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IoT is becoming a bearing technology for next generation crop management. Cheap networked devices can sense crop
fields at a finer grain to give timeliness warnings on the presence of stress conditions and diseases, while on-board
devices will monitor field and machine status. Cloud computing allows integrating collected information in a new
generation of FMIS to make decisions and automate field practices by actuators and robot fleets.
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| 1. Introduction

Though agriculture is recognized as a fundamental activity for all activities of mankind[, it has had difficulties in accessing
technology until the Green Revolution (GR), which led it to a (irreversible) new concept of agriculture. Machinery and
chemicals were brought to agriculture to face environmental and sustainability problems, and other injections of
technology have been claimed to solve them. Advances in remote sensing and Information and Communication
Technologies (ICT) fostered Precision Agriculture (PA), relying on satellite-based geo-referencing, remote sensing, and
imagery for surfaces survey and variable-rate applications, recently operated by autonomous vehiclesE, Computers
began to appear in farmers’ everyday lives to host Farm Management Information Systems (FMIS)2IE formerly entailing
administrative, accountancy, and warehouse management tools. FMISs of the last generation include the Geographical
Information Systeml® and Decision Support Tools (DSTIIEN. The latter is often based on Cropping System Simulators
(CSS), born for learning purposes and later used for irrigation scheduling &, hydrologic watershed management2¥, and
pestltll and disease prediction2. The Internet, whose impacts on agriculture was envisaged more than twenty years
agol23], allowed FMISs to become outsourced services (e.g., for irrigation service managed by farmers associations) that
profited from the growing amount of networked information (e.g., weather networks). The diffusion of Wireless Networks
led to a number of applications recollected under the name of Smart Farming (SF)E, centered on distributed Wireless
Sensor Networks (WSNs) of sensors and actuators 4. Major applications of SF are in high-value cropping systems such
as greenhouse crops and vineyards!t3l. Smart Agriculture (SA) extended the concepts behind SF to every actor of the
agri-food supply-chain and their stakeholders€. Cloud Computing raised former problems of data ownership and
employed leading software producers to follow different policies. Recently, the awareness of the added value of data
redundancy and data-exchange in problem solving has grown®Z. Cloud Computing already signed the beginning of a new
agel28l and of the birth of the Internet of Things (loT).

The first definition of 10T can be credited to Ashton et al.22, who defined it as “an open and comprehensive network of
intelligent objects that have the capacity to auto-organize, share information, data and resources, reacting and acting in
face of situations and changes in the environment”. Such “intelligent objects”, later called “things”, refer to every physical
and/or software devices that are identifiable and connected to a network with processing, sensing, and acting
capabilitiesl2U21, pyring the last two decades, 0T has become a consolidated reality consisting of a collection network of
devices connected in a dynamic (and commonly asynchronous) environment, enabling the possibility to provide a massive
amount of information to feed machine learning algorithms and may also react proactively to environmental stimuli
operating on actuators aimed at minimizing human involvement 24, 10T is invading every sector of everyday life and,
despite the belief that it is just at the beginning of Gartner’s IT development curve2d, 10T has already been adopted by a
considerable number of USA farms[2. A recent analysis [24estimated that in 2027, the sector will be worth 34 billion USD,
with an expected increase in productivity of up to 70% by 2050[22, |0T is the technology characterizing Agriculture 5.0
(Figure 1).
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Figure 1. Major recent technologies involved in Agriculture 5.0. loT—Internet of Things; PA—Precision Agriculture; FMIS
—Farm Management Information Systems; WN—Wireless Networks; SF—Smart Farming; gis—geographic information

systems; GPS—GIlobal Positioning System.

| 2. 10T in Crop Management

Cropping systems are characterized by ecological, economic, and social aspects, and a farmer needs to keep all of them
under control. Though recently policies, labor, and market are relevant aspects, ecological control represents the
dominant tasks of a farmer, and it is pursued in different stages. In the setup phase of a production system, control means
choosing a cropping technology, a long-term decision determined from landscape (e.g., terrace cultivation), climate (e.g.,
rain-fed crops), social aspects, resource availability, and market organization, the combination of which generated a

multitude of different scenarios2!.

In the management practices of everyday cropping systems, adopted technologies determine relevant differences in the
ability to control the environment. The main difference in cropping systems can be identified between indoor and outdoor,
investigated by Navarro et al.l28. In indoor systems, almost all production factors are under control: relevant
environmental variables are regulated by hydro-electro-mechanical systems that timely supply the proper lighting,
openings, fans, water, and nutrients. Only partial control can be performed in tunnels (temperature and humidity are
conditioned by openings) and nets (used to prevent the spreading of insects, bird flights, and hail). In field crops, chances
to control environmental factors are less available. Farmers are often unarmed in front of weather, pests, and diseases.

All of the actions mentioned—planning, scheduling, decision, and control—are based on direct and indirect continuous
observations2Z of each factor affecting production. Here, we recall the most important ones.

* Weather—Stations are present even in many non-experimental farms. The classical outfit is that of a climatic station:
rain-gauge, temperature, and relative humidity. In the 1970s, pan evaporimeter was also added in agro-weather
stations, while radiation, wind velocity/direction, and leaf wetness became more frequent from the 1980s with the
diffusion of electronic stations. Less frequent is the availability of soil temperature.

« Water availability—Water is recognized as the most important production factor (e.g., GRIDARZE): in dry-summer
regions (Mediterranean areas) rainfall trends determine huge risks in growing a crop, as prolonged drought in
conjunction with high temperatures in a sensitive period (e.g., seedling, flowering) have dramatic effects on yield. As
water availability is not always an option, it has a main role in crop choice (e.g., irrigated vs. rain-fed) and checking soil
availability in terms of water content (e.g., ) or soil water potential (e.g.,2%), or directly by direct observation of plant
status (IR sensors); water excess scenarios are no less dangerous to a crop: rainfall of long duration or high intensity,
as much as an unexpected hail can do no less damage to a crop (as they do to humans); drainage systems, relevant to
hydrological network management, together with channel, storage, and distribution systems, become really important

for water supply.
Fertility—Nutritive substances are essential for plant growth, and in many cases fertilizer is applied along the growing

season (e.g., foliage fertilizer); soil water sensors often include electric conductivity, used to deduct information on soil
nutrient contents. More reliable information on the nutritional state of a crop can be obtained from multispectral and

hyperspectral camera sensors set on field cameras.



* Pests and diseases—Detecting the presence and development stage of pests and disease, spreading of insects and
weeds is fundamental in growing a single species. A main activity of every farmer is maintaining an artificial ecosystem
and preventing its shift toward a community of species that deteriorate the quality and quantity of expected yield.
Specific sensors are available to the purpose and are already used in agro-weather networks as leaf wetness.

« Other production-related aspects—Detectors for carbon dioxide and other gases (IRGA) are used (mostly for research
purposes) to monitor plant and soil respiration rates, including GHG emissions; IR sensors are also used for detecting
heat anomalies (we already mentioned water stress) as the presence of flames and intrusions (PIR) from hot blood
animals, eventually integrated with cameras. Increasing is the interest in canopy monitoring by multipurpose cameras
with sensors of variable sensitivity.

« Transponders—Machines have a particular role in control. They are a part of technology and a production factor; they
need to be controlled to be in a good working state, and under constant survey in the case of autonomous vehicles
because of dangers and damages that failures may represent for human beings, crops, and the environment.
Moreover, vehicles may host sensors for self-monitoringlll, and fields from varying distances (UAVs), allowing the
increase of spatial detail and time resolution of most sensing tasks listed above.

2.1. Using Observations

Observations are used in production systems following the expected model and known application schemes.

Scientific knowledge has been used to build Cropping System Simulators (CSS) based on physical and empirical
modules, with a different conceptualization and operational level32. Those with a hydrological component are also used
to simulate floods, erosion, and chemical leaching. Several of these models are already embedded in automatic control
(e.g., irrigation) operating as a common “home-thermostat”, and the same is also true for crop growth, and pest and
disease forecast, this time using growing degree day and cardinal temperatures as thresholds for growth rate of
populations during each phenology stage. CSSs are used for planning land-use, selecting crop rotations, or to forecast
the spreading of pests and diseases, to produce bulletins/alerts of extension services. However, they often require a lot of
parameters from expensive calibrations to be applied to a specific context, and require additional modules and algorithm
refinement. Further, to be used as DSTs, simulators produce indicators and indices to be interpreted as criteria around the
objectives with strong subjective (stakeholder dependent) weights, while the final decision always includes a risk
component even more difficult to be estimated(=2!,

That is the reason why empirical knowledge is still largely used. Adopted cropping systems are mostly based on recipes
refined from experience. A proof is given from the interest in “Crowd sourcing” which has been recognized as one of the
most effective sources of knowledge, e.g., to collect and make growing techniques available to other farmers!24!,

Machine learning (ML) methodologies are expected to accelerate the production of DSTs, by means of a class of methods
recollected in the “prescriptive-analytics”22, ML processes data in the same way humans do in knowledge enhancement,
a process abstracted in the “knowledge pyramid” (Eigure 5), a metaphor that represents—starting from a large amount of
raw data that individually have a limited information value—the synthesis of insights with a progressively higher value.
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Figure 5. The “knowledge pyramid” (adapted from[28l). Actions affect the “World” level.

Machine learning (ML), relying on many families of algorithms among which (deep) neural networksZ have recently
become the most hyped, can simulate such a climbing process. Of wide interest in PA applications (e.g., for species
recognition®8l), ML is based on a training phase, whose effectiveness can depend on the amount of data at hand. For
instance, deep neural networks tune millions (or more) parameters (i.e., the weight of each neural connection); as a
consequence, the bigger the data set, the better the networks learn. This is why the terms big data and ML are often
confused; big data and huge computational capability—which can be accessed on-demand through cloud computing—are
the enabling factors for ML. However, there are trade-offs between quality and quantity of data; high-quality small data
can produce better inferences than low-quality big data®2. Big data can have poor informative content, this is the reason
why the correct design of a data warehouse, a repository that integrates data to make them accessible for successive
stagesd, is a fundamental step.

At present, most of the knowledge produced by ML is “hidden” in a matrix of empirical values and cannot be expressed in
terms of a physical (dynamical) model. Nonetheless, XAl (eXplainable Artificial Intelligence), aimed at producing
explainable and comprehensible models, is becoming of increasing interest also in the domain of Machine Learning[4d],
proving that extracting “something coherent and valuable” from numbers or images is still the main task &. Figure 6
represents a decision tree, an explainable model made of human-friendly rules#2, which emerged from an ML analysis of
features of soybean seeds related to different diseases (data set from42l).
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Figure 6. Excerpt of a decision tree for soybean seed disease identification.
2.2. Existing Applications

From the literature, 10T technology appears to be applied in a number of pilot applications4443li48] or dealing with
research projects bearing on prototypes designed from developer-oriented boards2 and using public cloud computing
servicest4Z,

In some cases, Smart Farming and Robotization are already part of 10T systems. Greenhouse control systems are
integrated with the Internet and control actuated by Cloud-based Intelligent SystemsEl. Robots and other UVs adopt
communication protocols typical of 10T systems such as ROS (derived from DDS) and allow them to be part of the IoT
ecosysteml48l,

Sensor data can be accessed from everywhere, including those aboard field machinery to trace their activities 441491,
adding details to crop management and yield®d to produce data useful to cropping system simulators and produce
accurate costing and financial reports; for instance, allowing for an appropriate allocation of indirect and general cost to a
specific crop or activity2L,

The loT produces information to be used beyond the boundaries of farms, to help farmers manage the relationships with
the downstream tiers of the supply chain, allowing them to fit the harvesting period to market demand.

Crop management details are of high interest for many stakeholders, including agricultural cooperatives and quality
certification bodies. Arena et al. 22 describe how IoT data from interconnected sensors may rely upon a blockchain-based
application for traceability and certification.

Social aspects are expected to have benefits too, from the development of an informed and connected rural
community®3 useful for problem solving: disease alert, pest identification, labor demand/offer.

A methodological survey3 identifies 4 mayor areas of applications of 10T in agriculture:
« Monitoring environment (air, soil, water), crops (plant), and animals—62%;

« Remote control in irrigation, fertilization, pesticides, lighting, intrusions—25% of papers;



« Prediction of environmental conditions, production, growth—6% of papers;
o Logistics—7% of papers.

Table 4. Major activities involving 10T technology.

Task

Services Know-how support/education [43rs4]
DSSICrop Models [551[56][571[58][59]
FMIS/accountability (4151511
FMIS/PAImachine activitylresource usage (491501

Market quality/certification/traceability (7511
seeds/products/machinery/labour [46][54]

Crop monitoring environmental sensing [311441[261[53]
detect crop stress/diseasesipests/weeds/ripening [46][ssieoyre1]

Crop practices smart farming/remote control/automation [21[62][44][48][63][64][65]
precision practices/prescription maps [51144][49]

< section omitted - see full article on Agronomy 2021, 11, 181>

I 5. Conclusion

We finally may answer the foremost questions set above. l0T is going to improve crop management in terms of
accessibility due to the reduction of costs and efficiency due tothe timeliness of interventions, and 10T is increasingly
offering solutions to crop manage-ment problems, most of which are yet unsolved, by the means of Al-driven
“prescriptiveanalytics” implemented in CC systems.In fact, from the literature analysis, l0T appears as a set of enabling
technologies,allowing for a vast combination of architectures (e.g., #4) and acting as a glue betweenFMISs, Smart
Farming, and Precision Farming.loT has yet a little role in the choice and design of a cropping system, which is limitedto
experienced reliable recipes and farmers’ focus on control.loT technology is making crop monitoring, crop data analysis,
and automated con-trol more accessible than ever, and wide adoption of 10T is expected where there is arequirement for
refinement of observations, prescriptions, timeliness of intervention, andoptimization of resources (machinery, pesticides,
water, etc.).At present, the following points can be emphasized.« I0T is an enabling and mature technology, proven to be
able to accelerate the adoptionof SF.» Relying on IoT, many solutions to Smart Farming and Farm Management Systems
aregoing to be accessible even to small farm holders. 10T allows increasing access to crop monitoring and significantly
enhances the avail-ability of information and early warnings which, in turn, provide more reliablepredictions and decision-
making support to farmers, managers, and policymakers.

« IoT is based on easy-access technology, facilitating its adoption, which is limited from financial resourcesl€l,
Furthermore, 10T will influence the market and accelerating the development of low-cost next-generation Precision
Farming(®. Critical steps in the 10T adoption should also be evidenced.

» Excitement in 10T is pumping the belief that a large number of cheap sensors could increase data granularity in space
and time with an acceptable decrease in data quality. However, data (sensor) reliability remains a fundamental aspect of
any technology.

* ML is, to date, too focused on solving problems, underestimating the data requirement for learning stage and the need
for explainable knowledge oriented to enhance models for simulation of bio-agro-ecological, soil-plant-atmosphere, and
value-chain systems.

« Ethical aspects also emerge. Industrialization and spreading of micro-loT-devices, en-visaging fleets of “artificial insects”,
could require strong regulations,®d including a protocol for placement, location, and recollection.

Finally, the digital divide is still observed to be a concern®J8l which also affects cropping system technology and
production efficiency. 10T can facilitate both exogenous barriers, encouraging the spread of infrastructure®, and
endogenous ones. 10T may help to change the mindset of many farmers, allowing them to easily access the available



solutions®and share knowledge on cropping systemstZd.

References

1.

10.

11.

12.

13.

14

15.

16.

17.

18.

19.
20.

21.

22.

23.

Blandford, D.; Braden, J.B.; Shortle, J.S. Economics of Natural Resources and Environment in Agriculture. In Encyclop
edia of Agriculture and Food Systems; Elsevier: Amsterdam, The Netherlands, 2014; pp. 18-34.

. Gondchawar, N.; Kawitkar, R.S. IJARCCE loT based Smart Agriculture. Int. J. Adv. Res. Comput. Commun. Eng. 201

6, 5.

. Raja, L.; Vyas, S. The Study of Technological Development in the Field of Smart Farming. In Smart Farming Technologi

es for Sustainable Agricultural Development; IGI Global: Hershey, PA, USA, 2019; p. 24.

. Sgrensen, C.G.; Fountas, S.; Nash, E.; Pesonen, L.; Bochtis, D.; Pedersen, S.M.; Basso, B.; Blackmore, S.B. Concept

ual model of a future farm management information system. Comput. Electron. Agric. 2010, 72, 37-47.

. Saiz-Rubio, V.; Rovira-Mas, F. From smart farming towards agriculture 5.0: A review on crop data management. Agrono

my 2020, 10.

. Zhang, N.; Taylor, R.K. Applications of a Field Level Geographic Information System (FIS) in Precision Agriculture. App

I. Eng. Agric. 2001, 17.

. Wolfert, S.; Goense, D.; Sorensen, C.A.G. A future internet collaboration platform for safe and healthy food from farm to

fork. In Proceedings of the Annual SRII Global Conference, SRII, IEEE Computer Society, San Jose, CA, USA, 23-25
April 2014; pp. 266-273.

. Jiber, Y.; Harroud, H.; Karmouch, A. Precision agriculture monitoring framework based on WSN. In Proceedings of the |

WCMC 2011—7th International Wireless Communications and Mobile Computing Conference, Istanbul, Turkey, 4-8 Ju
ly 2011; pp. 2015-2020.

. FAO. AquaCrop; Food and Agriculture Organization of the United Nations: Rome, Italy, 2016.

Siad, S.M.; lacobellis, V.; Zdruli, P.; Gioia, A.; Stavi, |.; Hoogenboom, G. A review of coupled hydrologic and crop growth
models. Agric. Water Manag. 2019, 224.

Dalal, P.; Singh, J. Role of modeling in insect pest and disease management. J. Entomol. Zool. Stud. 2017, 5, 1773-17
77.

Pan, Z.; Li, X.; Yang, X.B.; Andrade, D.; Xue, L.; McKinney, N. Prediction of plant diseases through modelling and monit
oring airborne pathogen dispersal. CAB Rev. 2010, 5.

Richardson, D. The Internet and Rural and Agricultural Development; Technical Report; Food and Agriculture Organizat
ion of the United Nations: Rome, Italy, 1997.

. Xu, M.; David, J.M.; Kim, S.H. The fourth industrial revolution: Opportunities and challenges. Int. J. Financ. Res. 201

8, 9, 90-95.

Bacco, M.; Barsocchi, P.; Ferro, E.; Gotta, A.; Ruggeri, M. The Digitisation of Agriculture: A Survey of Research Activitie
s on Smart Farming. Array 2019, 3—-4, 100009.

Kernecker, M.; Busse, M.; Knierim, A. Exploring actors, their constellations, and roles in digital agricultural innovation
s. Agric. Syst. 2021, 186, 102952.

Wolfert, S.; Ge, L.; Verdouw, C.; Bogaardt, M.J. Big Data in Smart Farming—A review. Agric. Syst. 2017, 153, 69-80.

Bayrak, E.; Conley, J.P.; Wilkie, S.; Bayrak, E.; Conley, J.; Wilkie, S. The Economics of Cloud Computing. Korean Econ
om. Rev. 2011, 27, 203-230.

Ashton, K. That ‘internet of things’ thing. RFID J. 2009, 22, 97-114.

ITU. Overview of the Internet of Things; Technical Report; International Telecommunications Union: Geneva, Switzerlan
d, 2012.

Voas, J. Networks of “things”; NIST Special Publication 800-183; National Institute of Standards and Technology: Gaith
ersburg, MD, USA, 2016.

Calderoni, L.; Magnani, A.; Maio, D. loT Manager: An open-source |0oT framework for smart cities. J. Syst. Archit. 201
9, 98, 413-423.

Madakam, S.; Ramaswamy, R.; Tripathi, S. Internet of Things (I0T): A Literature Review. J. Comput. Commun. 2015, 0
3, 164-173.



24.

25.
26.
27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.
43.

44,

45.

46.

47.

48.

Marketsandmarkets Agriculture 0T Market; Report; Markets and Markets: Pune, India, 2020; Available online: https://w
ww.marketsandmarkets.com/Market-Reports/iot-in-agriculture-market-199564903.html (accessed on 20 July 2020).

Mariani, J.; Junko, K. The Second Green Revolution and the Internet of Things; Deloitte Insights: London, UK, 2016.
Navarro, E.; Costa, N.; Pereira, A. A Systematic Review of 0T Solutions for Smart Farming. Sensors 2020, 20, 4231.

Beers, S. Decision and Control: The Meaning of Operational Research and Management Cybernetics; Wiley: Hoboken,
NJ, USA, 1995.

GRIDA. Water-Food-Energy-Ecosystems Nexus Approach | GRID-Arendal. 2020. Available online: https://www.grida.n
o/publications/478 (accessed on 3 October 2020).

Maughan, T.; Allen, L.N.; Drost, D. Soil Moisture Measurement and Sensors for Irrigation Management. Agriculture 201
5. Available online: https://digitalcommons.usu.edu/cgi/viewcontent.cgi?article=1777&context=extension_curall (access
ed on 17 January 2021).

Shock, C.; Flock, R.; Feibert, E.; Shock, C.; Pereira, A.; Jensen, L. Irrigation Monitoring Using Soil Water Tension. Sust
ain. Agric. Technol. 2005. Available online: https://www.researchgate.net/publication/237786409_Irrigation_Monitoring_
Using_Soil_Water_Tension#fullTextFileContent (accessed on 17 January 2021).

Pedersen, S.; Lind, K. Precision Agriculture: Technology and Economic Perspectives—Google Libri; Springer: Berlin/He
idelberg, Germany, 2002.

Hoogenboom, G.; Porter, C.H.; Boote, K.J.; Shelia, V.; Wilkens, P.W.; Singh, U.; White, J.W.; Asseng, S.; Lizaso, J.I.; M
oreno, L.P.; et al. The DSSAT crop modeling ecosystem. In Advances in Crop Modelling for a Sustainable Agriculture; B
urleigh Dodds: Cambridge, UK, 2019; pp. 173-216.

Hansson, S.O. Decision Theory; Taylor & Francis Group: Abingdon, UK, 2018; pp. 1-185.

Kim, T.; Bae, N.J.; Shin, C.S.; Park, J.W.; Park, D.; Cho, Y.Y. An approach for a self-growing agricultural knowledge clo
ud in smart agriculture. In Lecture Notes in Electrical Engineering; Springer: Dordrecht, The Netherlands, 2013; Volume
240, pp. 699-706.

GARTNER. Definition of Prescriptive Analytics—Gartner Information Technology Glossary. Available online: https://ww
w.gartner.com/en/information-technology/glossary (accessed on 20 October 2020).

Stuart, D. The Data Revolution: Big Data, Open Data, Data Infrastructures and Their Consequences. Online Inf. Rev. 2
015, 39, 272.

Goodfellow, I.; Bengio, Y.; Courville, A.; Bengio, Y. Deep Learning; MIT Press: Cambridge, UK, 2016.

Abdullahi, H.S.; Sheriff, R.E.; Mahieddine, F. Convolution neural network in precision agriculture for plant image recogni
tion and classification. In Proceedings of the Seventh International Conference on Innovative Computing Technology (I
NTECH 2017), Luton, UK, 16-18 August 2017; pp. 1-3.

Faraway, J.J.; Augustin, N.H. When small data beats big data. Stat. Probab. Lett. 2018, 136, 142-145.

Golfarelli, M.; Rizzi, S. Data Warehouse Design: Modern Principles and Methodologies; McGraw-Hill Inc.: New York, N
Y, USA, 2009.

Adadi, A.; Berrada, M. Peeking inside the black-box: A survey on Explainable Artificial Intelligence (XAl). IEEE Access 2
018, 6, 52138-52160.

Russell, S.; Norvig, P. Artificial Intelligence: A Modern Approach; Pearson: London, UK, 2002.

The Large Soybean Database. Available online: https://archive.ics.uci.edu/ml/datasets/Soybean+(Large) (accessed on
23 October 2020).

Koksal, O.; Tekinerdogan, B. Architecture design approach for loT-based farm management information systems. Preci
s. Agric. 2019, 20, 926-958.

Poonia, R.C.; Gao, X.Z.; Raja, L.; Sharma, S.; Vyas, S. Smart Farming Technologies for Sustainable Agricultural Devel
opment; Advances in Environmental Engineering and Green Technologies; IGI Global: Hershey, PA, USA, 2019.

Verdouw, C.; Sundmaeker, H.; Tekinerdogan, B.; Conzon, D.; Montanaro, T. Architecture framework of loT-based food
and farm systems: A multiple case study. Comput. Electron. Agric. 2019, 165, 104939.

Abbasi, M.; Yaghmaee, M.H.; Rahnama, F. Internet of Things in agriculture: A survey. In Proceedings of the 3rd IEEE In
ternational Conference on Internet of Things and Applications, 10T 2019, San Diego, CA, USA, 25-30 June 2019.

Harms, H.; Schattenberg, J.; Schmiemann, J.; Frerichs, L. A Communication Layer for UAV/UGV Swarm Applications. |
n Proceedings of the 5th International Conference on Machine Control & Guidance, Vichy, France, 5-6 October 2016;
p. 6.



49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65

66.

67.

68.

69.

70.

71.

Layton, A.; Balmos, A.; Sabpisal, S.; Ault, A.; Krogmeier, J.V.; Buckmaster, D. ISOBIlue: An Open Source Project to Brin
g Agricultural Machinery Data into the Cloud. In Proceedings of the 2014 ASABE and CSBE/SCGAB Annual Internation
al Meeting, Montreal, QC, Canada, 13-16 July 2014; American Society of Agricultural and Biological Engineers (ASAB
E): St. Joseph, MI, USA, 2014; pp. 1-8.

Lokesh Krishna, K.; Silver, O.; Malende, W.F.; Anuradha, K. Internet of Things application for implementation of smart a
griculture system. In Proceedings of the International Conference on IoT in Social, Mobile, Analytics and Cloud, I-SMA
C 2017, Palladam, India, 10-11 February 2017; Institute of Electrical and Electronics Engineers Inc.: Piscataway, NJ, U
SA, 2017; pp. 54-59.

Carli, G.; Canavari, M.; Grandi, A. Introducing Activity-Based Costing in Farm Management: The Design of the FarmBO
System. Int. J. Agric. Environ. Inform. Syst. 2014, 5, 69-84.

Arena, A.; Bianchini, A.; Perazzo, P.; Vallati, C.; Dini, G. BRUSCHETTA: An loT Blockchain-Based Framework for Certif
ying Extra Virgin Olive Oil Supply Chain. In Proceedings of the 2019 IEEE International Conference on Smart Computin
g (SMARTCOMP), IEEE, Washington, DC, USA, 12-15 June 2019; pp. 173-179.

Talavera, J.M.; Tobon, L.E.; GOmez, J.A.; Culman, M.A.; Aranda, J.M.; Parra, D.T.; Quiroz, L.A.; Hoyos, A.; Garreta, L.
E. Review of loT applications in agro-industrial and environmental fields. Comput. Electron. Agric. 2017, 142, 283-297.

Wigboldus, S.; Klerkx, L.; Leeuwis, C.; Schut, M.; Muilerman, S.; Jochemsen, H. Systemic perspectives on scaling agri
cultural innovations. A review. Agron. Sustain. Dev. 2016, 36, 46.

Debauche, O.; Mahmoudi, S.; Elmoulat, M.; Mahmoudi, S.A.; Manneback, P.; Lebeau, F. Edge Al-loT Pivot Irrigation, PI
ant Diseases and Pests Identification. Procedia Comput. Sci. 2020, 177, 40-48.

Steduto, P.; Raes, D.; Hsiao, T.C.; Fereres, E.; Heng, L.K.; Howell, T.A.; Evett, S.R.; Rojas-Lara, B.A.; Farahani, H.J.; 1z
zi, G.; et al. Concepts and applications of AquaCrop: The FAO crop water productivity model. In Crop Modeling and De
cision Support; Springer: Berlin/Heidelberg, Germany, 2009; pp. 175-191.

Aguilar, J.; Rogers, D.; Kisekka, I. Irrigation Scheduling Based on Soil Moisture Sensors and Evapotranspiration. Kans.
Agric. Exp. Stat. Res. Rep. 2015, 1, 20.

Dukes, M.D.; Zotarelli, L.; Liu, G.D.; Simonne, E.H. Principles and Practices of Irrigation Management for Vegetables; T
echnical Report; UF/IFAS Extension: Gainesville, FL, USA, 2018.

Rose, D.C.; Sutherland, W.J.; Parker, C.; Lobley, M.; Winter, M.; Morris, C.; Twining, S.; Ffoulkes, C.; Amano, T.; Dicks,
L.V. Decision support tools for agriculture: Towards effective design and delivery. Agric. Syst. 2016, 149, 165-174.

Ferrdndez-Pastor, F.J.; Garcia-Chamizo, J.M.; Nieto-Hidalgo, M.; Mora-Martinez, J. Precision agriculture design metho
d using a distributed computing architecture on internet of things context. Sensors 2018, 18, 1731.

Gerhards, M.; Schlerf, M.; Mallick, K.; Udelhoven, T. Challenges and future perspectives of multi-/Hyperspectral therma
| infrared remote sensing for crop water-stress detection: A review. Remote Sens. 2018, 18, 1240.

Faroog, M.S.; Riaz, S.; Abid, A.; Abid, K.; Naeem, M.A. A Survey on the Role of 10T in Agriculture for the Implementatio
n of Smart Farming. IEEE Access 2019, 7, 156237-156271.

Jayaraman, P.P.; Yavari, A.; Georgakopoulos, D.; Morshed, A.; Zaslavsky, A. Internet of things platform for smart farmin
g: Experiences and lessons learnt. Sensors 2016, 16, 1884.

Triantafyllou, A.; Tsouros, D.C.; Sarigiannidis, P.; Bibi, S. An architecture model for smart farming. In Proceedings of the
15th International Conference on Distributed Computing in Sensor Systems (DCOSS), Santorini Island, Greece, 29-31
May 2019;pp. 385-392.

. Cruz Ulloa, C.; Krus, A.; Barrientos, A.; Del Cerro, J.; Valero, C. Robotic Fertilisation Using Localisation Systems Based

on Point Clouds in Strip-Cropping Fields. Agronomy 2020, 11, 11.

Paustian, M.; Theuvsen, L. Adoption of precision agriculture technologies by German crop farmers. Prec. Agric. 2017, 1
8, 701-716.

Georgakopoulos, D.; Jayaraman, P.P. Internet of things: From internet scale sensing to smart services. Computing 201
6,

98, 1041-1058.

Jat, D.S.; Madamombe, C.G. Wireless Sensor Networks Technologies and Applications for Smart Farming. In Smart Fa
rming Technologies for Sustainable Agricultural Development; Ramesh, C.P., Ed.; IGI Global: Hershey, PA, USA, 2018;
pp. 25-39.

OECD. Digital Opportunities for Better Agricultural Policies; OECD: Paris, France, 2019;

Hennessy, T.; Lapple, D.; Moran, B. The digital divide in farming: A problem of access or engagement? Appl. Econom.
Perspect. Policy 2016, 38, 474-491.



Retrieved from https://encyclopedia.pub/entry/history/show/16428



