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ABSTRACT 

 

ARTICLE INFO 

The use of IoT in intelligent agriculture is now very common 

among farmers, and with the use of drones and sensors, advanced 

agriculture is rapidly becoming a growing global standard. The use 

of IoT requires infrastructure that is defined within an IoT 

governance framework. This paper proposes new approaches to 

knowledge management, Artificial Intelligence, and IoT 

governance and their impact on productivity in the agriculture 

sector by hiring specialized people who are called AI-aided 

Agriculture Knowledge Managers  . Given the importance of all 

three topics, knowledge management, IoT, and agriculture, we 

have tried to show the impact of the presence of AI-aided 

Agriculture Knowledge Managers and IoT in reducing water 

consumption as one of the most important requirements of 

agriculture in a simulation by Matlab Software. The data was 

obtained from the Eurostat database. We also provide a framework 

for the presence of AI-aided Agriculture Knowledge Managers in 

fields that are specialized in agricultural science and knowledge 

management. Finally, due to the importance of governance in this 

sector, a framework for the governance of artificial intelligence in 

the field of agriculture with the presence of knowledge managers 

has been proposed. ©authors 
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1. Introduction 

Global agricultural production has to rise by 

69% between 2010 and 2050 to produce 

food for feeding a population of 9.7 billion 

by 2050 (Meola, 2020). Much of this growth 

need farmers who rely on generational 

knowledge in their farming practices; On the 

other hand, The Internet of things (IoT) plays 

a significant role in agricultural production 

due to the integration of various sensors and 

objects to communicate directly with one 

another without human intervention (Antony 

et al., 2020), which is followed by the issue 

of IoT governance. IoT governance focuses 

specifically on the lifecycle of IoT 

applications, IoT devices, and IoT-managed 

data. IoT governance defines changes in IT 

governance to ensure that concepts and 

principles are properly managed and can 

serve the stated business objectives for their 

distributed architecture (Gantait et al., 2018).  

Therefore, by using IoT,  smart farming 

has already become very common among 

farmers, and with the use of drones and 

sensors, advanced farming has quickly 

become a growing global standard; for 

example tech giant IBM estimates that an 

average farm can generate half a million data 

points per day which help farmers to 

improve yields and increase profits. In 

addition to all this, Knowledge Management 

(KM) entering its third generation is being 

integrated with Artificial Intelligence (AI). 

The presence of managers specialized in AI-

aided Knowledge Management (AIKM) in 

agricultural processes is empty. There are 

many tasks that IoT alone cannot handle, and 

human experience and knowledge are 

needed. AIKM experts can play a prominent 

role in monitoring the progress of tasks by 

IoT and farmers. 

To the best of our knowledge, although 

researchers have mostly focused on the 

impact of IoT in agriculture and several 

studies on KM on the farms, there are no 

studies on the AIKM process in agricultural 

fields. It is not clear how the AIKM process 

works in the agriculture context. Empirical 

work in this area is lacking. Therefore, in 

this paper, we are trying to develop an 

approach to address AIKM in agricultural 

fields due to the need of finding a new way 

to raise the farms’ outputs by the impact of 

IoT governance on the farms which need 

specialized managers. Moreover, we present 

an IoT governance framework related to the 

agriculture field. 

 

2. Literature Review 

Even though KM is already widely used in 

business and public sector organizations 

(Sanguankaew & Vathanophas, 2019), it also 

has potentially important implications when 

applied to the agriculture sector. A brief 

history of devices and methods used to store 

and share knowledge reveals different 

strategies that aim to optimize users' searches 

through increasingly fast and accurate 

answers (Garcia et al., 2019) and also for 

understanding concepts in the process of 

frameworks in KMS development and 

applying knowledge sharing (Alemu et al., 

2020). The relationship between the 

knowledge management process and ICT in 

Indian agricultural organizations has been 

analyzed (Vangala et al., 2017).  

An agricultural KMS using physical and 

human sensors shares and transfers 

knowledge among farmers for improving 

efficiency and productivity (Uchihira et al., 

2018). Integrating images with KBS crop 

production management with the expert 

system of cucumber has revealed the 

implementation problems (Rafeal, 1991). 

Implementing the semantic web for 

agricultural knowledge management and 

semantic knowledge retrieval as the use of 

ontological affirmations in agricultural KM 

(Zheng et al., 2012) and an ontology 

mapping approach (Xiao et al., 2013) has 

been reviewed. 

Knowledge-based approaches have been 

developed on the farms; such as presenting 

expert systems called SOYGRO (Batchelor 

et al., 1989), or PRITHVI which are based 

on fuzzy logic for Soybeans crop (Prakash et 

al., 2013), an expert system for the cotton 

crop (Stone et al., 1989), using ANN to 

differentiate weeds from the crops (Gliever 

et al., 2001), using ANN for forecasting 

water resources variables (Maier & Dandy, 

2000), predicting nutrition levels in the crop 
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(Song & He, 2005; Robinson & Mort, 1997), 

estimating of ET (Nema et al., 2017), 

estimating soil moisture in Paddy fields 

using decidedly less meteorological data 

(Arif et al., 2012 .) 

The eSaguTM system developed by 

Media Lab Asia with the International 

Institute of Information Technology (IIIT), 

Hyderabad, is a proprietary information 

technology-based agricultural advisory 

system (National institute of agricultural 

extension management, nd) A system for 

online agricultural services (AOS) which 

provides a common gateway for ontology 

retrieval, and can benefit agricultural 

knowledge management and other semantic 

application(Jinhui et al., 2010); automating 

the Maintenance, Control of Insecticides and 

pesticides, and also introducing a system 

optimally waters crops based on a wireless 

sensor network using node sensors in the 

crop field with data management via 

smartphone and a web application are other 

studies in this field (Muangprathub et al., 

2019). An external cloud computing 

operating system to manage the full 

utilization of appropriate knowledge and 

technology (Ahmad et al., 2015); using small 

and self-made model vehicles that are 

regularly patrolled to collect daily product 

information on farm products in an outdoor 

farm (Chen et al., 2018) have been 

introduced too. 

Image analysis and neural networks 

discriminate weed from crops (Aitkenhead et 

al., 2003); a developed expert systems based 

smart agriculture system consists of 

temperature, humidity, leaf wetness, and soil 

sensors to send the data to the server so that 

actuators of the field presented to be able to 

make appropriate decisions (Shahzadi et al., 

2016). 

Various automation techniques such as 

IoT, wireless communications, machine 

learning, artificial intelligence, deep 

learning, and points to issues that cause 

problems in agriculture such as agrarian 

diseases, lack of maintenance management, 

pesticide control have been explored (Jha et 

al., 2019).  

A soft computing model for knowledge 

engineering of wheat production 

management in a decision support system 

(Aqil Burney, 2018), the yield prediction of 

paddy rice as to be useful for planning the 

rice cultivation schedule (Yuichiro et al., 

2018), developing and standardizing a scale 

for measuring farmers' perception of the rice 

knowledge management portal's information 

(Kumar, 2018), detect plant diseases by 

images or non-image hyperspectral data 

which require manual operations to obtain 

the photos or data for analysis (Chen & Lin, 

2019), RiceTalk project that utilizes non-

image IoT devices for rice blast disease 

prediction (Kim et al., 2018),  getting Live 

Data (Temperature, Soil Moisture) for 

efficient environment monitoring (Pai et al., 

2020), using data mining and communication 

protocol/ network for optimal management 

of agriculture (Sahana et al., 2020), 

serializing and analyzing information  of the 

state of plants (a et al., 2019), assisting 

agricultural managers and managing crops 

(Rafea et al., 1995) are other studies in this 

field. 

Research in agricultural robotics 

encompasses a wide range of applications, 

from automated harvesting using custom-

designed mobile platforms, to innovative 

pesticides or targeted spray groups for 

greenhouse pests (Sammons et al., 2005). 

Most have been commercially integrated, up 

to the optimal manual design for independent 

de-leafing process of cucumber plants 

(Henten et al., 2006), and Simultaneous 

Localization and Mapping Techniques for 

Plant Cutting (Billingsley et al., 2008). Most 

of the literature in this field focuses on (a) 

vision-based control, advanced image 

processing techniques, and automatic 

harvesting of valuable fruits, for example, 

the literature on sweet pepper (Bac et al., 

2013; Hemming et al., 2014a; Hemming et 

al., 2014b; Shamshiri et al., 2018), Palm oil 

(Shamshiri et al., 2012; Ishak & Ismail, 

2010; Jayaselan & Ismail, 2010), mango 

(Stein et al., 2016), cucumber (Henten  et al., 

2002; Tang et al, 2009; Henten et al., 2002; 

Henten et al., 2003a; Henten et al., 2003b; 

Henten et al., 2010; Henten et al., 2009; 

Henten et sl., 2006a), almond (Underwood et 

al., 2015; 2016), apple(Thanh et al., 2017; 

Bargoti et al., 2017; Jia et al., 2018), 
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strawberry (Hayashi et al., 2010; Feng et al., 

2012; Han et al., 2012), cherry fruit 

(Tanigaki, 2008), citrus (Lu et al., 2016; 

Mehta et al., 2014; 2016), vineyards(Nuske 

et al., 2014a,b; Zaidner et al., 2016), and 

tomato (Feng et al., 2014; Wang et al., 2017; 

Senthilnath et al., 2016; Shamshiri et al., 

2013; Feng et al., 2018), or (b) powerful car 

navigation algorithms and vision systems for 

developing field robots that can be used in 

performance estimation. Transplant (Bargoti 

& Underwood, 2017), thinning (Lee et al., 

2007), weed and target (LI et al., 2015), 

seedling and transplant (Hu et al., 2014; Ryu 

et al., 2001), Delicate handling of sensitive 

flowers(Huang et al., 2010; Yang et al., 

2018), and multi-purpose field navigation 

robots (Weiss & Biber, 2011; Cariou et al., 

2009; English et al., 2014; Bak et al., 2004; 

Yin et al.; 2014; Qi et al., 2016; 

Ruckelshausen et al., 2009). Another 

example of the use of IoT-based devices is 

the use of cameras (Anvekar et al; Krishna et 

al, 2017) to verify the quality of food 

(Mohanraj et al, 2016). In addition, there are 

some experimentation frameworks 

developed for agricultural robots (Shamshiri 

et al, 2018). Some IoT software in 

agriculture have been presented such as AG-

IoT (DDin et al, 2017), Agro 4.0 (Fonseca et 

al, 2016), Agro-Tech (Pandithurai et al, 

2017), Malthouse (Dolci et al, 2017), 

Raspberry Pi cards (Anvekar et al , 2017; 

Shete et al, 2016). 

A new agricultural KM system (smart 

voice messaging system) called an 

"agricultural Internet of Everything (IoE)” to 

a greenhouse vegetable farm in Hokkaido 

can capture data from the physical and 

human sensors (voice messages) to create 

and improve agricultural knowledge 

(Uchihira & Yoshida, 2018). A knowledge 

management strategy for climate change 

adaptation among urban farmers in Harare is 

recommended (Chisita & Fombad, 2020) 

KM activities in agriculture are 

influenced by Individual, institutional and 

knowledge factors. Developing effective 

knowledge infrastructure, involving different 

stakeholders and using appropriate 

information and communications technology 

tools in enhancing access to the knowledge 

required by rice farmers in Tanzania are 

demanded (Mtega & Ngoepe, 2020). 

For having effective management in 

agriculture sectors, an agricultural 

knowledge management system (KMS) in 

respect of various micro-irrigation 

techniques for agriculture and artificial 

neural networks (ANNs), which are a part of 

soft computing techniques, can be used 

(Chanda et al, 2020). 

Drones, GPS, robotics, IoT, AI, big data, 

and solar energy are essential components in 

smart agriculture to improve farming 

practices. Authors discovered seven key 

drivers and challenges for smart agriculture 

which included: enabling technologies, data 

ownership and privacy, accountability and 

trust, energy and infrastructure, investment, 

job security, and climate change (Ofori& El-

Gayar, 2019). 

The rapid growth of connected devices 

that are increasingly being deployed in the 

physical environment as part of the so-called 

Internet of Things (IoT) requires significant 

attention by policymakers at both national 

and international levels as to the economic 

and social benefits these technologies can 

bring and how they can be effectively 

implemented. There have been studies 

leading to a range of different governance 

models in different fields (Weber et al, 2013; 

Khan et al, 2020; Jacobs et al, 2020). Many 

of these models relate to larger scale 

deployments as part of “smart city” urban 

infrastructure programs (Janssen et al., 2019) 

such as 4I framework (Dasgupta et al, 2019). 

As the literature shows there is research 

on using IoT on farms. In some cases, KM is 

implemented on farms especially in agri-

based countries.  IoT is used in different 

fields such as fruit gardens too. But there are 

not enough studies on the combination of 

IoT and KM; on the other side, agriculture 

has not been studied in terms of the KM 

approach integrated with IoT governance 

under expert supervision called AI-aided 

Agriculture Knowledge Managers (AAKM). 

In this approach, all the tasks are carried out 

in an IoT governance framework which is 

led by the authorities. 

In this paper, we aim to develop this AI-

aided Agriculture Knowledge management 
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approach which is defined in the use of IT, 

AI components, KM, and agriculture science 

and it is supported by an IoT governance 

framework which is a significant pillar in 

using IoT in the farm fields. 

 

3. Methodology 

In 2020, we began to search AI and KM 

articles to identify AI and KM needs and to 

develop plans to address those needs using 

quality improvement regarding the 

agriculture field. The present study is 

developmental and applied in terms of 

purpose because the identification and 

application of AI and KM in the field of 

agriculture through an IoT governance 

framework are exploratory in nature. Also in 

terms of data type, it is quantitative. 

To identify the latest advancements in 

these sciences, after an in-depth review of 

the literature on artificial intelligence and 

knowledge management, and agriculture can 

be said that there has not been any paper 

discussing these three fields due to the 

novelty of the subject. 

Scientific-research, reviews, and 

conference articles between 2016 and 2020 

with the keywords "Knowledge Management 

+ Agriculture", "Artificial Intelligence + 

Agriculture", "Knowledge Management and 

Artificial Intelligence and Agriculture", 

"Artificial Intelligence + IoT governance 

framework + knowledge management" in 

ResearchGate, Google Scholar was searched. 

Thirty-three main articles were selected that 

had three thematic commonalities between 

AI, Knowledge Management, and 

Agriculture. But there was no paper in AI, 

KM, and IoT governance framework. 

Then, a framework is proposed which 

shows the importance of the existence of an 

AAKM on the farms. 

In the following, to check the accuracy of 

the framework, second-hand EU database 

data were used, and finally, in MATLAB, we 

simulated and estimated the effect of using 

artificial intelligence in the irrigation section 

as a sample. 

According to KM approach and AI, we 

suggest an IoT governance framework for 

agriculture sector. 

 

4. Cognitive KM on the farms 

4.1. KM on the Farms 

There are different frameworks for 

distinguishing between knowledge. A 

proposed framework for classifying the 

dimensions of knowledge is the distinction 

between tacit knowledge and explicit 

knowledge. Implicit knowledge expresses 

one's inner self that one may not be aware of, 

such as how one performs certain tasks. On 

the other hand, explicit knowledge expresses 

the knowledge of which the individual is 

aware and with mental concentration, he can 

somehow communicate with others and 

share it if necessary. 

For instance, as mentioned in the literature, 

the eSaguTM system is implemented on 

farms in India to share the knowledge 

between farmers and provide a way to create 

knowledge. In this system, agricultural 

experts make recommendations using the 

latest information on the status of the crop 

received in the form of photos and text. The 

expert agricultural consultant regularly 

delivers these recommendations in the form 

of photos and text (usually once a week or 

twice a week depending on the crop) from 

the planting stage to the harvesting stage 

without the farmer asking (National Institute 

of Agriculture Extension Management). 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. ESaguTM system 

 

4.2. Cognitive KM on the farms 

Entering the third generation of KM, the next 

evolution of the connection between KM and 

AI has led the way for cognitive computing. 

Cognitive computing uses computerized 

models to simulate human thought processes 

and involves self/deep learning artificial 

neural network software that uses text/data 

mining, pattern recognition, and natural 
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language processing to imitate the way the 

human brain works (Rhem, 2020). Cognitive 

computing is not a single technology: It 

makes use of multiple technologies and 

algorithms that allow it to infer, predict, 

understand and make sense of information. 

These technologies include Artificial 

Intelligence and Machine Learning 

algorithms that help train the system to 

recognize images and understand speech, to 

recognize patterns, and through repetition 

and training, produce ever more accurate 

results over time. Through Natural Language 

Processing systems based on semantic 

technology, cognitive systems can 

understand meaning and context in a 

language, allowing a deeper, more intuitive 

level of discovery and even interaction with 

information. 

The main list of cognitive technologies 

solutions consists of: 

Expert Systems, Neural Networks, 

Robotics, Virtual Reality, Big Data 

Analytics, Deep Learning, Machine Learning 

Algorithms, Natural Language Processing, 

and Data Mining 

To have Cognitive KM on the farm, there 

has to be a Knowledge Base (KB) which for 

the domain and their interrelations an 

ontological approach is required. This kind 

of knowledge base makes it possible to 

describe any heterogeneous subject domain, 

however, complex it may be. Cognitive 

computing can accelerate our ability to 

create, learn, make decisions, and think (KM 

website, 2017). It gets progressively smarter 

with every interaction and use (IBM, 2018). 

This machine can read and understand 

unstructured information like blogs, videos, 

tweets, newspapers by using an ontology-

mediated KB. 

There are certain thematic KBs in the 

form of ontologies in the agrarian sector 

(Skobelev et al, 2019) which can be used as 

Metaontology to formalize knowledge. 

Metaontology is defined according to the 

"Aristotle model" which the main concepts 

of are: "object", "property", "process", 

"relation", and "attribute"(Skobelev, 2012); 

some ontologies in the agrarian sector are 

such as followings: 

 The Gene Ontology (GO)  

 The Plant Ontology (PO) 

 The Phenotype and Trait Ontology 

(PATO)  

 The Crop Trait Ontology (CTO) 

(Shrestha et al, 2010) 

 Plant Experimental Conditions 

Ontology (PECO)  

 The Environment Ontology (ENVO) 

(Buttigieg et al, 2013) 

 Thesaurus of Plant characteristics 

(TOP) (Garnier et al., 2017). 

On the other side, skilled farmers make 

some different decisions because of their 

experience on the farm. The knowledge 

related to different decision makings and 

farm situations is captured and stored from 

the farm as received knowledge in the local 

KB which is just for a particular farm. 

Besides, Knowledge Extraction (KE) by a 

metaontology from global KBs stores the 

essential knowledge in KB such as disease 

outbreak, extreme weather or extreme 

climate events includes unexpected, unusual, 

severe, or unseasonal weather 

(Intergovernmental Panel on Climate 

Change, 2020), forecasts, drought, famine or 

even same experience on another farm. This 

extracted knowledge is categorized and 

stored in KB.  Cognitive KM can learn and 

make decisions with the knowledge gained 

from categorized and local KBs by 

Knowledge Discovery Database (KDD) 

which is the broad process of finding 

knowledge in data, and emphasizes the "high-

level" application of particular data mining methods. 

KD in databases is the non-trivial process of 

identifying valid, novel, potentially useful, and 

ultimately understandable patterns in data 

(Knowledge Discovery in Databases website, 2020). 

 

 

 

 

 

 

 

 

 

 

 

Figure2. Cognitive KM on the farms 

 

In this regard, the AIKM device sends 

essential orders to agricultural robots. there 

are a lot of robots used in the fields such as 
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targeted spraying with robots for weed 

control e.g. BoniRob (Ruckelshausen et al, 

2009), AgBot II (Bawden et al, 2014), 

Autonome Roboter (Ruckelshausen et al, 

2006), Hortibot (Jørgensen et al, 2007), 

Tertill (MacKean et al, 2017), Kongskilde 

Robotti (Green et al., 2014), RIPPA (Bogue, 

2016), field scouting and data collection 

robots e.g. Trimbot2020 (Strisciuglio et al, 

2020), Wall-Ye Diago & Tardaguila, 2016), 

Ladybird (Bergerman et al, 2016; 

Underwood  et al, 2015), Harvesting robots 

e.g. Harvey (Lehnert et al, 2017) the CROPS 

sweet pepper harvesting (Bac et al., 2013) 

and Citrus robot (Mehta et al., 2014). 

By having information sent by drones and 

the knowledge base which is connected to 

them, robots are sent to do necessary actions 

on the field. During the robots' operations on 

the farms, all activities are monitored by 

farmers. Finally, the reports are sent to the 

farmers for sharing the knowledge with other 

farmers to use shared experiences. 

 

5. Innovation on Farms by AAKM and 

IoT Governance 

Using IoT can help agricultural 

development, especially in rural areas. IoT 

can be used to enhance services that allow 

farmers to store shared data, and 

information, and increase interaction 

between farmers and agricultural experts (Bo 

& Wang, 2011). Increasing demand for food 

and the use of innovative agricultural 

technology is expected to be very 

competitive. The establishment of the IoT 

provides new business models, where single 

farmers can be in direct contact with 

consumers, which leads to greater 

profitability (Dlodlo and Kalezhi, 2015). 

One of the perceived benefits of IoT is the 

ability to monitor remote devices and 

equipment Sander, 2015). The use of IoT in 

agriculture helps save time and money on 

inspecting large farms  

(Asplund & Nadjm-Tehrani, 2016). IoT 

also allows real-time monitoring of farm 

assets and machinery against theft, 

replacement of parts, and timely 

maintenance (Elijah & Orikumhi, 2018). 

At the core of both KM and AI, there is 

knowledge. AI provides mechanisms to 

enable machines to learn. AI allows 

machines to acquire, process, and use 

knowledge to perform tasks and to unlock 

knowledge that can be delivered to humans 

to improve the decision-making process. 

Therefore, the application of IoT in 

agriculture is about empowering farmers 

with decision-making tools and automation 

technologies that integrate products, 

knowledge, and services for better 

productivity, quality, and profitability 

(Rhem, 2017).  

In recent years, farmers have been under 

the pressure to achieve better crop yields, so 

they can strengthen the agricultural sector by 

using new technology and innovation 

programs as AIKM. Farmers are and will be 

concerned about the use of resources, social 

demands, energy, water, and market 

demands, and etc. (DeVries & DeBoer, 

2010) or about the new challenges in the 

agricultural sector (Le Masson  et al., 2010) 

caused by applying AI. 

In addition, to overcome these challenges 

and low levels of production (Odra et al., 

2004), it is necessary to study the challenges 

of farmers to prevent the decline of 

agricultural activities Dhakshana, A., 

Rajandran, 2019). It is also required to 

access to knowledge bases and knowledge 

managers that can inform them of the impact 

of changes on agriculture such as extreme 

weather conditions, the outbreak of diseases, 

climate change, and farming’s environmental 

impact and so on, and on the other hand, to 

meet new technology and innovation 

programs IoT Governance is a key to solve 

the problems and help farmers to face with 

these challenges. This is where AIKM can 

help. 

In terms of environmental issues, as an 

example, IoT-based smart farming can 

provide great benefits including more 

efficient water usage, or optimization of 

inputs and treatments (Ravindra, 2018). 

Implementing artificial intelligence 

involves the process of learning machines. 

This leads us to the sub-domain of artificial 

intelligence: "machine learning". The sole 

purpose of machine learning is to feed the 

machine with data from past experiences and 

statistical data so that it can perform its 



Knowledge Processing Studies. December 2021, Serial 1, 1(1): 1-23. 

8 

assigned task to solve a particular problem. 

There are many applications today that 

include analyzing data from past data and 

experience, speech and face recognition, 

weather forecasting and medical diagnosis. It 

is because of machine learning that the field 

of data science and big data has evolved so 

far. Machine learning is a mathematical 

approach to making smart machines (Jha et 

al., 2019). 

In order to develop effective AI solutions 

and understand how farmers use AI and 

machine learning, agri-tech companies need 

high-quality data. The future of farming, 

therefore, lies in collecting and analyzing 

quality agriculture data in order to maximize 

efficiency. Using satellite data to predict 

weather patterns is no easy task. IBM, for 

example, processes data from multiple 

satellites using Watson’s Decision Platform 

for Agriculture, which aims to combine 

predictive analytics, AI, weather data, and 

Internet of Things sensors to give farmers 

insights on plowing, planting, spraying, and 

harvesting. Each satellite provides a digital 

image at different intervals, be it vegetation, 

soil and water cover, sea and land surface 

temperature or weather patterns (Smart 

Farming, 2020). So sharing knowledge and 

experience can be an easier way to gather 

data and create knowledge. 

 

5.1 The role of AAKM 
Rapid changes in the KM area are 

substantially dependent on the considerable 

progresses made by the mankind in the 

information technology (IT) during these 

years. In fact, IoT as part of the applied 

technologies in the IT world has rendered 

feasible the fast growth and sharing of 

knowledge. IoT records the data pertinent to 

the natural phenomena and classifies and 

calculates them for the purpose of facilitating 

a better and easier perception thereby to 

enable the human beings better perceive the 

phenomena. The quality of achieving an 

integrated source in regard of resource 

description is an important challenge in IoT 

for a large number of heterogeneous devices 

(Shahpasand & Rahimzadeh, 2018). In this 

case, to achieve the purposes we call a new 

approach AIKM which has to be managed 

and led by specialized managers in Artificial 

Intelligence based Agricultural Knowledge 

Management (AI-AgrKM) 

 

AAKM have to be familiar with followings: 

 agricultural sciences  

 artificial intelligence and its 

application in agricultural land  

 familiarity with applications and 

equipment used in the land  

 Mastery and familiarity with IoT 

Governance  

 knowledge of climate and 

environment  

 knowledge of new sciences, and 

other innovations in the farm  

 access to knowledge bases 

  Store knowledge, and information 

obtained from reports in the 

knowledge inventory. 

 

5.2. The role of IoT Governance 
In the field of Internet governance, the 

Internet Governance Working Group has 

referred to the "development and application 

by governments, the private sector and civil 

society, in their respective roles, of shared 

principles, norms, rules, decision-making 

procedures, and programs which shapes the 

evolution and use of the Internet (Weber, 

2013)." 

  

5.2.1. Processes in IoT Governance 

Processes and policies are an acceptable part 

of any governance model. They are activities 

that are followed, implemented, and applied 

to manage all IoT actions. Figure 3 shows 

the key components of an IoT governance 

and management model.  

 

 

 

 

 

 

 

 

 
 

 

 

Figure3. The key components of an IoT governance 

and management model (Weber, 2013) 
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5.2.2. IoT governance model 

The IoT governance model defines policies, 

processes, and standards in these areas: 

 Device Portfolio Management 

which deals with life cycle funding of 

devices, sharing of devices, 

incentives and funding, IT processes, 

and therefore the corresponding 

changes necessary to sustain a 

selected IoT target state. 

 Device and platform vendor 

management helps with identifying 

and managing the proper vendors that 

are required for the IoT solution.  

 Complexity of IoT solutions many 

different technologies and 

hardware/software components are 

involved in any IoT project. 

 Domain-specific expertise to make 

business value for the client. 

 Operational Management which 

addresses device lifecycle 

management, device monitoring, 

capacity and performance, security, 

change management and device 

registry (Gantait et al., 2018). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Developers who want to form the 

foremost of the opportunities of IoT should 

foster skills across a variety of key topic 

areas including: 

 Hardware 

 Networking 

 Application design 

 Application development 

 Security 

 Data and AI (Gerber & Romeo, 

2017) 

5.2.3. A Novel Framework for IoT 

Governance in Agriculture 

 

The issue of governance has affected 

stakeholders, who are primarily concerned 

with traditional systems. The multifaceted 

government challenge is becoming more and 

more participatory in discussing effective, 

agile, and strong policymaking because new 

technologies are increasingly affecting our 

economic and economic activities. 

Based on AlEnezi et al. (2018) IoT 

governance framework, an innovative AI-

AgrKM framework is presented in Figure 4. 

The framework shows the actors and 

activities involved in the implementation of 

IoT in the agriculture sector. 

 

 

 

 

 

        

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure4. An innovative framework for IoT governance of AI-Agr 
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This framework includes 4 stages as follows: 

1. Preparation: This stage is performed 

by AAKM which is the most 

important of the whole project. The 

significant task of managers at this 

stage is to convince the government 

to support the implementation of IoT 

governance in the agricultural sector. 

It can happen with conceptualization, 

analysis, set priorities, budgeting, and 

planning for initiation (Moore, 2015; 

Zubizarreta et al., 2016). 

2. Investment: AI engineers and AAKM 

begin to design and provide 

substantial infrastructure after 

receiving the budget from the 

government. The essential 

infrastructure includes sensors, 

networks especially 5G or an 

upgraded one, platform, and 

applications (Li et al., 2015). 

3. Implementation: Sensors, networks, 

platforms, and applications are set on 

the farms and applied in the process 

of farming. All the connections 

between devices have to be assessed.  

4. Evaluation: During the maintenance 

phase, the infrastructure is repeatedly 

monitored and managed by AAKM. 

If there are any challenges or 

deficiencies and defects, AAKM and 

AI engineers solve the problems. To 

apply AI-Agr, in each of the stages 

brainstorming, budget and security, 

and privacy are crucial. 

 

5.3. AAKM in Irrigation 

In agriculture, irrigation is one of the critical 

tasks to ensure adequate crop yield by 

preventing avoiding under- and over-

watering. In addition, transporting water and 

working with irrigation equipment is costly 

as well as the water in some places. 

Intelligent irrigation seeks to use IoT and 

analytical methods to accurately exploit 

irrigation and aims to make farmers more 

efficient by flowing water in the right 

amount to the places where it is used and at 

the right time (Togneri et al., 2019).  

As the human need for water to provide 

food, with increasing population and 

biological and climate changes on the earth, 

in this paper, we are trying to develop an 

approach to address AI-AgrKM due to the 

need of finding a new way to raise the farms' 

outputs by proper irrigation and impact of 

IoT governance on the smart farms with the 

help of AAKM. Applying irrigation sensors 

on the farms as well as having knowledge 

specialists who can make the right decision 

based on the situation. It can reduce their 

water consumption by up to 30% (futureiot, 

2020). 

An IoT-based platform for intelligent 

irrigation was created with a flexible 

architecture to easily connect IoT 

components and machine learning (ML) to 

build practical solutions. The purpose of this 

architecture is to facilitate the establishment 

of the system and farmers, by providing 

reduced costs and more efficient product 

yield, which can predict the impact on 

various stakeholders, including IoT 

specialists. This exploration platform enables 

more ML-based solutions and how it has a 

positive impact on the needs of IoT 

professionals and farmers. The pilots of the 

SWAMP project have just been deployed. 

They work properly, and the data is 

collected. The next step is expected to be a 

small impact by the end of 2020, data 

analysis, and publication of results (Togneri 

et al., 2019)  

A research stated that by using a 

microcontroller plus IoT build, NodeMCU it 

is possible to acquire readings from the 

moisture sensor and also by connecting to 

the Internet, can send the soil moisture data 

to the phone to have data visualization and 

monitoring. So we can manage the soil 

moisture and proper irrigation Faudzi, & 

Athif, 2019) 

Water management, especially in 

countries with water shortages, affects 

agriculture. Therefore, studies aimed at 

saving water consumption in the irrigation 

process have increased in recent years. 

Typical commercial sensors for agricultural 

irrigation systems are very expensive, 

making it impossible for farmers to 

implement this type of system. However, 

manufacturers now offer low-cost sensors 

that can be connected to nodes so that they 

can use cost-effective systems for irrigation 
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management and agricultural monitoring 

(García et al., 2020) 

Soil moisture sensors provide substantial 

insight into the behavior of water in the soil. 

Matlab simulation was used to demonstrate 

the role of an AAKM in the process of farm 

irrigation as well as smart irrigation based on 

soil moisture. 

Therefore, second-hand data (20000 

records) on crops in 2018 based on moisture 

was used from the Eurostat database for 

testing in MATLAB. Eurostat covers 

agricultural statistics and data on farm 

issues, agricultural economic issues, 

agricultural production, agriculture, and the 

environment, and organic farming. European 

Environment Agency published trends in 

summer soil moisture in Europe. We applied 

0.5 as the lowest soil moisture measure 

required for irrigation, according to the 

European Environment Agency report . 

To simulate the use of IoT in agricultural 

irrigation, assuming the implementation of 

IoT governance, the role of the AAKM in 

software was also defined. In this way, the 

amount of soil moisture is measured through 

the sensors located in the ground, then sent 

to the intelligent system for the order, but 

before issuing the irrigation order, these 

reports and data are observed by the expert 

and the final order of irrigation or non-

irrigation will be sent to the smart equipment 

located on the farm. 

 

k=0 

for i=1:36 

   if (isnan(data2018(i))==1) 

        

       disp('data is not valid on this day) 

       disp(num2str(i)) 

%         

%       fprintf('dar roze ',num2str(i),' data is 

not valid on this day ') 

   else  

       k=k+1 

       data2018(k)=data2018(i) 

       if(data2018(i)<1.5) 

           s=input('soil moisture<0.5  Irrigation 

order issued?? yes1 or no2') 

           if s==1 

%             fprintf('dar roze ',num2str(i),' soil 

moisture is less than0.5 so irrigation order is 

issued ') 

          disp(' soil moisture is less than 0.5 

Irrigation order on this day ') 

           disp(num2str(i)) 

           end 

           if s==2 

%             fprintf('on the day ',num2str(i),' 

soil moisture is less than 0.5 so irrigation 

order is issued ') 

          disp(' soil moisture is less than 0.5 

Irrigation order canceled by the manager. ') 

           disp(num2str(i)) 

           end 

       else        if(data2018(i)<1.5) 

%             fprintf('on the day ',num2str(i),' 

soil moisture is less than 0.5 so irrigation 

order is issued ') 

         disp('soil moisture is more than 0.5 

Irrigation end order on this day ') 

           disp(num2str(i)) 

       end 

       end 

   end 

        

end 

Figure5. Applying AI and not applying AI in 

Irrigation by Simulation 

 

Using a typical sprinkler from a standard 

hose (5/8”) for one hour uses about 1,020 

gallons of water; if you run it three times per 

week, you will consume about 12,240 

gallons per month. As it can be observed in 

graph 2, if the soil moisture is less than 0.5, 

the irrigation order will be issued with the 

permission of the AAKM. If AI is not used 

on the field, the fluctuation of soil moisture 

can be seen, but with the use of artificial 

intelligence and the supervision of the 
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manager, the soil moisture remains stable at 

0.5 and is irrigated on the required days. This 

way also reduces water consumption. As can 

be seen in Figure 6, in a period of 28 days, 

depending on the amount of soil moisture, 

the number of irrigations can be reduced. 

According to the chart, irrigation is done just 

8 days. The amount of water consumption is 

reduced to 8160 gallons; it means 32.81 

percent consumption reduction. This amount 

will be reduced if the role of the AAKM in 

the land irrigation order is also taken into 

account. E.g. they can decide to order to 

irrigate based on the information they have 

from forecasting. 

 
Figure6. A 30-day period of soil moisture to 

determine to irrigate 

 

Due to global warming and drought in 

most parts of the world, irrigating farms is 

one of the challenges for farmers. Proper 

irrigation, the right amount of irrigation and 

its precise time can affect both irrigation 

costs and energy consumption and, of 

course, product yield. 

 

6. A Proposed Framework of AI-AgrKM 

and IoT Governance 

Policies, principles, and rules related to 

agricultural stakeholders are identified by 

engineers and managers in the IoT 

governance department. To continue smart 

and successful farming activities, authorities 

are in contact with knowledge management 

experts to create the knowledge needed for 

smart farming. In fact, the role of knowledge 

management is well seen in both IoT 

governance and agricultural farm. 

This approach contains these components:  

First, agricultural drones collect 

information from all over the field and send 

it to a local agricultural information system, 

which is a computer-based information 

system that includes all relevant information 

such as farmers' details, farm photos, and 

weather data, etc. Robots on the field receive 

the information sent by drones too. The 

communication system is also a mechanism 

for transferring information from farms to 

agricultural experts and vice versa. 

At the knowledge base with a 

metaontology, agricultural experts share 

ideas, experiences, activities, etc. In this 

database, experts can find their target group, 

acquire and extract knowledge, or share their 

experiences according to the region and 

product. The local expert selects the best 

solution and sends the related knowledge to 

the main server, which is connected to the 

various machines available on the farm, and 

stores it. 

 

Figure7. The proposal framework of IoT 

Governance, KM Experts and Farmers 

 

As it is shown in Fig 7: 

1. Information collected from the farm 

is transferred to a local KB. This 

Local KB includes different captured 

information from the farm which is 

categorized and searchable. 

2. Information collected from the farm 

is transferred to applications 

monitored by farmers; for instance, 

Apps related to Disease Detection 

and Diagnosis Apps (Prasad et al., 

2014), Fertilizer 

Calculator(Sumriddetchkajorn, 

2013), Soil Study(Gómez et al., 

2013), Water Study(Aitkenhead et 

al., 2013), Crop Water Needs 
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Estimation (Confalonieri et al., 

2013), etc.  

3. Categorized KB captures related 

knowledge from the network by 

defined algorithms and stores it. 

4. Data mining can discover related 

knowledge which is proper for the 

farm and transfer it to AAKM to 

decide appropriately. 

5. AAKM is in connection with IoT 

Governance authorities and farmers 

to share the experience and new 

information as shown in Fig2. 

6. AAKM’s decisions are stored in a 

KB which is used by AI App to learn 

and perform the best functions on the 

farm. 

7. This AI-Agr Device sends the report 

to farmers and AAKM and sends the 

orders to equipment on the farm to 

carry out the task. It also shares its 

experience about the farm on the Net 

for the other farmers or everyone 

who is seeking more information and 

similar experience. 

 

7. Conclusion 

We have proposed a smart agricultural 

knowledge management system utilizing an 

IoT Governance framework that can help 

humans to identify the stakeholders, provide 

infrastructure, define purposes, and regional 

legislature system based on the increasing 

development of technology. Along with the 

advancement of technology, the need to 

provide food for the growing population in 

less stable environmental and biological 

conditions demands more attention than 

before. Therefore, we discussed 4 fields as 

follows: 

 

1. KM 
Knowledge is a fluid mix of experience that 

has an impact on development just by 

distribution properly. It is required to 

transfer the agricultural knowledge up to 

rural society especially in agricultural-based 

countries. Today countries are asking for 

knowledge-based information technologies 

in agriculture due to the need for essential 

information on the supply of input 

knowledge, credit, market prices, pest, and 

diseases.KM is from enabled people and 

technology based on knowledge, trust, and 

credibility (Chandra Ra, 2017). 

By AAKM who are specialized in 

different disciplines fields such as AI, 

agriculture science, and KM; it is possible to 

increase the output of our agrarian sector 

because of the presence of knowledge. 

 

2. AI 

AI technology supports various areas to 

enhance productivity and efficiency and 

helps you overcome traditional challenges in 

any field in the same way. AI in agriculture 

is helping farmers to improve productivity 

and reduce hostile environmental effects. 

 The use of AI in agriculture helps 

farmers understand data insights such 

as temperature, rainfall, wind speed, 

and solar radiation. Analysis of 

historical value data provides a better 

comparison of optimal results. The 

best part of implementing AI in 

agriculture is that it will not destroy 

the jobs of human farmers but will 

improve their processes. 

 AI provides more efficient ways to 

produce, harvest, and sell crops. 

 Emphasis on AI implementation on 

the considering of defective crops 

and improving the potential for 

healthy crop production. 

 The growth of AI technology has 

made agricultural-based jobs more 

efficient. 

 Automatic irrigation systems which 

work base on temperature, humidity, 

and soil moisture values that are 

obtained through sensors (Kaewmard 

& Saiyod, 2014) 

 AI is used in applications such as 

automated machine adjustments to 

predict weather and disease or pest 

detection. 

 AI can improve crop management 

practices, thus helping many tech 

businesses to invest in useful 

algorithms in agriculture. 

 AI solutions can solve farmers' 

challenges such as climate diversity, 
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pests, and weed infestation, which 

reduces yields. 

The impact of AI in agriculture is rapidly 

correcting problems while taking certain 

measures that are needed to overcome the 

problem. AI is effective in monitoring 

information to quickly find solutions. 

Artificial intelligence is used in agriculture 

to improve results with minimal 

environmental cost. By implementing AI, a 

disease can be identified with 98% accuracy. 

Thus, AI helps farmers control their fields to 

speed up production (Gupta, 2019). 

This technology protects crop 

performance from a variety of factors, 

including climate change, population growth, 

employment problems, and food security 

problems. The various applications of AI in 

agriculture, such as irrigation, weeds, sensor-

assisted spraying, and other devices 

embedded in robots and drones save on 

overuse of water, pesticides, and herbicides, 

maintain soil fertility, also help to effectively 

use manpower and increase productivity and 

improve quality(Talaviya et al., 2020). 

 

3. IoT Governance 

Based on AlEnezi et al. (2018) we proposed 

an IoT governance framework to apply IoT 

in fields. This approach needs some levels 

for implementing an IoT in agriculture. 

An IoT statement included purpose and 

structure should be provided. Stakeholders in 

the IoT government are identified. A 

regional legislature and board Legislator / 

Beneficiary are identified and employed who 

have to agree on the purpose and structure of 

the IoT statement, the infrastructure, and 

policy requirements 

As we proposed AAKM is in connection 

with the board legislator and they Access 

governance practices and communication 

with Internet governance developers and 

follow-up of governance and law programs 

on governance requirements (Furness, 2019). 

 

4. Farming 

There should be priority necessities for 

farmers such as applications, services, and 

sensors. They have to be supported by the 

governance to be successful in serious and 

significant missions they have to humans. As 

it is shown in figure 3, to apply IoT on the 

farms 3 sections should be considered: 

applications such as Water and Nutrition 

Monitoring, Diseases and Bug Monitoring, 

Soil Monitoring, Crop Health Monitoring, 

Machinery, and Environment; Services such 

as Irrigation, Pesticides, Fungicides, 

Herbicides, Fertilization, Soil Preparation, 

Yields Storage and Yield Condition; and 

finally Sensors such as Leaf Sensors, Stem 

Sensors, Temperature Sensors, Humidity 

Sensors, Fruit Size Sensors (Ayaz et al., 

2019), Location Sensors, Optical Sensors, 

Electrochemical Sensors, Mechanical 

Sensor, Dielectric Soil Moisture Sensors, 

Airflow Sensors (Schriber, 2020).  

As an example, we simulated irrigation on 

a farm with intermediating of AAKM. The 

IoT-based temperature and humidity tracking 

system provides an efficient and definitive 

system for monitoring agricultural 

parameters. Corrective measures can be 

taken by IoT-based monitoring which allows 

the user to reduce human work and time, and 

analyze the changes in the atmosphere and 

determine possible actions. It is cheaper and 

consumes less energy (Pai et al., 2020). As it 

can be observed in graph 5, if the soil 

moisture is less than 0.5, the irrigation order 

will be issued with the permission of the 

AAKM; which causes a 32.81 percent water 

consumption reduction in 30 days. However, 

it certainly depends on the season and 

climate. 

to achieve agricultural goals as mentioned 

in this article such as a decrease of 30% of 

water consumption and an increase of 25% 

of crops, there is a critical need to manage 

farmers with making a connection between 

them and IoT governance authorities, as 

well, AAKM can help to gain this 

achievement by creating a proper connection 

among all people involved in this field. 

 

Future work 

As it was discussed, to the best of our 

knowledge there has not been a defined 

framework for agriculture based on IoT 

governance which is conducted by KM 

managers. We will evaluate the IoT 

framework in this paper in the country and 

study the infrastructures and required 
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knowledge to implement AI-aided 

knowledge management by AAKM. This 

study certainly requires the study of 

universities as the primary place of 

production of knowledge in the country and 

the training of professional experts, the 

acceptance of the framework by government 

authorities, and the infrastructure for the 

implementation of such a plan. 
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