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Abstract: Global population growth, coupled with the depletion of natural resources and agricultural land
and the increasing unpredictability of environmental conditions, has raised significant concerns regarding food
security worldwide. These challenges have prompted the adoption of smart farming practices in the agricultural
sector, leveraging the internet of things (IoT) and big data solutions to enhance operational efficiency and
productivity. The loT encompasses various advanced technologies such as wireless sensor networks, self-organizing
cognitive radio networks, cloud computing, big data analytics, and end-user applications. This article presents a
comparative study using multi-criteria analysis to evaluate different proposed architectures for the 10T technology-
based smart agriculture. To find the best architecture based on predetermined criteria, this study uses the analytic
hierarchy process (AHP) and complex proportional assessment (COPRAS) techniques. By employing these
decision-making methodologies, this research contributes to the selection and optimization of loT-based solutions
for smart agriculture, thereby addressing the imperative need for sustainable and efficient food production systems.

Keywords: smart farming, the internet of things, complex proportional assessment, analytic hierarchy
process.
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1. Introduction

Agriculture holds significant importance in human
society, playing a crucial role in providing sustenance
throughout history. From ancient times to the
Agricultural Revolution in England and Great Britain,
farming has been the primary means of cultivating and
consuming crops. Advancements in agricultural
technologies, such as harvesters, seeders, and other
machinery, have revolutionized the industry, reduced
labor, and saved time. The idea of “smart farming” has
evolved recently, integrating numerous IT technologies,
tools, protocols, and paradigms to provide farmers with
ground-breaking remedies [1].

Agricultural innovation, sometimes known as the
“digital farming revolution,” is expected to
fundamentally alter all facets of farming by introducing
more effective, productive, sustainable, inclusive,
transparent, and resilient systems. However, aspects
including the complexity and maturity of mobile
devices, precision agriculture, remote sensing, big data,
cloud computing, analytics, cyber-security, and
intelligent systems have a role in how well technology
is integrated within the agricultural industry [2].

Smart farming, also known as intelligent
agriculture, is an evolving domain of the internet of
things (10T) [3] that offers novel avenues for enhancing
the adaptability, efficiency, and resilience of
agricultural production systems. The loT, a term that
has gained prominence in recent years, connects
billions of devices and individuals, serving as a
powerful tool for generating, modifying, and sharing
vast amounts of information. Its purpose lies in
enabling seamless communication between devices and
people. The loT includes cloud computing, wireless
sensor networks, and artificial intelligence and
provides real-time processing, remote access, online
analysis, and management capabilities. The loT
applications are found in a variety of industries, such as
automation, transportation, the environment, and
agriculture, and have a wide range of advantages, from
smart cities and smart industries to healthcare.

In the context of smart farming, the IoT brings forth
advantages like improved service quality and enhanced
user experiences achieved through automation.
However, it also poses unique security concerns
associated with the integration of the 10T, cellular, and
wireless technologies. In addition, smart agriculture
faces unique security difficulties related to data and
device integrity, data quality, and data availability. In
smart agriculture, devices (sensors and actuators) and
communication systems are exposed to environmental
factors like climatic variations (sun, rain, snow),
natural occurrences (lightning, hail), motor use in
agriculture, power line transmissions (common in rural
areas), interactions with animals, people, and farm
equipment, and more. These elements render smart
agriculture vulnerable to difficulties never seen in other

situations.

With this understanding, it becomes essential to
explore and analyze the loT architectures in smart
agriculture, evaluating their effectiveness and
comparative advantages through comprehensive
methodologies such as the analytic hierarchy process
(AHP) and complex proportional assessment
(COPRAS). Such research endeavors aim to identify
optimal loT-based architectures that address the
evolving needs of the agricultural sector, ensuring
sustainability, efficiency, and resilience in food
production systems.

The remainder of this essay is divided into the
following sections: Section 2 highlights the existing
research gaps and provides a thorough evaluation of
related work on loT technologies-based smart
agriculture. Section 3 presents an overview of smart
agriculture, exploring its key components, advantages,
and challenges. In Section 4, the concept of the 10T in
agriculture is discussed, examining the integration of
various technologies and their applications in
enhancing agricultural processes. Section 5 focuses on
the process of selecting architectures for loT
technologies-based smart agriculture, presenting the
criteria and methodology employed for comparative
analysis. Furthermore, in Section 6, the COPRAS
method is applied to select the best architecture among
the analyzed options. The empirical results and their
implications are discussed in detail.

Finally, Section 7 concludes the research paper,
summarizing the key findings and their significance for
advancing smart agriculture practices. The conclusion
also offers recommendations for policymakers and
highlights potential areas for future research to foster
continuous improvements in 10T technology-based
smart agriculture and its overall sustainability.

2. Related Works

In today's fast-paced world, the rapid advancement
of smart systems and emerging technologies has
created a wealth of new opportunities across various
industries. Two notable fields that have been
revolutionized by the integration of the loT and big
data technologies are smart farming and architecture.

The proposed technology is anticipated to be
beneficial to farmers in operating an irrigation system
in a better and more precise way according to [4].

In contrast to the traditional trash collection
framework, an exploratory study [5] offered a
framework that would reduce transportation distance
by 30% on average in a typical case. By enabling
continuous observation and an optimized route, it
reduces the cost of fuel and human labor, thus
upgrading and improving the system.

Several comparative studies were conducted in the
same fields. These studies included tests utilizing IEEE
802.11 g (Wi-Fi 2.4 GHz), IEEE 802.15.4 (Zigbee),
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and Long-Range Wireless Area Network (LoRaWAN)
[6] to evaluate the performance of each technology in
different environmental settings.

Another contribution discusses the implementation
of various loT strategies and intelligent decision
support systems in agriculture [7]. This research
provides a comprehensive analysis of techniques,
technologies, predictions generated by the PLSR and
ANFIS models, and insights into the challenges faced.

Furthermore, the challenges encountered by DL and
loT are addressed in [8]. Additionally, a bootstrapping
method of transfer learning for pest identification is
proposed, which involves combining fine-tuned
VGG16 with enhanced and improved fully connected
layers.

3. Overview of Smart Agriculture

Agriculture plays a significant role in national
economic growth and sustains human populations by
providing a crucial source of food. Moreover, it has
been an integral part of the development of human
civilization. According to the Food and Agriculture
Organization of the United Nations, by 2050, there will
be an additional 2.3 billion people to feed. This will
require a 70% increase in global food production [9].

One of the pressing challenges faced by agriculture
today is the impact of climate change and global
warming, which leads to uncertainties in weather
forecasting. Farmers struggle to make informed
decisions to mitigate the potential damage caused by
unpredictable climate. To address this issue, the
adoption of loT-based weather forecasting models
offers a solution. These models enable farmers to make
timely decisions by forecasting rainfall and optimizing
pesticide usage. Consequently, the advancement of
sophisticated irrigation and fertigation systems that
consider environmental factors is achievable, leading to
the promotion of sustainable and efficient agricultural
practices.

In response to the growing demand for food, a
concerted effort has been made to enhance the
efficiency of food production. The integration of new
technologies into agriculture is seen as a strategic
approach to achieve this objective. To optimize
agricultural processes, smart farming uses a wide range
of computing technologies, tools, protocols, and
paradigms. Considering the large amount of data
generated by many components, it is noteworthy that
big data, artificial intelligence, cloud computing, and
edge computing offer opportunities and solutions for
effective data preservation, storage, and analysis.
However, smart farming is still in its infancy and
currently lacks effective security features.

Data availability and accuracy will be crucial
components of future smart farming solutions that will
help farmers while ensuring the installation of reliable
and secure systems. Smart farming uses a wide range

of resources; therefore, security considerations include
compatibility, resource scarcity, and massive data
management. Traditional loT [10] settings’ use of
conventional protection measures may not be sufficient
for agricultural systems, leading to new requirements
and possibilities.

A typical agricultural monitoring 10T system entails
the deployment of various sensor types, including
environmental and soil sensors. The collected data
from loT sensors, such as CO2 levels, rainfall,
temperature, humidity, soil moisture [11], and plant
health [10], can be utilized to devise strategies for
enhancing productivity and economic profitability in
Morocco. Subsequently, the gathered data are
transmitted to cloud servers through gateways using the
communication protocols employed within the system.

Overall, smart agriculture represents a promising
approach to address the challenges faced by the
agricultural sector. By leveraging the potential of loT
technologies and data-driven decision-making, farmers
can enhance productivity, optimize resource utilization,
and adapt to changing environmental conditions,
thereby contributing to the advancement of sustainable
and resilient agricultural systems [12].

4. Concept of 10T in Agriculture

Using the IoT in agriculture presents a revolutionary
approach to not only meet the increasing food demands
but also foster sustainability. By lever-aging IoT, crop
monitoring is enhanced, resulting in maximum yield
from plants. The impact of loT and connected devices
in various sectors is undeniable in today’s modern
world, including homes, healthcare, smart cities,
fitness, and industry. Agriculture is no exception. The
loT and connected devices can bring about significant
transformations in farming practices, liberating farmers
from traditional reliance on manual labor. While the
10T is commonly associated with consumer-connected
devices, its applications in agriculture are gaining
traction.

The integration of the IloT technology into
agricultural operations offers several benefits, such as
reduced reliance on manual labor through automation,
accelerated machinery control through remote and real-
time monitoring, and improved resource utilization
through predictive maintenance and environmental
forecasting. By adopting these advancements, farmers
can scale up their revenues and effectively manage
larger areas of land. Smart agricultural technology
empowers farmers with greater control over crop
growing and livestock rearing processes, leading to
increased efficiency, cost savings, and conservation of
scarce resources like water.

Implementing an 10T solution for farming and
agricultural purposes requires careful selection of
appropriate sensors. The choice of sensors depends on
the specific information to be collected and the
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intended use of the data. Ensuring the quality of
sensors is vital for the success of the 10T solution as the
accuracy and reliability of the collected data are crucial
factors. The loT simplifies the collection and
management of large volumes of data from sensors by
using cloud storage, farmland maps, and real-time
monitoring to enable seamless connectivity and
widespread distribution of experiments and relevant
details.

In the realm of smart farming, the 10T is regarded as
a crucial component. Experts assert that farmers could
increase yields by 72% by 2050 through the precise use
of sensors and smart devices. Embracing loT can
significantly reduce costs while enhancing productivity
and overall sustainability. It facilitates improved
resource efficiency by optimizing the use of water, soil,

fertilizers, pesticides, and other essential inputs [13].
By harnessing the potential of the IoT in agriculture,
farmers can revolutionize their practices, achieve
higher yields, minimize waste, and promote sustainable
agricultural systems that meet future food demands.

5. Choosing Architectures for loT

Technologies in Smart Agriculture

The implementation of various designs and efforts
for smart farming using various technologies and
systems enables farmers to make informed decisions
and enhances nearly every element of their work.

Table 1 displays various loT-based smart farming
and agriculture architectures we chose for our
comparative analysis.

Table 1 loT-based smart farming and agricultural architectures (The authors)

References Architecture

Protocol

Technologies

[7] Short Supply Circuit Internet of Things
(SSCloT)

[8] 5-layer sensor edge-fog-cloud terminal system
architecture

[9] 10T Edge-Fog-Cloud Architecture

[10] SmartDairyTrace platform based on Global

Edge Computing Architecture (GECA)

5G-MEC/LoRa/WSN Wi-Fi/3GPP

LoRa/nRF Wi-Fi/AVR

NRF24LO1/HTTP

ZigBee/Wi-Fi/HTTP/MQTT/CoAP

Edge, fog, and cloud computing

Edge and fog computing
LPWAN

Edge, fog, and cloud computing
and Al

Edge and Fog Computing Al
Blockchain

[11] WALLeSMART architecture LoRa/Wi-Fi Bluetooth/ EMQ Apache Kafka, Storm, and
Hadoop
[12] MARS Architecture LoRaWAN WSN UAV cloud computing
machine learning
[13] Overall architecture of the PA platform 6LOWPAN/MQTT/Co AP CPS NFV FIWARE edge computing
[14] Precision farming system architecture ZigBee/LoRa 6LoWPAN/Wi- WSN
FilUAV
[15] GECA 2.0 improved with SDN/NF ZigBee/Wi-Fi/HTTP/MQTT Blockchain SDN/NFV edge, fog
computing, Al
[16] SEnvironodes MQTT/HTTP/2G/3G/AM RabbitMQ, Microservices, Mu,
QP/STOMP Influx, and Firebase
[17] High-level system architecture NRF24L01/12C/SPI/Zigbee WSN ATmega32 8P MCU

Utilizing distributed edge architecture enables the
efficient processing and storage of multimedia and loT
data in close proximity to the data generators. This
proximity allows rapid response times from current
applications due to the immediate access to media
items by data providers [14].

The Short Supply Circuit 10T architecture, which is
built upon short supply chains in agriculture, enhances
efficiency by removing unnecessary intermediaries
between 10T data generators and end users. Utilizing
CNNs and LoRa, this architecture showes an edge and
fog computing-based system for smart farming
procurement [15]. The architecture includes a sensor

layer, where a set of sensor nodes collects data and
sends it to the edge gateway. The edge layer processes
and compresses the data via nRF and sends them to the
fog gateway via LoRa.

Fog gateways connected to the cloud through Wi-Fi,
Ethernet, or 4G are found in locations with old but
dependable internet connections. The end user layer is
made up of mobile applications and websites that
access the data from the cloud layer, which uses
sophisticated algorithms to store, process, and analyze
data.

Based on Edge-Fog 10T cloud, intelligent
agriculture architecture and outcome analysis [16]. The
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architecture consists of three layers: the loT data
collection and transmission layer, which is made up of
sensor nodes that gather and send data to the Edge
through nRF24L01, the processing and intelligence
layer, where the EDGE acts as an intermediary layer
between the loT sensor network and the cloud, and
finally placed in the user application layer where
farmers can access the results.

Architecture based on edge computing (GECA) [17]
consists of three layers: the 10T layer, which is made up
of wvarious sensors, the edge layer, which is
administered by edge nodes or form edge gateways and
serves as an loT device and business solution, and the
middle layer. The gateway between levels examines
and analyzes the gathered data before sending it
through HTTP, MQTT, or AMQP to the application
layer, where it is then sent to the business solution
layer, from where the end user can view and control the
data from the comfort of his own backyard.

Three Lambda layers make up the WALLeSMART
architecture, which is based on the Lambda architecture
[18]. Data is gathered from two main sources, Eleveo
for information on cattle behavior and Pameseb5 for
information on the weather, and is then transferred over
Wi-Fi, EMQ, or the LoRa data processing layer. The
data access layer leverages multiple technologies, such
as graphQL, to create interfaces and re-ports, while the
data processing layer uses Apache Hadoop for batch
data processing before storing it in Cassandra or
PostgreSQL.

Other architecture [19] has been designed to
leverage the latest technological advancements in
drones, cameras and WSNs for an integrated crop
protection and tree protection architecture. The best
level of accuracy in the analysis and processing of
agricultural data will be achieved by combining
computer vision and machine learning technigques. Any
adaptable soilless cultivation platform needs a
circulating green-house with acceptable salinity [20].

Powered by a three-tier open-source software
platform at the local edge and cloud levels, it is based
on cheap swappable hardware. Cyber-physical systems
(CPS) inter-act with cultural objects locally, gather
real-time data, and carry out atomic control operations.
Dashboard In order to increase the system's reliability
against network access failures, this platform is in
charge of controlling and monitoring access points
close to the access network. Finally, the cloud platform
stores the data analysis module for the FIWARE
deployment and gathers both recent and old
information. The Next Generation Services Interface
(NGSI) is utilized for north-south access to the cloud,
whereas 10T protocols such Message Queuing
Telemetry  Transport (MQTT) or Constrained
Application Protocol (CoAP) are used to interface with
the CPS.

A contribution has been created for the generic

reference architectural model [21], taking into account
the energy consumption restriction, a very significant
non-functional need. It aims to address the lack of
smart agriculture architecture by proposing a “precision
agriculture” approach. The primary components of a
precision agriculture system are the collection of
agricultural parameters, the identification of data
collection locations, the transmission of data from the
cultivation field to the control station for decision-
making, the actuation and control of decisions based on
detected data, and the visualization of results to the
farmer through an application.

Based on the prior GECA design, this architecture
[22] has been modified with the following changes:
Two sub-layers make up the edge layer. Existing
components are inherited by edge sub layers. Edge
gateways contain internal storage and data
preprocessing, from the 10T layer to the application
layer and Fog sub layer, starting with the prior GECA.

Fog reverse doors can be found on this new ground
floor. Similar to edge gate-ways, packet fog forwarding
gates in the edge sub layer have tables of routes that
can be reconfigured remotely from SDN. The virtual
network management sub layer, which is the control
plane, and the application sub layer-layer of the SDN
architecture are both sub layers of the business solution
layer that are separated by Southern API control. The
functionality from GECA’s Business Solutions layer is
completely pre-sent in this sub layer.

The two domains of the architecture [23] are
physical and network. The network and perception
layers make up the physical domain, which comprises
IoT devices and represents hardware devices.

There are two main layers in the network domain:
cloud and client. The first layer is the Internet of
Things platform, which is made up of two layers: data
and services, and the second layer is made up of
applications/business apps which support the IloT
platform.

The most recent architecture consists of three levels:
the access layer, gateway layer, and application layer
[24]. The access layer handles data traffic, data
processing, and data trafficking. The gateway layer's
function is to collect data from the access layer and
store it locally on a server. Data processing and end-
user display are managed by the application layer.

6. Methodology

6.1. Choosing Evaluation Criteria

To compare 23 criteria and characteristics of 10T
technologies in smart agriculture, research and
development activities were centered on the IloT
Technologies designs used in the industry, which list
more than 100 items. The crite-ria were chosen with
the intention of identifying and resolving the
limitations and issues related to 10T technologies in
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smart agriculture. We develop eight alternative analysis
criteria that we will use in the multi-criteria study to
enable better analysis and optimization.

The following are the criteria:

«  Protocol (C1): a communication protocol that
defines how multiple digital devices communicate,
which are grouped into different categories based on
their role in the network. Among many other protocols,
there are protocols for connecting infrastruc-ture, such
as “6LowPAN”, communications “Wi-Fi, ZigBee,
Bluetooth”, data trans-mission “CoAP, MQTT,
XMPP”, security “DTLS” and many more.

» Interoperability (C2): the ability for one object
to communicate with other different objects.

* Resilience (C3): the ability of a system or one
of its components to continue its activity in the event of
a failure.

»  Accessibility (C4): This means you can access
the information you need anywhere, on any network,
and in any environment.

»  Scalability (C5): IT resources can be increased
or decreased as needs change.

+ Latency (C6): the time it takes for data to travel
from the source to the destination.

+ Cost (C7): related to
equipment.

infrastructure and

6.2. AHP Methodology

Thomas Saaty created the AHP [25], a multi-criteria
decision-making technique. By displaying the
connections between the aim, objectives (criteria), and
options in a hierarchical structure, AHP enables
decision-makers to represent complicated problems.
AHP includes a number of elements, including
pairwise comparisons, judgments, an eigenvector
approach for determining weights, and consistency
concerns. It also includes hierarchical structure of
complexity.

The steps in the analytical hierarchy process (AHP)
are as follows:

6.2.1. Defining Decision Criteria in the Form of a
Hierarchy of Objectives

The pairwise comparisons done in the indices using
“Criteria 1-9 Proportion” by AHP for the relative
relevance given in Table 2 employ a normalized
comparison scale.

Table 2 Attribute pair-wise comparison scale (The authors)

Intensity of importance Definition
1 Equal importance (no preference)
2 Intermediate between 1 and 3

3 Moderately more important

4 Intermediate between 3 and 5

5 Strongly more important

6 Intermediate between 5 and 7

7 Very strongly important
Intermediate between 7 and 9

9 Extremely strongly more

important

1/2, 1/3, 1/4, 1/5, 1/6, 1/7, Reciprocals of 2, 3, 4,5, 6, 7, 8,
1/8,1/9 and 9

—  Take 1 if they are both equally significant;

— If the former is significantly more significant
than the latter, the former should be given three points
(3) and the latter one-third (1/3);

— If the former is significantly more important
than the latter, the former should be given five points (5)
and the latter one-fifth (1/5);

— If the former is significantly more important
than the latter, the former should be given seven points
(7) and the latter one-seventh (1/7);

— If the former is significantly more important
than the latter, the former should be given nine points (9)
and the latter one-ninth (1/9);

—  The values between them are 2, 4, 6, and 8.

6.2.2. Developing Judgment Matrices A by Pairwise
Comparisons

a1 Q12 Qi3 QAin
a1 Az dz3 QAan
A= {aij} = @1 @32 A3z - dsp (1)

An1 An2 Qap3 -+ Ay
A priority vector is created after a judgment matrix to
weigh the matrix's components.

n
ITj=1 aij

2:?=1n ]1':1ai1'

Inconsistency in pair-wise comparison following
priority vector construction may arise as a result of
subjective human judgment error.

As a result, it is crucial to use the consistency index
(CI) in the following equation to assess the consistency
of the response.

Cl = (Amax —m)/(n—1) ©)

Inconsistency in pair-wise comparison following
priority vector construction may arise as a result of
subjective human judgment error.

As a result, it is crucial to use the consistency index
(CI) in the following equation to assess the consistency
of the response.

CR = CI/RCI 4)

W; = G,j=1,2,..,n) )
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Table 3 Random consistency index (The authors)

Matrix Rank 1 2 3

4 5 6 7 8

R1 0,00 0,00 0,58

0,90 1,12 1,24 1,32 1,41

If CR<0.10, the judging matrix, in our opinion,
exhibits sufficient consistency.

If not, we should make changes to the matrix
members and run a consistency test to ensure that the
comparison matrices are consistent.

In our analysis, we discovered that the comparison
is consistent because the consistency rate (CR) was
CR=0,09, which is smaller than 0,1.

The AHP approach can be used to determine the
weights of the hierarchical structure for the
interoperability assessment of smart agriculture
technologies [26]. The precise weights of the criteria
are determined and displayed in Table 4.

Table 4 Matrices of criteria (The authors)

Criteria Weight
Protocol 0,286
Interoperability 0,188
Security 0,129
Resilience 0,118
Accessibility 0,113
Scalability 0,084
Latency 0,082
Cost 0,080

7. Results and Discussion

7.1. Selection of Optimal 10T Architecture for
Smart Agriculture Using the COPRAS Method

Zavadskas and Kaklauskas present the COPRAS
approach [27].

The COPRAS technique assumes that the relevance
and priority of the studied alternatives are directly and
proportionally dependent on a set of criteria [28], [29].
By putting the following phases into practice, the
COPRAS method's determination of relevance and
priority of alternatives can be expressed succinctly [28-
30]:

e The normalized decision-making matrix R is
constructed using a specific formula in the COPRAS
method for normalization:

— _ %
R=m= R aij ©®)
where rj; is the normalized value, a;; is the performance
of the ith option in relation to the jth criterion, and m is
the number of alternatives.
Forming of the weighted normalized decision
matrix

V=1[vyl, . (6)

Weighted normalized value v is calculated using
the formula:

vij: Wj.rij,i=1,...,m;j=1,...,n (7)
where w; represents the weight/importance of the j-th
criteria/attributes, and 37_, w; = 1.

The normalized decision-making matrix R is
constructed using the following formula in the
COPRAS method for normalization:

P = Z?:lviﬂj Ejmcllx,i=1,...,m (8)
Ri=Yj v lj € j™,i=1.,m (9)
where j™ represents a set of revenue criteria/attributes,

=min

and j™" a set of expenditure criteria/attributes.

e \Weighing each possibility according to its
relative relevance

The following formula is used to determine the

relative weight Q; of the i-th alternative:
= p. +minRiZ$1Ri
Qi i RiZ?:l1ml:iRi
Formula (10) can also be written in simplified form
as follows:

Qi= Pk +

(10)

YitiRi

Riz?:lmii
The weighted relative relevance Q; of the i-th

alternative is determined as follows:
A" = {A;| max Q;}

(11)

(12)

7.2. The Choice of the Best Architecture for 10T
Technology in Smart Agriculture by Applying the
COPRAS Method

Table 5 Results from judgment matrices of criteria (The authors)

Alt C1 Cc2 C3 C4 C5 C6 Cc7
Weight 0,286 0,188 0,129 0,118 0,113 0,084 0,082
A01 10 11 14 16 15 2 2
A02 9 13 14 16 13,5 7 8
A03 9 16 17 16 13 4 6
A04 10 12 13 15 16 2 2
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Continuation of Table 5

AQ5 8 14 14
A06 16 15 12
AQ7 10 12 13
A08 8 14 14
AQ09 10 11 12
Al10 10 9 9
All 9 9,5 8,5

The process for deciding on the most suitable
approach utilizing the COPRAS method will be
described in the steps below:

Developing a normalized decision matrix:
r0,030 0,136 0,060 0,031 0,781 0,938 0,3137
0,030 0,042 0,188 0,469 0,625 1,094 1,094
0,015 0,006 0,063 2,031 0,938 0,625 0,625
0,114 0,060 0,094 2,500 0,313 0,313 0,313
0,129 0,036 0,031 0,375 0,063 0,688 0,688
R=(0,023 0,018 0,125 0,0940,469 0,094 0,094
0,083 0,024 0,031 2,0310,469 0,625 0,625
0,379 0,120 0,094 2,1880,244 0,938 0,938
0,023 0,120 0,125 0,7190,563 0,719 0,719
0,008 0,102 0,125 0,9380,125 0,031 0,031
10,061 0,120 0,094 0,2500,469 0,375 0,375

Developing a weighted, normalized decision matrix:

W=
[0,038 0,155 0,058

V=W=xR
10,009 0,026
0,052 0,006
0,013 0,003
0,039 0,021
0,022 0,024
¥V =10,013 0,004
0,035 0,016
0,004 0,071
0,026 0,004
0,013 0,001 0,013 0,015 0,106
10,061 0,011 0.015 0.011 0.028

Calculating P and R 5 values:
10,1341
0,138
0,254
0,362
0,097
P = 0,045
0,287
0,349
0,142
0,148
10,127
r0,104
0,142
0,130
0,052
0,062
R = 0,047
0,091
0,097
0,106
0,013
10,070

(13)

0,068 0,165 0,110 0,186 0,220] (14)

(15)
0,008
0,005
0,001
0,008
0,005
0,002
0,003
0,015
0,015

0,004 0,088
0,022 0,053
0,007 0,230
0,011 0,283
0,004 0,042
0,015 0,011
0.004 0,230
0.011 0,247
0,015 0,081

0,079
0,053
0,079
0,026
0,005
0,039
0,039
0,020
0,047
0,011
0,039

0,0267
0,090
0,051
0,026
0,056
0,008
0,051
0,077
0,059
0,003
0,031

(16)

(17)

(18)

16 14 6 4
13 12 10 9
15 13 4 6
16 14 6 4
15 13 4 4
5,5 6 16 15
5n 7 17,5 18
Assessing the performance of each smart
agriculture solution and selecting the optimal
alternative:
21 - 14,001 8
AZ 10,32 |11
3111.39 |10
A4 | 2826 |3
As | 23.58 | 4
Q= A¢(30.79 2 (19)
A; {16256
Ag | 1521 |7
Ag | 13.77 | 9
A..1110,93] 1
10 5
A, L 20.76
11

Based on the values of Q;, the most suitable loT
technology for smart agriculture is A10 (LoRa
technology).

Fig. 1 displays the distribution of the four curves
that represent the ultimate performance of each loT
technology-based smart agriculture system in relation
to the comparison criteria.

Qi-125

110.93

Qi- 100

Qi-75

Qi-50

28.26 30.79
23.58

Qi-25 20.76
1625 1521
14 10.32 11.39 1377

Qi-0
Alt - ADTAIL - ADZAIL - AD3AIL - AO4AIL - ADSAIL - ADBAIL - AOTAIL - ADBAIL - ADIAIL - A10 Alt - 11

Fig. 1 Resulting performance of each 10T architecture in smart
agriculture (The authors)

Q = 110,93 is the performance score that is best.
According to this comparative analysis, we can say that
none of these 10T technologies was able to achieve a
perfect score.

The study’s findings show that, with an overall
score of Q = 110,93, the LORA Protocol, which is the
best option under the circumstances and consistently
achieves the highest scores on all of the chosen criteria,
is superior to other smart agricultural systems.

The other protocols, such as the 5G-MEC protocol
with a score of Q=10,32 and the ZigBee protocol with
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a score of Q=30,79, respectively, come last and are
followed by other IOT technologies.

8. Conclusion

The advancement of farming practices through
smart farming is crucial for achieving increased
production rates while preserving natural resources. By
incorporating  efficient control of  actuators,
optimization of resource usage, streamlined production
management, and cost reduction, smart farming can
significantly enhance agricultural operations. However,
to fully realize these benefits, intelligent systems must
possess enhanced computational capabilities, including
edge computing, effective big data management, access
to artificial intelligence resources, and robust security
features.

In this research, we proposed a methodology
combining the AHP and COPRAS methods for the
selection and evaluation of the 10T technology
architectures used in smart agriculture. The AHP
method facilitated the determination of criteria weights,
while the COPRAS method aided in identifying the
optimal solution among the analyzed options. By
employing these methodologies, we achieved a more
objective and consistent approach to selecting the loT
technology architectures for smart agriculture.

It is important to note that this methodology can be
extended to evaluate and rank combinations of other
types of 10T technologies-based solutions in smart
agriculture. Additionally, the selection of appropriate
smart agriculture solutions can be based on diverse
criteria beyond those utilized in this study, thereby
allowing for more comprehensive assessments tailored
to specific needs.

Moving forward, future research efforts should
focus on expanding the scope of criteria and
considering additional aspects to further enhance the
decision-making process in selecting the loT
technology architectures for smart agriculture.
Furthermore, investigations into the integration of
emerging technologies, such as edge computing and
artificial intelligence, should be explored to unlock
their potential in optimizing agricultural practices.
Overall, the findings of this study contribute to the
ongoing development of sustainable and efficient smart
agriculture systems, advancing the transformation of
the agricultural sector and ensuring global food
security.
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