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ABSTRACT
This article reviews various aspects of research concerning the background and state-of-the-art of
big data in agriculture. This article focuses on data generation, storage, analysis and visualization in
big data. In every phase, technical challenges and the latest advancement are discussed, and these
discussions aim to provide a comprehensive overview and complete picture of this exciting area.
This survey is concluded with a discussion on the application of big data in precision agriculture
and its future directions.
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1. INTRODUCTION
The United Nations estimates that it is the need to increase the food production to 50 percent by the
middle of the current century (FAO, 2009). Agricultural production tripled during the last decades
as the world’s population doubled (Kitzes et al., 2008). Agriculture remains essentially a primary
source of food for the population and raw material for a large number of industries (da Silva et
al., 2009). Population growth, climate change and bio-energy crops are worldwide trends that are
increasing the importance of using science to improve agriculture (Tilman et al., 2011). With the
need to produce more food using fewer inputs, agriculture is seeking new products, practices and
technologies. Research activities centering on genomics, bioinformatics and computational biology
of plants and animals enable the scientists and organizations to better feed the world and improve
the quality of food and animal crops. Progress in agricultural growth can serve as a critical position
for designing successful strategies to transform the economy and meet sustainable development
(Christiaensen et al., 2010) and the investments in agricultural research play a key role to agricultural
growth. Farmers will have the tools to get the most from every acre. The future of farming depends
largely on adoption of cognitive solutions. While large scale research is still in progress and some
applications are already available in the market, the industry is still highly underserved. When it
comes to handling realistic challenges faced by farmers and using autonomous decision making and
predictive solutions to solve them, farming is still at a budding stage (Jones et al., 2017). Research
on new generation agricultural design models shows that the data is most important parameter for
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on-farm decision support, research investment and policy decision making. The agricultural industry
will be transformed by data science and artificial intelligence. Collecting reliable agriculture data for
farm management decision making is important scenario. The developments in the concept of smart
farming make agriculture more efficient and effective with the help of high-precision algorithms
(Baseca et al., 2019). The mechanism used in smart farming is machine learning (ML), the scientific
field that gives machines the ability to learn without much programming. It has emerged together with
big data technologies and high-performance computing to create new opportunities to ease, quantify
and understand data intensive processes in agricultural operational environments. The developments
indicate that agriculture can benefit from machine learning at every stage like spices management,
field management, crop management and livestock management. The artificial intelligence (AI) and
machine learning are used in a number of agricultural applications today include the yield prediction
algorithms based on weather and historical yield data, image recognition algorithms to detect pest
and diseases in plants and robotics to harvest different types of specialty crops (Tibbetts 2018). This
aspect needs an adaptive method to control the data sources and decision-making systems for better
production and marketing with less waste of resource. Agriculture big data is playing important role
by incorporating the AI and ML. The farmers are using data to calculate harvest yields, fertilizer
demands, cost savings and even to identify optimization strategies for future crops as smart machines
and sensors on farms and farm data grow in quantity and scope, farming processes will become
increasingly data driven and data enabled.
In order to obtain better productivity, the people are using precision agriculture (De Rango et al.,
2019), Somayeh et al. (2018) and Maes and Steppe (2019), automated irrigation scheduling (Li et al.,
2018; Soulis & Elmaloglou, 2018), optimization of plant growth, farmland monitoring, greenhouse
gases monitoring, production process management and security in crops (Yuan et al., 2018; Huang
et al., 2018, Groenveld et al., 2019).
2. BIG DATA TECHNOLOGIES AND TOOLS
Recent technological development led to automation of several processes in various domains like
agriculture, health care, fraud detection, etc., which in turn led to the generation of humungous data.
McKinsey & Co. (Manyika et al., 2011)) foresees that the society is now facing a tremendous wave
of innovation, productivity, and growth as well as new modes of competition and value capture - all
driven by Big Data. The term Big Data is mainly used to describe massive, often unstructured, and
heterogeneous digital content which is difficult to store and process using traditional data management
tools and techniques Talia (2013), Stephen Kaisler et al. (2015), Rob Lokers et al. (2016)). Once these
started gaining attention, the data analyst developed it further and currently big data can be described
using the 10V model. Borne (2014) has listed the V’s as challenges in deploying Big Data into any
application. These V-based characterizations represent ten different challenges associated with the
main tasks involving big data like- capture, cleaning, curation, integration, storage, processing,
indexing, search, sharing, transfer, mining, analysis, and visualization. Big data can be described by
the following 10 characteristics which are illustrated in Figure 1 and Table 1.
These covered most of the challenges in big data including collecting, storing, transferring,
analyzing, and visualizing. Big data is primarily defined by the volume of a data set. The data sets
are generally huge measuring tens of terabytes and some cases crossing the petabytes. The term
big data was preceded by very large databases which were managed using database management
systems. Currently, big data falls under three categories of data sets namely structured, unstructured
and semi-structured. The structured data sets comprise of data which can be used in its original form
to derive results. The unstructured data sets comprise of data are without proper formatting and
alignment (Khan et al., 2014). Semi-Structured data sets are a combination of both structured and
unstructured data. Big data processing requires a particular setup of physical and virtual machines
to derive results. The processing is done simultaneously to achieve results as quickly as possible.
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Figure 1. The 10 V’s of big data

Table 1. The 10 V’s of big data
Volume

There is a large amount of data is generated from various sources.

Variety

Data has complex structures, different data types, and formats depending on the data sources.

Velocity

In real time processing, the rate of data flowing into and out of the systems is high.

Veracity

Due to the different data sources are often of many different origins data quality is not all verifiable.

Validity

Validity is based on veracity, the data should have quality, governance, master data management
(MDM) on massive, diverse, distributed and heterogeneous.

Value

To derive significant value from high volumes of data with a low value density is not straight forward.

Variability

The data source should be dynamic, evolving, spatio-temporal data, time series, seasonal, and any
other type of non-static behavior, customers, objects of study, etc.

Venue

Data sources are distributed, heterogeneous data from multiple platforms, from different owners’
systems, with different access and formatting requirements, private vs. public cloud.

Vocabulary

It relates new concepts, schema, data models, semantics, ontologies, taxonomies, and other contentand context-based metadata that describe the data’s structure, syntax, content, and provenance.

Vagueness

It relates to the confusion over the meaning of big data and overall developments around big data.
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These days, big data processing techniques also include Cloud computing and artificial intelligence.
These technologies help in reducing manual inputs and oversight by automating many processes
and tasks. Data sets are consigned the big data status based on technologies and tools required for
their processing. In agriculture big data, various data models and algorithms are needed at different
stages starting from data collection, storage (pre-processing), analytics (processing), visualization
(post-processing) to decision–making. The development of big data computing technologies and
tools such as Hadoop, HDFS, Bigtables, HBase, HIVE, CASSANDRA, ZOOKEEPER, MAHOUT,
PIG, Map Reduce, NoSQL, SPARK, Storm etc., have eased the process of exploring the Big Data for
various applications (Moorthy et al., 2015). Simulation models play an important role in informing
farmer practices by online crop production model like Yield Prophet, breeding strategies by genetic
algorithm and government policies by integrated assessment models like Seamless (Hochman et al.,
2009, Cooper et al., 2009, Bezlepkina et al., 2010).
3. CONCEPTUAL FRAMEWORK OF THIS WORK
In order to analyze the challenges and opportunities in agriculture industry using big data a conceptual
framework was developed to provide a systematic classification of issues and concepts (Wolfert et al.,
2019). A major complexity of such applications is that they require adoption between the different
stakeholders having different roles in the data value chain. There are two main components of the
architecture defined and are the data platform for data storage and processing and the operation
platform directly dealing with on-site and providing a connection to the agricultural environment.
The data platform is connected to the operation platform using the big data storage and analytics
platform, development tools, semantic modeling tools and simulation and resource optimization
framework. The architecture of the data platform is shown in Figure 2. The interface allows the
uploading of a large batch of historical data collected on the site to the cloud data storage, real-time
asynchronous communication between the data and operational platform and export of predictive
functions built on the data platform and their deployment on the operation platform for scoring of
the operational data.
The subsections provide a detail description of the subcomponent of the data platform and
operation platform.
3.1. Big Data Storage and Analytics Platform
The Big Data storage and analytics platform provide resources and functionalities for storage as well
as for batch and real-time processing of the Big Data. It provides main integration interfaces between
the site operational platform and the Cloud data platform and the programming interfaces for the
implementation of the data mining processes.
Data acquisition in big data has two components: identification and collection of Big Data.
Identification of Big Data is done by analyzing the two natural formats of data generated by digital
and analogue. Digital data is the information which has been captured through a digital medium,
e.g. a computer or smart phone app, etc. This type of data has an ever-expanding range since systems
keep on collecting different kinds of information from users. Digital data is traceable and can provide
both personal and demographic business insights. Data in the form of pictures, videos and other such
formats which relate to physical elements of our world are termed as analogue data. Analogue data
requires conversion of data into digital format by using sensors, such as cameras, voice recording,
digital assistants, etc. The increasing reach of technology has also raised the rate at which traditionally
analogue data is being converted or captured through digital mediums.
In agriculture domain and its applications, data collection from various sources plays an essential
role. They are classified into two categories named public and private. Public data comprises of
records that are collected, maintained and analyzed through publicly funded sources, specifically by
government agencies. The important public agriculture data generating sources are weather records by
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Figure 2. Conceptual framework

meteorological information and satellite imagery, longer term climate, national soil database, digital
elevation models, markets info, regional and national inventories etc. Private data comprises of data
records generated at the production level and originate with the farmer, who collect data as part of
their normal day-to-day activities such as yield, soil analysis, irrigation levels, livestock movement
and grazing rates. In agriculture and horticulture, a well-established range of instruments are available
for measuring parameters such as mass, volume, temperature, relative humidity, gas and fluid flow.
GPS-based applications in precision farming are being used for farm planning, field mapping, soil
sampling, tractor guidance, crop scouting, variable rate applications, and yield mapping (Benoit et al.,
2012). Crop sensors play a vital role to ease the quality crop by automatic identification and cropping
(Benoit et al., 2012; Rosell et al., 2012). Close-range sensing using tethered balloons, small radiocontrolled aircrafts has been employed to gather photographic or multi-spectral information on crops
and soils. Chemical sensors are also used to register the presence and amount of specific chemicals
or chemical groups (Larisa Lvova et al., 2017)). The advancements of sensors in agriculture data
collections contributed to enormous development in the farming methods (Bochtis et al., 2019). The
developments in precision agriculture, automated irrigation systems, optimization of plant growth,
production monitoring are a few potential applications. This important data for industry is created
and captured at high cost. It needs bulk storage devices for experimental data bases, array storage
for large-scale scientific computations, and large output files.
For Smart Farming, the potential of unmanned aerial vehicles (UAVs) has been well-recognized
(Faulkner and Cebul, 2014; Holmes, 2014). Drones with infrared cameras, GPS technology, are
transforming agriculture with their support for better decision making, risk management (Zilberman
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et al., 2018). In livestock farming, smart dairy farms are replacing labour with robots in activities like
feeding cows, cleaning the barn, and milking the cows (Scott et al., 2015). On arable farms, precision
technology is increasingly used for managing information about each plant in the field (Pivoto et al.,
2018). With these new technologies, data is not in traditional tables only, but can also appear in other
formats like sounds or images (Sonka, 2015). The advances in data analysis techniques trigger the
use of data in images or other formats. In Big Data and Smart Farming, human-sourced data have
rarely been discussed except in relation to the marketing aspects (Verhoosel et al., 2016). Limited
capacity with regard to the collection of relevant social media data and semantic integration of these
data from a diversity of sources is considered to be a major challenge (Bennett, 2015).
Data are generated through precision agriculture. Micro-irrigation techniques are costeffective and water-usage efficient and it need to adopt the parameters from environmental and
soil information (Ge et al., 2018, Kamilaris et al., 2017, Sharma et al., 2018). The controlled usage
of fertilizers, pesticides need to monitor the probability and occurrence of pests in crops and the
surrounding climate information (Shrivastava et al., 2019). Cattle moment tracking and asset
tracking are important for agriculture and these data are generated by RFID sensors and monitored
(Kwong et al., 2012; Misra et al., 2012).
To better prepare for disruptions in food supply and global crop market price fluctuations of the
types witnessed over the last 10 years, timely and accurate information on current and forecasted
global food production is needed (Fritz et al., 2019). Improved monitoring will enable more accurate
forecasting of commodity prices and a better understanding of the key risks in food supply, helping
to reduce global food insecurity (Godfray et al., 2010).
The rainfall estimation and the Normalized Difference Vegetation Index (NDVI), GIEWS use
the Agricultural Stress Index (ASI) for early identification of agricultural areas that may be affected
by dry spells or droughts (Rojas et al., 2011). The agrometeorological models based on data obtained
from national meteorological networks will show hotspots where crops are affected by water stress
during the growing period and also it can use for verifying data from public institutions (Rojas, 2015).
Early warning systems network will provide decision support to food assistance programs and relief
agencies (Funk and Verdin, 2010).
A decision support system, the MARS crop yield forecasting system provides independent and
evidence-based information on the status of annual crops in the EU and neighboring countries by
monitoring crop growth and forecasting crop yields (Supit et al., 1994; Baruth et al., 2008; Gallego
et al., 2010; Boogaard et al., 2013; López-Lozano et al., 2015).
Agricultural Big Data will have no real value without Big Data analytics (Sun et al., 2013). To
obtain Big Data analytics, data from different sources need to be integrated. In this process, data
quality issues are likely to arise due to errors and duplications in data. The second step in the data
acquisition process is collection and storage of data sets identified as big data since the old DBMS
techniques were inadequate for managing big data. The process is called MAD – magnetic, agile
and deep is used for collecting and storing big data. Since, managing big data requires a significant
amount of processing and storage capacity, creating such systems is out-of-reach for most entities
which rely on big data analytics. Thus, the most common solutions for big data processing today are
based on two principles – distributed storage and Massive Parallel Processing (MPP). The high-end
Hadoop platforms and specialty appliances use MPP configurations in their system. JavaScript Object
Notation (JSON) is the preferred protocol for saving big data nowadays. Using JSON, the tasks can
be written in the application layer and allow better cross-platform functionalities. Data are primarily
stored in the Distributed File System, which is responsible for the distribution and replication of large
datasets across the multiple servers (data nodes) (Ahmed Oussous et al., 2018). A unified access
to the structured data is provided by the Distributed Database using the standard standard query
language (SQL) interface.
Hadoop is a distributed file system for storing and performing big data analytics, which
provide reliability, scalability, and manageability. Hadoop consists of two main components:
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the Hadoop distributed file system (HDFS) for the data storage and MapReduce (MR) for data
analytics. MapReduce (MR) is an effective programming model used in cloud computing and
large-scale data-parallel applications. The schematic of the MapReduce is shown in Figure 3.
It is used for processing vast data sets with large number of parallel distributed algorithms on
a cluster. Both the data nodes and the name node of HDFS provide a redundant and reliable
distributed file system, which is optimized for large files, where a single file is split into blocks
and distributed across cluster nodes. Tachyon is the distributed file system that extends HDFS and
provides access to the distributed data at memory speed across the cluster. Some of the features
where Tachyon has outsmarted HDFS are in-memory data caching for enhanced performance
and backwards compatibility to work seamlessly with Spark as well as MR tasks without any
code changes required to the programs. The other Big Data storage methods are object-based
mechanism, that are able to scale to very high capacity and enormous files so that enterprises can
take the advantage of Big Data as the DNS way of doing things over the Internet (Bhat, 2018).
MapReduce has also been shown to have significant problems with more complex algorithms,
like conjugate gradient, fast Fourier transform and block tri-diagonal linear system solver (Cohen,
2009). MapReduce used to predict whether, agricultural commodity price analysis and crop disease
analysis (Hu et al., 2015; Doreswamy & Gad, 2016). Yet another resource negotiator (YARN)
is introduced that has taken Hadoop to an actually computationally-agnostic Big Data platform.
MR runs as a service over YARN, while YARN handles scheduling and resource management
related functionalities. This separation has made Hadoop suitable for implementing innovative
applications. Apache Spark and Microsoft’s Dryad provide the big-data processing framework
as Apache Hadoop (Hosseini et al., 2019).
Agricultural Big Data are known to be highly heterogeneous (Ishii, 2014, Li et al., 2014).
The heterogeneity of data concerns for example the subject of the data collected (i.e., what is
the data about) and the ways in which data are generated. Data collected from the field or the
farm include information on planting, spraying, materials, yields, in-season imagery, soil types,
weather, and other practices.
In North America, several initiatives are undertaken to open up data transfer between several
platforms and devices. The ISOBlue project facilitates data acquisition through the development of
open-source hardware platforms and software libraries to forward ISOBUS messages to the cloud and
develop applications for Android smart phones (Layton et al., 2014). They emphasize the capability
Figure 3. Representation of MapReduce in big data
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to share data records easily between several workers within the farmer stakeholders outside the farm
and the guarantee of long-term ownership of farmer’s data (Welte et al., 2013, Ault et al., 2013).
In Europe, much work to realize an open infrastructure for data exchange and collaboration was
done within their Future Internet programme. The focus of this programme was to realize a set of
Generic Enablers (GEs) for e.g. cloud hosting, data and context management services, IoT services,
security and Big Data Analysis which are common to all Future Internet applications for all kind
of different sectors, called FIWARE (Wolfert et al., 2014, Kaloxylos et al., 2012; Kaloxylos et al.,
2014). The Future Internet space project implemented the interface architecture into a real platform for
business collaboration (Barmpounakis et al., 2015; Wolfert et al., 2014). Janssen et al. (2017) provide
examples of data and information technology structures that illustrate how private and public data
components could be developed for such use cases. Jones et al. (2017) argue that the most important
current limitation is data, both for on-farm decision support and for research investment and policy
decision making. One of the greatest data challenges is to obtain reliable data on farm management
decision making both for current conditions and under scenarios of changing bio-physical and socioeconomic conditions.
Data integration combines data residing at different sources and provides the user with a unified
view of these data is a key method. An effective solution to address the data integration problem is
to learn good data representations from each individual data source and then to integrate the learned
features at different levels (Berman, 2018). Srivastava et al. (2012) developed a novel application
of deep learning algorithms to learn a unified representation by integrating real-valued dense
image data and text data. Another tedious task is associated with high variety i.e. the data are often
high dimensional and nonlinear, such as global climate patterns, stellar spectra, and human gene
distributions. To deal with high-dimensional data, dimensionality reduction is an effective solution
through finding meaningful low-dimensional structures hidden in their high-dimensional observations.
For big data, speed or velocity really matters, which is another emerging challenge for learning.
Exploiting a variety of learning methods to analyze big datasets, it is to extract valuable information
from massive amounts of data in the form of deep insight or commercial benefits. Therefore, value
is also characterized as a salient feature of big data. However, to derive significant value from high
volumes of data with a low value density is not straightforward. To handle this challenge, knowledge
discovery in databases (KDD) and data mining technologies (Guarascio et al., 2019; Perera et
al., 2016) comes into play. These technologies provide possible solutions to find out the required
information hidden in the massive data. Few authors reviewed studies on applying data mining and
KDD technologies to the IoT. Particularly, utilizing clustering, classification, and frequent patterns
technologies to mine value from massive data in IoT, from the perspective of infrastructures and from
the perspective of services were discussed in detail. Wu et al. (2014) characterized the features of
the big data revolution and proposed big data processing methods with machine learning and data
mining algorithms. Another challenging problem associated with the value of big data is the diversity
of data meaning, i.e., the economic value of different data varies significantly, even the same data
have different value if considering from different perspectives or contexts.
The other system used to handle the big data is the cloud agile technology with the advantages
of data centric, storage and data management confluence, and storage information infrastructureoriented. Cloud-based storage is able to provide virtually unlimited storage and flexible access to
the data so as to carry out various applications and services via the internet (Elshawi et al., 2019).
3.2. Data Visualization
The main focus of data visualization is to convey the information or the knowledge, which are dug in
the complex and large-scale data sets in a visual form (Rice, 2018). Data presentation is crucial, since
the end user struggles to infer the vital information of the generated data from various sources, because
they are usually unstructured and heterogeneous. For Big Data applications, data visualization is
extremely difficult due to large size, high dimension of data and its crucial V’s. To visualize large-scale
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data, feature extraction and geometric modeling can be implemented, to decrease the data size before
actual processing. Visualization based tools should fulfill three requirements such as expressiveness,
effectiveness and appropriateness. Through climate visualization tools, various climate parameters
are visualized. Some of well-known techniques for data visualization are Tag cloud, Clustergram,
Motion charts and Dashboard (Van Hertem et al., 2017; Grainger et al., 2016). The operation data
visualization is a web user interface where operational managers can configure various real-time
visualizations of operational data and monitor the deployed predictive functions. The visualized data
can be enhanced with the new trend indicators using various trend analysis methods. The operational
data visualization framework also provides API for the implementation of the new trend indicators.
4. OPPORTUNITIES AND ADVANCEMENTS AND UTILIZATION
OF BIG DATA IN AGRICULTURAL INDUSTRY
As opportunities for Big Data have surfaced in the agribusiness sector, big agriculture companies
such as Monsanto and John Deere have spent hundreds of millions of dollars on technologies that
use detailed data on soil type, seed variety, and weather to help farmers cut costs and increase yields
(Faulkner & Cebul, 2014). Other players include various accelerators, incubators, venture capital
firms, and corporate venture funds (Monsanto, DuPont, Syngenta, Bayer, DOW etc.) (Lane, 2015).
As the agri tech develops, an increasing number of small tech startups are launching products
giving their bigger counterparts a run for their money. In the USA, start-ups like FarmLogs (Guild,
2014), Farm Link (Hardy, 2014) and 640 Labs challenge agribusiness giants like Monsanto, Deere,
DuPont Pioneer (Plume, 2014). One observes a swarm of data-service start-ups such as FarmBot
(an integrated open source precision agriculture system) and Climate Corporation. Their products
are powered by many of the same data sources, particularly those that are freely available such as
from weather services and Google Maps. They can also access data gathered by farm machines and
transferred wirelessly to the cloud. Traditional agri-IT firms such as NEC and Dacom are active with
a precision farming trial in Romania using environmental sensors and Big Data analytics software
to maximize yields (NEC, 2014).
In the state of the art of big data applications in agriculture, the data are captured using sensors,
open data, using biometric sensing genotype information (Faulkner and Cebul, 2014; Cole et al.,
2012, Van ‘t Spijker, 2014)). The issue is the availability is limited and the quality of the sensors is
immature due to the lack of developments (Tien, 2013). In data storage, the Cloud-based platform,
Hadoop distributed file system and hybrid system are used. The system needs to improve quick and
safe access of data along with installation and maintenance cost. Wireless Cloud-based platforms
are used for data transfer even though it has the issues on safety, agreements on responsibilities and
liabilities. To make Big Data applications for Smart Farming work, an appropriate technological
infrastructure is essential.
The development in big data technologies improves the comprehensive productivity of agriculture
and the overall productivity of agriculture using modern information technology and information
systems (El Bilali et al., 2018). Because of volume, diversity, and complexity of agriculture data sets,
there are number of challenges for innovative architecture and frameworks, algorithms, and analytics
to manage, to extract values and hidden knowledge from it. Big data may play a vital role for effective
decision making for farmers, policy makers, companies involved in agri-business and agro-inputs,
banks, insurance companies and service providers. The major opportunities and challenges lie with
setting a benchmark in agriculture sector, because the factors influencing the agriculture will vary
with climate, area, soil type, culture and tradition.
The considerable challenges of agriculture big data exist at different stages, such as data collection,
storage and analysis since the agriculture data set contains various data like soil, climate, seed,
cultivation practices, irrigation facilities, fertilizers, pesticides, weeds, harvesting, post harvesting
techniques, etc. A huge amount of data is generated and maintained by governments, universities,
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research organizations, agri-business and agro-input companies for agriculture production, insurance,
marketing, supply chain, packaging, distribution, etc. (Shrivastava et al., 2019). Because of the
multimodal nature of data, it has several challenges like the improving methods for data collection,
effective and efficient statistical and data analytical techniques to understand and support the
functions of various agriculture verticals. The agriculture big data is not so sensitive. So, there is
less security or privacy issues in agriculture data. The agriculture practices guide agriculture data
mining (Kamilaris et al., 2017).
The challenges are also in implementation costs side. The challenge is to automate data acquisition
in such a way that there are virtually no costs (Sonka, 2015). Because on-farm data will generally
remain in the hands of individual companies, investments are needed in a common pool infrastructure
to transfer and integrate data and finally make applications out of it. Poppe et al. (2015) suggests an
coordination between the Agricultural Business centers and Data Exchange Facilities of the area.
The challenge in this area is if the coordination will be closed, proprietary systems or if these will
be more open. Another business-related challenge of Big Data is how the potential of information
across food systems can be utilized (Sonka, 2015).
The biggest challenges of Big Data governance are probably how to ensure privacy and security
(Orts & Spigonardo, 2014; Sonka, 2014; Van ‘t Spijker, 2014). Currently, this is sometimes inhibiting
developments when data are in silos, guarded by employees or companies because of this issue. They
are afraid that data fall into the wrong hands (e.g. of competitors) (Gilpin, 2015b). Hence privileged
access to Big Data and building trust with farmers should be a starting point in developing applications
(Van ‘t Spijker, 2014). Therefore, new organizational linkages and modes of collaboration need to be
formed in the agri-food chain (Sonka, 2014). The ability to quickly access the correct data sources
to evaluate key performance/core processes and outcome indicators in building successful growth
strategies. Anonymization of data, so that it cannot be traced back to individual companies can also
be a problem sometimes (Orts & Spigonardo, 2014).
Assessing impacts of new technologies and climate adaptation are challenging, most agricultural
technology impact assessment is carried out after technologies have been disseminated. However, there
is a growing recognition of the need for forward-looking, technology impact assessment designed to
anticipate both intended and unintended impacts (Antle, 2011; Antle et al., 2014). One of the most
important growing applications of forward-looking impact assessment is for climate adaptation and
climate smart agriculture (Lipper et al., 2014).
Capalbo et al. (2017) present an illustrative analysis of how climate change may impact dry-land
wheat producing farmers in the U.S. Pacific Northwest. Projected changes in climate are translated into
changes in key climate factors affecting the grower’s yields and these yield changes are transformed
into net returns.
As Antle et al. (2017) observe that the users do not want models, but they want the information
they can produce. This means that models must be embedded in decision support tools that have value
to farm managers. One improvement could be to automate data collection using sensors on machinery
and other mobile devices, as well as from web-based sources such as weather, and economic data
such as prices. Another area of improvement is inter-operability of tools with farm accounting and tax
preparation software, so that information can be entered once and then utilized in an integrated way
across multiple analytical tools. The available approach of manually carrying out this integration on
a case-by-case basis makes this type of analysis costly even in a small geographic region, and often
makes integration infeasible across larger regions.
Second, the fact that virtually all stakeholders want access to model outputs, rather than access
to the models themselves, means that there is a demand for “knowledge products,” i.e., tools that
facilitate access to model outputs and provide analytical capability to interpret model outputs for
decision making. As Janssen et al. (2017) observe, “apps” on mobile devices, as is now being done
for some types of decision making such as pesticide spray decisions – or as larger tablet computer
dashboards for data visualization and additional processing through meta models and other analytical
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tools. The fact that these knowledge products have been slow to materialize suggests some form of
“market failure”. As suggested by Antle et al. (2017), one solution to these challenges appears to be
private-public partnerships among the various organizations that have a mutual interest in assuring
that the data are obtained efficiently and used appropriately for both private and public purposes.
There have been major developments in the world related to food safety and traceability.
Some of the initiatives come from governments to protect the health of the citizens, the others are
private initiatives by growers and retailers in order to meet the expectations of their customers
with respect to food safety and environmental sustainability. Precision agriculture technology
helps the food safety by developing a better decision support system for agriculture industry
presents some specific challenges in information industry. Using network, internet and sensors
gives a complete picture for precision agriculture along with the decease management and cattle
movement. Analysis tools based on network theory can be used in the control and monitoring
systems of food business operators by analyzing their commercial relations with each other
(Baranyi et al., 2013; Chmiel et al., 2007). The management challenges in closely co-operating
enterprises, as well as the mutual dependence of all participants in the food chain, necessitate
the application of network science in this area (Fritz et al., 2008). The cattle identification and
traceability are becoming a necessary pre-condition for the international competitiveness of cattle
and the cattle-product export market (Schroeder et al., 2012). The network analysis approach has
applied to analyze and prevent foot and mouth disease (Dube et al., 2009). Martinez-López et
al. (2009) have analyzed the trans-boundary flow of animals with the purpose of implementing
disease prevention measures and Bajardi et al. (2011, 2012) mapped the Italian cattle trade
network and made great progress in analyzing dynamic patterns, using network science tools to
optimize cattle farm surveillance.
Improving the technologies in data transmission is important for the agriculture sector. The lack
of data or possible delays in providing updated records may make their use difficult, especially for
time-varying patterns. The available data transmission models, i.e. cellular, wireless, and satellite are
lagging behind the needs of agriculture production. The recent report Co-Bank (Tayler et al., 2016)
released a report which briefs that the farmers utilize 30 plus gigabytes of data per month during the
harvest period. This is more than double what they were using three years ago and the need keeps
growing. Cellular and hard-wired providers are not able to reach much on the rural areas. However,
satellite-based internet connectivity could provide an effective solution over larger geographic areas
without signal interruption. The amount of data generated from drones will depend on the type,
frequency, and quality of images that are being taken. Bennett (2016) suggests that cellular connectivity
is the only viable option for coverage map sharing.
Insurance is another potential application of big data in the agriculture. It estimates the crop
yields or crop losses within several days, thus allowing governments or insurance companies
to respond to catastrophes in a much timelier manner (Castillo et al., 2016). Improved contract
design and creative usage of satellite allow governments and the private sector to extend insurance
coverage (William et al., 2010).
Utilization of real time information sharing between farmers and researchers enables service
providers to supply real time and personalized services based on a wide range of factors such as:
location, crop, management practices, mechanization level, irrigation type, farm size and soil
type. These inform to the farmers about the different choices of cultivation and take necessary
actions whenever needed. Minal Sawant et al. (2016) used PRIDE and mKRISHI business models.
The farmers of Dindori tehsil of the Nashik district of Maharashtra state, India are trained by
researchers in order to get more production within short span of time. Due to the personalized
crop protocol, agro-advisory and timely alerts, the average increase in productivity was found
to be 64% in 2013–2014 and 112% in 2014–2015. It also contributed to around a 90% increase
in farmer participation in the second year.
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5. CONCLUSION
Current Big Data platforms in agriculture are supported by various processing, analytical tools as
well as dynamic visualization. Such platforms enable to extract knowledge and value from complex
dynamic environment. They also support decision making through recommendations and automatic
detection of anomalies, abnormal behavior or new trends. In this paper, the basics of big data and
its important phases like data acquisition and storage, data transportation and data analysis in the
agro environmental domain are discussed. The challenges in the big data in different phases are
discussed and proposed its possible remedies. Also, we discussed the advanced applications of big
data in agricultural industry. This discussion should lead to the improvement of methodologies and
techniques required to efficiently provide access to and semantically interlink sources from different
disciplines for agricultural industry. The successful introduction of Big Data in non-agricultural sectors
consistently stresses the business issues and opportunities determine the success of the domain. This
phenomenon is appropriate for agriculture business as well. Going with the existing technologies
and applying the big data in the agribusiness chain will make agriculture business a profitable.
Some of these applications will utilize data that is not directly captured from agricultural operations
to provide enhanced product and service offerings to the sector. Data generation and transmission
across business entities seems to be a necessary component of these applications. Linking data from
operations with information and knowledge from laboratories and agricultural sites will be required
to effectively optimize sector performance. In order to do so, the best possible solution is open data,
which is a powerful evidence-based tool for long term sustainable development by improving economic
opportunities for farmers and health of consumers. Open access to research, meta-analysis, and open
publication of data are vital resources for nutritional security. Providing a more specialized Big Data
analysis to extend the information about the features, benefits and limitations of each framework and
language will help the industry. Hence, technological issues in many Big Data areas can be further
studied and constitute an important research topic.
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