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ABSTRACT:

Al-powered solutions in several sectors, including agriculture, are advocated for in a discussion paper written by
the Indian government agency NITI Aayog. Farming might benefit from the use of Al robots, since they might help
increase soil quality, as well as information on when to use herbicide, and where pests are most likely to appear. As
a consequence, Al systems may help Indian farmers take advantage of advanced farming practises, causing a
nationwide agricultural revolution. This way, one must prepare for both capacity expansion and cost reduction in
order to bring about such a future state. The current manuscripts attempts to evaluate the use of Al in farming in

case of India.
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INTRODUCTION

Now, let us direct our attention to how Al may make life better for regular people in the future. It is, nevertheless,
possible to make more achievements in the past 15 years or so from the beginning of the 21st century than in the
prior three decades(Basu et al., 2006; Bruce et al., 2006). We are surrounded by contemporary technology such as
cellphones and the Internet, which allow us to enjoy options such as viewing films and listening to music online
with immediate access to information through Google. Let us expand on this growing body of fresh ideas, and see
how we might develop it using artificial intelligence. Artificial intelligence (Al) will wire its own reasoning in
order to improve itself due to frequent repetition and practise(Bernard, 2007; Trabucco et al., 2008). Overall,
artificial intelligence (Al) has both benefits and consequences. Artificial intelligence (Al) is often discussed in
everyday conversations nowadays, with articles on the issue appearing in periodicals. People have spoken about
climate change in the past, and that has prompted meaningful action on our part. Now, people are debating Al, and
this discussion will keep on going regardless of any individual's feelings. When trying to accomplish anything, it is

always a good idea to start unpleasant but crucial dialogues about Al.

Microsoft has a number of Al-related technologies that focus on such things as locating life-threatening diseases,
reducing accident risks, and predicting consumer behaviour. As Artificial Intelligence (Al) advances, intelligent
personal assistants like Siri from Apple, or Cortana from Microsoft, and Watson from IBM are all making great
strides(Hammad et al., 1996). New products like Google Maps, ride-sharing in cabs, facial recognition in Facebook
images, face unlock in mobile devices, search and suggestion in online shopping sites, and others have witnessed
an increase in use in the previous few of years. In my opinion, it seems like Google is “getting ahead of the game”
when it comes to implementing Al technologies. I believe that the company has recently switched to “Al first”
procedures and is employing Al for a lot of applications. It was recently reported that it is now necessary to use a

broad range of human ingenuity in order to produce lasting changes in the area of Al. Two of the world's foremost
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Al research facilities, GoogleBrain in California and TensorFlow in Tokyo, are both operated by Google(Herbert
D.A., 2000; Zhang & Benson, 2000).

Use of Al in technological revolution

Artificial intelligence has become a key technology inside the business. Al research is smart and difficult.
Computers don't yet demonstrate the many cognitive capacities, including problem solving, thinking, and learning,
that humans do. This topic of statistical analysis on the impact of machine learning algorithms and their capabilities
is already well-known in the mathematical community. As artificial neural networks (ANN) (Barbee & Stout, 2009;
DeJarnette et al., 2009; Rivera & Sulaiman, 2009; Ushada, 2008)have proliferated in machine learning, the
prominence of these deep learning approaches, including convolutional neural networks (CNN), generative neural
networks (GN), and variational autoencoders, has grown from previous techniques that used artificial neural
networks (ANN), fuzzy systems, genetic algorithms, and their hybrid techniques (VAE). This applies, but it does
not apply just to the capability to find patterns in streams of inputs (e.g. text, numbers, images, sounds, video, etc.).
In regression, the items are classified into groups, while in classification, the class of group is determined. Deep
learning Al boosts accuracy significantly.

Use of modern technologies in agriculture

Robotics is part of artificial intelligence-related technology, too. Robots must have intelligence with other sub-
problems like localization, motion planning, and mapping in order to do things like picking up items and
navigating(Chen et al., 2011; Flohre et al., 2011). Sophia, a robot developed by Hanson Raobotics, is a wonderful
example of how artificial intelligence may bring advantages. More importantly, once Al systems have been taught
to fulfil a given objective, they are free from prejudices and biases, and this lack of prejudice enables them to
contribute to society in a positive manner. The world's complicated agricultural challenges might be solved using

the diverse range of Al-powered fields.

Al-powered solutions in several sectors, including agriculture, are advocated for in a discussion paper written by
the Indian government agency NITI Aayog. Farming might benefit from the use of Al robots(Barrett et al., 1985;
Gonzalez et al., 2018), since they might help increase soil quality, as well as information on when to use herbicide,
and where pests are most likely to appear. As a consequence, Al systems may help Indian farmers take advantage
of advanced farming practises, causing a nationwide agricultural revolution. This way, one must prepare for both

capacity expansion and cost reduction in order to bring about such a future state.

Al Driven Agriculture

Al-driven solutions are working to help farmers, suppliers, and consumers do everything from soil and crop
monitoring to weather forecasting, as well as analysing market trends and simplifying delivery. With cloud
computing infrastructures such as data ecosystems, Internet of Things (IoT), and artificial intelligence, farmers may
use digital agriculture to increase their productivity while decreasing expenses. They may do this by using smart

farming practises including smart irrigation, fertiliser application, disease/pest diagnosis/detection, and

JETIR1803355 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ] 534


http://www.jetir.org/

© 2018 JETIR March 2018, Volume 5, Issue 3 www.jetir.org (ISSN-2349-5162)

spraying(Alvarenga et al., 2015; Ferguson et al., 2004; Flohre et al., 2011; Szenci et al., 1998; Thies et al., 2011).
The widespread use of machine learning and soft computing technologies with pattern recognition can be seen in
nations with satellite pictures and drone cameras (which may be used to gather photos and video) processing.
Activities related to farming, predicting diseases and pests, weather forecasts, application time, harvest, etc. Neural
networks are artificial neural networks that are built around the concept of how the brain operates and how it is
constructed, such as (ANNSs). Deep learning provides massive parallelization since increasingly complex models
are used. In segmentation, deep learning has shown to have great accuracy when it comes to detecting various

diseases and varieties, as well as crop output predictions and forecasts.

Al and Precision farming

Using artificial intelligence in agriculture is certain to be mind-boggling. Al may be used to machine-integrated
systems to create intelligent machines that function quicker and more precisely than humans while yet emulating
human behaviour. As a result of advancements in artificial intelligence, the Internet of Things (1oT)(Ampatzidis et
al., 2017; Carter et al., 2008), and sensor technologies, we believe precision agriculture will see more innovation.
Al can considerably increase the distribution of Climate Smart Agriculture across a vast region, especially with
remote sensing technology. Agricultural breakthroughs such as high-yielding or disease-resistant cultivars that may
help farmers to boost their earnings might be possible with the use of mobile-based recommender systems and
expert systems like these(Afif et al., 1993; McQuiston et al., 2005; Murphy et al., 2013; Rivera & Sulaiman, 2009).
Counsel for farmers all around the country will become a reality thanks to artificial intelligence, which can
combine location-based advisory services with context-specific advice. Innovative services offered by
entrepreneurs as services to farmers are now available, due to automation, sensors, drones, the Internet of Things,
and solar power, and the addition of artificial intelligence. When using Al, we can both benefit from it and help
farmers put it to good use by providing them with extensive information on several crop kinds, weather patterns,
and ideal planting times. We can focus our time and effort on things where we can be more creative and effective if

artificial intelligence aids with the drudgery and monotony in a broad variety of agricultural procedures.

Previously, machines have been used to grade and sort vegetables and fruits with the purpose of developing a
worldwide agricultural commodities standard in order to facilitate worldwide commerce. Digitization of food
quality is assisted by using advanced image processing algorithms and deep learning to analyse food
images(Ampatzidis et al., 2017; Cao et al., 2010). To give the same service to numerous things and locations, we
will have to develop millions of more images. Even though this seem somewhat far-fetched, collecting, digitising,
and labelling images might provide some actual results. The majority of agricultural data remains with
governmental organisations, therefore the onus is entirely on them to annotate and make the data usable. The
amount and quality of deep learning results in an unavoidable influence on performance. To accurately anticipate
solar or energy generation, long-term data is required. Students are aided by Al-powered adaptive e-learning and
decision support tools that help them identify knowledge gaps and then target content in order to get new concepts.
The introduction of these technologies may lead to the creation of new issues. Content and assessment created via

web-based tools are superior than classroom-based teaching and learning.
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Reliability of Al

When it comes to Al applications, reliability, security, and an up-to-date database are necessities. Without
intelligence, an Al-based system will not be able to judge intelligently on the basis of the underlying
database(Ferguson et al., 2004; Frary et al., 2004; Thies et al., 2011; Turner et al., 2003). The idea that Al systems
are data-hungry machines that draw on an enormous quantity of previous data to arrive at conclusions is known as
the data hunger theory. To envision Al solutions powering agriculture, we need execute our data collecting and
data digitization efforts more methodically. We should question more into the data's use, where to store it, and how
we'll create intelligence from it. Only fresh data from non-Al (human) sources is able to sustain this new generation
of Al-enabled systems as they learn and improve. Knowledge engineering must be included into Al research
because of this(DeJarnette et al., 2009; Diskin & Sreenan, 2000; Short & Colborn, 1999).

Conclusion

The amount of relevant data machines have is what makes it possible for them to do jobs comparable to those of
humans(Doets et al., 2008; Frary et al., 2004; Johnson, 2000). Al systems must have access to all the objects,
categories, characteristics, and relations that exist within them in order to do knowledge engineering. If they don't
have an ordered database, it is hard and time-consuming to supply robots common sense, reasoning, and problem-
solving skills(Ehsan et al., 2015). When it comes to Al, there are a lot of chances. We must support agricultural
output by being proactive, creating new systems, and devising ways to improve crop yield. This is well known, but
it is important to remember that although AI will almost always be something or something “artificial”, it allows
the possibility of humanity in the humans stepping in to interfere if they are not interested in letting Al systems
affect their lives. Our ideas and excitement will help in the development of Al-powered agricultural solutions in the
future. Non-biological and human features are both present inside artificial intelligence. Obviously, Al will play a
significant role in every business, requiring a radical change in R&D methodologies. New knowledge must be
continually provided to computers employing artificial intelligence (Al) and more information must be supplied to
the databases they use in order to carry out their responsibilities with practically zero error, such as discovering a
new location. When it comes to Al, this theory suggests that Al systems will not only evolve and improve, but also

have more options for customization than human systems do.

References

1. Afif, E., Matar, A., & Torrent, J. (1993). Availability of phosphate applied to calcareous soils of west Asia
and North  Africa. Soil Science  Society of America Journal, 57(3), 756-760.
https://doi.org/10.2136/sssaj1993.03615995005700030022x

2. Alvarenga, P., Mourinha, C., Farto, M., Santos, T., Palma, P., Sengo, J., Morais, M.-C., & Cunha-Queda, C.
(2015). Sewage sludge, compost and other representative organic wastes as agricultural soil amendments:
Benefits VErsus limiting factors. Waste Management, 40, 4452,
https://doi.org/10.1016/j.wasman.2015.01.027

3. Ampatzidis, Y., Bellis, L. D., & Luvisi, A. (2017). iPathology: Robotic applications and management of
plants and plant diseases. Sustainability (Switzerland), 9(6). https://doi.org/10.3390/su9061010

JETIR1803355 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ] 536


http://www.jetir.org/

© 2018 JETIR March 2018, Volume 5, Issue 3 www.jetir.org (ISSN-2349-5162)

4. Barbee, G. C., & Stout, M. J. (2009). Comparative acute toxicity of neonicotinoid and pyrethroid
insecticides to non-target crayfish (Procambarus clarkii) associated with rice-crayfish crop rotations. Pest
Management Science, 65(11), 1250-1256. https://doi.org/10.1002/ps.1817

5. Barrett, J. R., Morrison, J. B., & Huggins, L. F. (1985). ARTIFICIAL INTELLIGENCE AND EXPERT
SYSTEMS IN AGRICULTURAL RESEARCH AND EDUCATION. Paper - American Society of
Agricultural Engineers. https://www.scopus.com/inward/record.uri?eid=2-s2.0-
0022285371&partnerlD=40&md5=a9308ec2a675a9f3272d51c0fa392e93

6. Basu, T., Thool, V. R., Thool, R. C., & Birhade, H. R. (2006). Artificial neural network controller for
climate control inside the greenhouse model. Computers in Agriculture and Natural Resources -
Proceedings of the 4th World Congress, 299-304. https://www.scopus.com/inward/record.uri?eid=2-s2.0-
58249105012&partnerlD=40&md5=5aa31602ac924214a0b9%al2e2f1df4ca

7. Bernard, J.-L. (2007). The use of chemicals for crop protection and sustainability [Protection chimique des
plantes cultivées et durabilitt]. OCL - Oleagineux Corps Gras Lipides, 14(6), 332-345.
https://doi.org/10.1051/0cl.2007.0166

8. Bruce, E., Korpalski, S., Johnson, D., Klonne, D., Nagel, W., Holden, L., & Lange, B. (2006). Effect of
dislodging techniques on foliar residue determination for agricultural crops. Archives of Environmental
Contamination and Toxicology, 50(1), 138-143. https://doi.org/10.1007/s00244-005-7041-6

9. Cao, Y., Zhou, W., Wang, J., & Yuan, C. (2010). Effects of spatial grain size on landscape pattern of land
use in Three Gorges Reservoir Area in 30 years. Nongye Gongcheng Xuebao/Transactions of the Chinese
Society of Agricultural Engineering, 26(6), 315-321. https://doi.org/10.3969/j.issn.1002-6819.2010.06.055

10. Carter, B., Green, S., Leeman, R., & Chaulk, N. (2008). SmartBay: Better information - Better decisions.
OCEANS 2008. https://doi.org/10.1109/0CEANS.2008.5151869

11. Chen, Y.-F., Zheng, W., Du, S.-F., & Zhang, J. (2011). Control and modeling of intelligent agriculture (1A).
Zhongnan Daxue Xuebao (Ziran Kexue Ban)/Journal of Central South University (Science and
Technology), 42(SUPPL. 1), 411-416. https://www.scopus.com/inward/record.uri?eid=2-s2.0-
82055171983&partnerlD=40&md5=d5913404b4a6b20dd39267a676a93f9d

12. Delarnette, J. M., Nebel, R. L., & Marshall, C. E. (2009). Evaluating the success of sex-sorted semen in US
dairy herds from on farm records. Theriogenology, 71(1), 49-58.
https://doi.org/10.1016/j.theriogenology.2008.09.042

13. Diskin, M. G., & Sreenan, J. M. (2000). Expression and detection of oestrus in cattle. Reproduction
Nutrition Development, 40(5), 481-491. https://doi.org/10.1051/rnd:2000112

14. Doets, E. L., De Wit, L. S., Dhonukshe-Rutten, R. A. M., Cavelaars, A. E. J. M., Raats, M. M., Timatijevic,
L., Brzozowska, A., Wijnhoven, T. M. A., Pavlovic, M., Totland, T. H., Andersen, L. F., Ruprich, J., Pijls,
L. T. J., Ashwell, M., Lambert, J. P., Van ’t Veer, P., & De Groot, L. C. P. G. M. (2008). Current
micronutrient recommendations in Europe: Towards understanding their differences and similarities.
European Journal of Nutrition, 47(SUPPL. 1), 17-40. https://doi.org/10.1007/s00394-008-1003-5

JETIR1803355 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ] 537


http://www.jetir.org/

© 2018 JETIR March 2018, Volume 5, Issue 3 www.jetir.org (ISSN-2349-5162)

15.

16.

17.

18.

19.

20.

21.

22.

23.

Ehsan, A., Geurden, T., Casaert, S., Paulussen, J., De Coster, L., Schoemaker, T., Chalmers, R., Grit, G.,
Vercruysse, J., & Claerebout, E. (2015). Occurrence and potential health risk of Cryptosporidium and
Giardia in different water catchments in Belgium. Environmental Monitoring and Assessment, 187(2).
https://doi.org/10.1007/s10661-014-4157-z

Ferguson, M. E., Burow, M. D., Schulze, S. R., Bramel, P. J., Paterson, A. H., Kresovich, S., & Mitchell, S.
(2004). Microsatellite identification and characterization in peanut (A. hypogaea L.). Theoretical and
Applied Genetics, 108(6), 1064-1070. https://doi.org/10.1007/s00122-003-1535-2

Flohre, A., Fischer, C., Aavik, T., Bengtsson, J., Berendse, F., Bommarco, R., Ceryngier, P., Clement, L.
W., Dennis, C., Eggers, S., Emmerson, M., Geiger, F., Guerrero, I., Hawro, V., Inchausti, P., Liira, J.,
Morales, M. B., Ofiate, J. J., Part, T., ... Tscharntke, T. (2011). Agricultural intensification and biodiversity
partitioning in European landscapes comparing plants, carabids, and birds. Ecological Applications, 21(5),
1772-1781. https://doi.org/10.1890/10-0645.1

Frary, C. D., Johnson, R. K., & Wang, M. Q. (2004). Children and adolescents’ choices of foods and
beverages high in added sugars are associated with intakes of key nutrients and food groups. Journal of
Adolescent Health, 34(1), 56-63. https://doi.org/10.1016/S1054-139X(03)00248-9

Gonzélez, C. N., Leyva, C. M., Faggioni, K. M., & Alvarez, P. J. (2018). Comparative study of artificial
intelligence techniques for the diagnosis of diseases in livestock [Estudio comparado de las técnicas de
Inteligencia Atrtificial para el diagnéstico de enfermedades en la ganaderia]. In C. N. W. F. S. B.
Carrasquero J.V. Tremante A. (Ed.), CISCI 2018 - Decima Septima Conferencia Iberoamericana en
Sistemas, Cibernetica e Informatica, Decimo Quinto Simposium Iberoamericano en Educacion,
Cibernetica e Informatica, SIECI 2018 - Memorias (Vol. 1, pp. 9-13). International Institute of Informatics
and Systemics, l1S. https://www.scopus.com/inward/record.uri?eid=2-s2.0-
85056767693&partnerlD=40&md5=4bd18fd9d85679c93bfe887ae2549fbe

Hammad, T. A., Abdel-Wahab, M. F., DeClaris, N., EI-Sahly, A., EI-Kady, N., & Strickland, G. T. (1996).
Comparative evaluation of the use of artificial neural networks for modelling the epidemiology of
schistosomiasis mansoni. Transactions of the Royal Society of Tropical Medicine and Hygiene, 90(4), 372—
376. https://doi.org/10.1016/S0035-9203(96)90509-X

Herbert D.A., J. (2000). Bollworm management in Virginia cotton: history, strategies and successes. In D.
P. R. D. Dugger P Richter D (Ed.), 2000 Proceedings Cotton Conferences Volume 2 (pp. 1101-1104).
https://www.scopus.com/inward/record.uri?eid=2-s2.0-
0033820640&partnerlD=40&md5=00874c5df4514c0855e5b5f5bf5cc237

Johnson, L. A. (2000). Sexing mammalian sperm for production of offspring: The state-of-the-art. Animal
Reproduction Science, 6061, 93-107. https://doi.org/10.1016/S0378-4320(00)00088-9

McQuiston, J. H., Garber, L. P., Porter-Spalding, B. A., Hahn, J. W., Pierson, F. W., Wainwright, S. H.,
Senne, D. A, Brignole, T. J., Akey, B. L., & Holt, T. J. (2005). Evaluation of risk factors for the spread of
low pathogenicity H7N2 avian influenza virus among commercial poultry farms. Journal of the American
Veterinary Medical Association, 226(5), 767—772. https://doi.org/10.2460/javma.2005.226.767

JETIR1803355 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org ] 538


http://www.jetir.org/

© 2018 JETIR March 2018, Volume 5, Issue 3 www.jetir.org (ISSN-2349-5162)

24,

25.

26.

27.

28.

29.

30.

31.

32.

Murphy, E. M., Schulting, R., Beer, N., Chistov, Y., Kasparov, A., & Pshenitsyna, M. (2013). Iron Age
pastoral nomadism and agriculture in the eastern Eurasian steppe: Implications from dental
palaeopathology and stable carbon and nitrogen isotopes. Journal of Archaeological Science, 40(5), 2547—
2560. https://doi.org/10.1016/j.jas.2012.09.038

Rivera, W. M., & Sulaiman, V. R. (2009). Extension: Object of reform, engine for innovation. Outlook on
Agriculture, 38(3), 267-273. https://doi.org/10.5367/000000009789396810

Short, P., & Colborn, T. (1999). Pesticide use in the U.S. and policy implications: A focus on herbicides.
Toxicology and Industrial Health, 15(1-2), 240-275. https://doi.org/10.1191/074823399678846736

Szenci, O., Beckers, J. F., Humblot, P., Sulon, J., Sasser, G., Taverne, M. A. M., Varga, J., Baltusen, R., &
Schekk, G. (1998). Comparison of ultrasonography, bovine pregnancy-specific protein B and bovine
pregnancy-associated glycoprotein 1 tests for pregnancy detection in dairy cows. Theriogenology, 50(1),
77-88. https://doi.org/10.1016/S0093-691X(98)00115-0

Thies, C., Haenke, S., Scherber, C., Bengtsson, J., Bommarco, R., Clement, L. W., Ceryngier, P., Dennis,
C., Emmerson, M., Gagic, V., Hawro, V., Liira, J., Weisser, W. W., Wingvist, C., & Tscharntke, T. (2011).
The relationship between agricultural intensification and biological control: Experimental tests across
Europe. Ecological Applications, 21(6), 2187-2196. https://doi.org/10.1890/10-0929.1

Trabucco, A., Zomer, R. J., Bossio, D. A., van Straaten, O., & Verchot, L. V. (2008). Climate change
mitigation through afforestation/reforestation: A global analysis of hydrologic impacts with four case
studies. Agriculture, Ecosystems and Environment, 126(1-2), 81-97.
https://doi.org/10.1016/j.agee.2008.01.015

Turner, B. L., Cade-Menun, B. J., & Westermann, D. T. (2003). Organic phosphorus composition and
potential bioavailability in semi-arid arable soils of the Western United States. Soil Science Society of
America Journal, 67(4), 1168-1179. https://doi.org/10.2136/sssaj2003.1168

Ushada, M. (2008). Incorporating artificial human mentality (Kansei) in intelligent monitoring of
production scheme for. IFAC Proceedings Volumes (IFAC-PapersOnline), 17(1 PART 1).
https://doi.org/10.3182/20080706-5-KR-1001.2631

Zhang, Q., & Benson, E. R. (2000). Topological design of a machinery-area-network for agricultural
infotronics system. 2000 ASAE Annual Intenational Meeting, Technical Papers: Engineering Solutions for
a New Century, 1, 1781-1788. https://www.scopus.com/inward/record.uri?eid=2-s2.0-
2342477166&partnerID=40&md5=d489ca7ea3c8573230c59916ac0e8f38

JETIR1803355 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 539


http://www.jetir.org/

