5877(02)00159-2
https://doi.org/10.1016/j.cose.2020.101921
https://doi.org/10.3390/agriculture12060838


[16] Wolfert S, Lan G, Cor V,Marc-Jeroen B. Big data in smart farming-a review. Agricultural Systems. 2017; 153: 69-80.
Available from: https://doi.org/10.1016/j.agsy.2017.01.023.

[17] Li W, Xu Z, John JS, Yang L, Eric WS, Wen SF, et al. Outlier detection and removal improves accuracy of machine
learning approach to multispectral burn diagnostic imaging. Journal of Biomedical Optics. 2015; 20(12): 121305.
Available from: https://doi.org/10.1117/1.JBO.20.12.121305.

[18] Cravero A, Sebastián P, Patricio G, Julio LF, Mónica C. Data type and data sources for agricultural big data and
machine learning. Sustainability. 2022; 14(23): 16131. Available from: https://doi.org/10.3390/su142316131.

[19] Rahman MU. Blockchain smart contract for scalable data sharing in IoT: A case study of smart agriculture. In: 2020
IEEE Global Conference on Artificial Intelligence and Internet of Things (GCAIoT). IEEE; 2020. p.1-7.

[20] Shaikh TA, Tabasum R, Faisal RL. Towards leveraging the role of machine learning and artificial intelligence in
precision agriculture and smart farming. Computers and Electronics in Agriculture. 2022; 198: 107119. Available
from: https://doi.org/10.1016/j.compag.2022.107119.

[21] Roussaki I, Enrico Z, Roberto S, Daniele T, Marco F. Building an interoperable space for smart agriculture. Digital
Communications and Networks. 2023; 9(1): 183-193. Available from: https://doi.org/10.1016/j.dcan.2022.12.005.

[22] Soussi A. Smart sensors and smart data for precision agriculture: a review. Sensors. 2024; 24(8): 2647. Available
from: https://doi.org/10.3390/s24082647.

[23] Cyriac R, Thomas J. Smart farming with cloud supported data management enabling real-time monitoring and
prediction for better yield. In: Intelligent Robots and Drones for Precision Agriculture. Springer; 2024. p.283-306.

[24] Montoya-Munoz AI, Rodrigo AC, Oscar MCR, Nelson LS. Fonseca b Reliability provisioning for fog nodes in smart
farming IoT-fog-cloud continuum. Computers and Electronics in Agriculture. 2022; 200: 107252. Available from:
https://doi.org/10.1016/j.compag.2022.107252.

[25] Eswaran U. Application of sensors for smart farming. In: Agriculture and Aquaculture Applications of Biosensors
and Bioelectronics. IGI Global; 2024. p.18-44.

[26] Huo D, Asad WM, Sri DR, Anis UR, Ismail A. Mapping smart farming: Addressing agricultural challenges in
data-driven era. Renewable and Sustainable Energy Reviews. 2024; 189: 113858. Available from: https://doi.org/
10.1016/j.rser.2023.113858.

[27] Roukh A. Big data processing architecture for smart farming. Procedia Computer Science. 2020; 177: 78-85.
[28] Krisnawijaya NNK, Bedir T, Cagatay C, Rik T. Data analytics platforms for agricultural systems: A systematic

literature review. Computers and Electronics in Agriculture. 2022; 195: 106813. Available from: https://doi.org/10.
1016/j.compag.2022.106813.

[29] Roopmathi S. Applications of big data analytics in cloud computing and smart farming. Educational Administration:
Theory and Practice. 2024; 30(5): 1413-1420.

[30] Sathya D, Thangamani R, Saravana BB. The revolution of edge computing in smart farming. In: Intelligent Robots
and Drones for Precision Agriculture. Springer; 2024. p.351-389.

[31] Gupta M, Mahmoud A, Sajad , Sudip M. Security and privacy in smart farming: challenges and opportunities. IEEE
Access. 2020; 8: 34564-34584. Available from: https://doi.org/10.1109/ACCESS.2020.2975142.

[32] Eleftheriadis C, Charis E, Georgios A, Konstantinos K, Eleftheria MP, Ioannis H, et al. Machine learning for
cybersecurity frameworks in smart farming. In: 2024 28th International Conference on Information Technology
(IT). IEEE; 2024. p.1-5.

[33] Turukmane AV, Pradeepa M, Shyam K, Suganthi R, Riyazuddin YM. Smart farming using cloud-based IoT
data analytics. Measurement: Sensors. 2023; 27: 100806. Available from: https://doi.org/10.1016/j.measen.2023.
100806.

[34] Batra I. Industrial revolution and smart farming: a critical analysis of research components in Industry 4.0. The TQM
Journal. 2024. Available from: https://doi.org/10.1108/tqm-10-2023-0317.

[35] Šestak M, Copot D. Towards trusted data sharing and exchange in agro-food supply chains: Design principles for
agricultural data spaces. Sustainability. 2023; 15(18): 13746. Available from: https://doi.org/10.3390/su151813746.

[36] Anandan R, Ali Y, Dimitrios G, Ahsan M, Arkady Z. Internet of things platform for smart farming. Human
Communication Technology: Internet of Robotic Things and Ubiquitous Computing. 2021; 337-369. Available from:
https://doi/10.1515/9783110691276.

[37] Marmont B, Callum E, Elena M, Zack D, Mark N, David S. Predicting future adoption of early-stage innovations
for smart farming. Smart Agricultural Technology. 2024; 9: 100549. Available from: https://doi.org/10.1016/j.atech.
2023.100549.

Contemporary Mathematics 3782 | Iyad Altawaiha, et al.

https://doi.org/10.1016/j.agsy.2017.01.023
https://doi.org/10.1117/1.JBO.20.12.121305
https://doi.org/10.3390/su142316131
https://doi.org/10.1016/j.compag.2022.107119
https://doi.org/10.1016/j.dcan.2022.12.005
https://doi.org/10.3390/s24082647
https://doi.org/10.1016/j.compag.2022.107252
https://doi.org/10.1016/j.rser.2023.113858
https://doi.org/10.1016/j.rser.2023.113858
https://doi.org/10.1016/j.compag.2022.106813
https://doi.org/10.1016/j.compag.2022.106813
https://doi.org/10.1109/ACCESS.2020.2975142
https://doi.org/10.1016/j.measen.2023.100806
https://doi.org/10.1016/j.measen.2023.100806
https://doi.org/10.1108/tqm-10-2023-0317
https://doi.org/10.3390/su151813746
https://doi/10.1515/9783110691276
https://doi.org/10.1016/j.atech.2023.100549
https://doi.org/10.1016/j.atech.2023.100549


[38] Faid A, Mohamed S, Essaid S. An agile AI and IoT-augmented smart farming: a cost-effective cognitive weather
station. Agriculture. 2021; 12(1): 35. Available from: https://doi.org/10.3390/agriculture12010035.

[39] Singh H, Nirmalya H, Baldeep S, Jaskaran S, Shrey S, Yosi SD. Smart farming revolution: portable and real-time
soil nitrogen and phosphorus monitoring for sustainable agriculture. Sensors. 2023; 23(13): 5914. Available from:
https://doi.org/10.3390/s23135914.

[40] Ameer SA, Mohammed AA, Jaffer Z. Empowering farmers with IoT, UAVs, and deep learning in smart agriculture.
In: E3S Web of Conferences. France: EDP Sciences; 2024. p.13.

[41] Goswami B, Pariyar B. Rooftop farming: A sustainable means to food security for Gangtok city in Sikkim.
International Journal of Multidisciplinary Research and Growth Evaluation. 2023; 4(6): 710-717.

[42] Singh AK, Behzad JB. Smart connected farms and networked farmers to improve crop production, sustainability
and profitability. Frontiers in Agronomy. 2024; 6: 1410829. Available from: https://doi.org/10.3389/fagro.2024.
1410829.

[43] Almalki FA, Ben OS, Saeed HA, Hedi S. A low-cost platform for environmental smart farming monitoring system
based on IoT and UAVs. Sustainability. 2021; 13(11): 5908. Available from: https://doi.org/10.3390/su13115908.

[44] Abdelhafeez A, Hadeer M. Identify the most productive crop to encourage sustainable farming methods in smart
farming using neutrosophic environment. Neutrosophic Systems with Applications. 2023; 6: 17-24.

[45] Javaid M, Abid H, Ravi PS, Rajiv S. Enhancing smart farming through the applications of agriculture 4.0
technologies. International Journal of Intelligent Networks. 2022; 3: 150-164.

[46] Lytos A, Thomas L, Panagiotis S, Michalis Z, George L. Towards smart farming: systems, frameworks and
exploitation of multiple sources. Computer Networks. 2020; 172: 107147. Available from: https://doi.org/10.1016/
j.comnet.2020.107147.

[47] Altawaiha I, Rodziah A, Razali BY, Rusli BHA. Assessing and prioritizing crucial drivers for CloudIoT-based
healthcare adoption: an analytic hierarchy process approach. International Journal of Information Technology. 2024.
Available from: https://doi.org/10.1007/s41870-024-01742-z.

[48] Krenicky T, Liudmyla H, Vadym C. Application of concepts of the analytic hierarchy process in decision-making.
Management Systems in Production Engineering. 2022; 30(4): 304-310. Available from: https://doi.org/10.2478/
mspe-2022-0039.

[49] Mishra S, Manmath NS, Sambit B, Joel JPC. Dynamic resource allocation in fog-cloud hybrid systems using
multicriteria AHP techniques. IEEE Internet of Things Journal. 2020; 7(9): 8993-9000. Available from: https:
//doi.org/10.1109/JIOT.2020.2999451.

[50] Falih R, Salfarina A, Yusmadi J, Rusli A. Exploring key factors influencing blockchain adoption in E-government:
pilot study. JOIV: International Journal on Informatics Visualization. 2024; 8(3-2): 1883-1891. Available from:
https://doi.org/10.62527/joiv.8.3-2.878.

Appendix A
AHP questionnaire developed for this study.

Volume 6 Issue 3|2025| 3783 Contemporary Mathematics

https://doi.org/10.3390/agriculture12010035
https://doi.org/10.3390/s23135914
https://doi.org/10.3389/fagro.2024.1410829
https://doi.org/10.3389/fagro.2024.1410829
https://doi.org/10.3390/su13115908
https://doi.org/10.1016/j.comnet.2020.107147
https://doi.org/10.1016/j.comnet.2020.107147
https://doi.org/10.1007/s41870-024-01742-z
https://doi.org/10.2478/mspe-2022-0039
https://doi.org/10.2478/mspe-2022-0039
https://doi.org/10.1109/JIOT.2020.2999451
https://doi.org/10.1109/JIOT.2020.2999451
https://doi.org/10.62527/joiv.8.3-2.878


Table 11. Pairwise comparison questionnaire for categories

Criteria
(Categories)

The left side is more important← Equal The right side is more important→ Criteria (Categories)
´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Data
management

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Processing
capabilities

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Security and
compliance

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
User experience
and adoption

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Sustainability and
futureproofing

Processing
capabilities

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Security and
compliance

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
User experience
and adoption

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Sustainability and
futureproofing

Security and
compliance

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
User experience
and adoption

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Sustainability and
futureproofing

User experience
and adoption ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Sustainability and
futureproofing

Table 12. Pairwise comparison questionnaire for data management category

Sub-criteria
(Requirements)

The left side is more important← Equal The right side is more important→ Sub-criteria
(Requirements)

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Interoperability ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Reliability
´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Scalability

Reliability ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Scalability

Table 13. Pairwise comparison questionnaire for processing capabilities category

Sub-criteria
(Requirements)

The left side is more important← Equal The right side is more important→ Sub-criteria
(Requirements)

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Real-time
processing

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Analytics and

insights
´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Integration

Analytics and insights ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Integration
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Table 14. Pairwise comparison questionnaire for security and compliance category

Sub-criteria
(Requirements)

The left side is more important← Equal The right side is more important→ Sub-criteria
(Requirements)

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Security and
privacy

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Compliance
´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Data governance

Compliance ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Data governance

Table 15. Pairwise comparison questionnaire for user experience and adoption category

Sub-criteria
(Requirements)

The left side is more important← Equal The right side is more important→ Sub-criteria
(Requirements)

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Ease of use ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Cost-effectiveness

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Support and
community

Cost-effectiveness ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´
Support and
community

Table 16. Pairwise cmparison questionnaire for sustainability and futureproofing category

Sub-criteria
(Requirements)

The left side is more important← Equal The right side is more important→ Sub-criteria
(Requirements)

´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´

Adaptability ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Longevity
´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Environmental impact

Longevity ´ ³ ² ± ° ¯ ® ­ ¬ ­ ® ¯ ° ± ² ³ ´ Environmental impact
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