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Abstract

Smart agriculture innovation enables the intelligent optimisation of crop growth conditions based on environmental and soil
parameters. A Cloud-Based Big Data analytics framework can be adopted to analyse different ingested data sources in order to
develop models of predictive analytics for crop stages and assist the decision-making processes of farmers. Big Data Analytics
entails several sophisticated methods and tools, which can be provided as a service using several services integrated under a Big
Data cloud framework. The aim is to support the decision-making processes of farmers by providing a comprehensive view of the
past, present, and future of farms. Data from diverse sources of different types and characteristics are injected into the system for
cleaning and pre-processing. Big Data Analytics techniques are efficiently applied for predicting crop growth stages and diseases
using predictive analytics, remote sensing, and computer vision technologies. Smart agriculture solutions should also consider the
issues of data quality, privacy, and security.

The continuous growth of the world population raises the need to increase food production. Agriculture and rural development
must, therefore, remain top priorities for governments. As the population increases, the demand for food, clean water, and energy
increases as well, and the challenge is to fulfil this demand. On the one hand, the response to this growing demand requires an
evolution of the agricultural sector through the adoption of new technologies. On the other hand, climate change imposes a new
set of challenges to farmers. In this context, information and communication technologies (ICTs) can help farmers increase
productivity, fertilisation efficiency, irrigation application, and pest control while reducing operational and management costs.
The proper combination of these technologies leads to Smart Agriculture.

Keywords : Cloud computing; agriculture; big data; Internet of Things; data analytics; data processing; machine learning; cloud
storage; data acquisition; wireless sensor network; Apache Spark; fog computing; smart agriculture; intelligent agriculture; deep
learning.

1. Introduction agricultural planning and production. Harvest forecasting,
disease forecasting, and reducing fertilizer costs can
significantly improve control decision-making. Today, rapid
advances in digital technology, cloud technology, and Big
Data management and analysis have generated favorable
conditions for applying Big Data analysis to agricultural
development. Data analysis techniques have been integrated
into services in the management of agricultural Big Data.

Agriculture plays a pivotal role in policy planning, socio-
economic development, and job creation in many developing
countries. Actions by organizations are supported by the
Internet of Things (1oT). 10T tracking devices respond to
weather conditions such as crop growth and insect threats.
Analyzing the huge amounts of data generated and collected
from interconnected loT devices can enhance efficiency in
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Smart Agriculture, also known as precision agriculture, is
adapted to avoid wasting resources or time and to undertake
predictive and preventive quality and risk analyses. Smart
farming refers to decision-making concepts and methods
based on continuous monitoring and integrated analysis of
farm operations through digital, wired, and wireless
connections. Thanks to modern biophysical data acquisition
platforms and technologies such as the Internet in
agriculture, agricultural satellite remote sensing, precision
guidance and control of agricultural resources, precision
farm machinery and equipment, and big data resource
centers, smart agriculture has emerged as a new model for
economic growth in agriculture. Users control and manage
their systems through smart terminals.

Precision Agriculture system
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Fig 1: Big data-based precision agriculture system

1.1. Background and Significance

Big data is a popular term that describes vast volumes of
both structured and unstructured data that are so large that
they are difficult to process using traditional database and
software techniques. The huge growth in data has occurred
because of emerging technologies such as the Internet, smart
mobile technologies, cloud computing, and social networks.
The cloud—an ultimate scalable resource—stores such data,
which can be analyzed. However, data acquisition, storage,
and processing require special attention. Data acquisition
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components such as sensors and mobile technologies need to
collect the required data for smart agriculture monitoring.
The integration and storage of the related data need to be
performed without any data loss and at the same time ensure
data quality, security, and privacy. New analytics techniques
need to be incorporated into the applications for gaining
novel insights into the data.

Smart agriculture is one of the active areas in big data
research and the smart agriculture monitoring systems that
enable big data acquisition and storage. The literature
indicates that many different types of data analytics
techniques are needed in smart agriculture. These include
predictive analytics for quality measurement, supply demand
forecasting, harvest prediction, crop yield assessment, price
prediction, and risk management, as well as big image and
video data analytics. Semantics enriched with computer
vision and remote sensing technology for precision farming
play an important role in improving yield. Smart agriculture
has gained an extreme interest among business and academic
communities around the world by offering cloud services for
enterprises and the government. Some cloud services in the
big data space ensure elasticity and scalability for handling
large amounts of data sourcing from different sensors
deployed in the field.

2. Background and Motivation

Agriculture is a critical sector within any country's economy,
requiring continual improvement in terms of productivity,
sustainability, and security. Untimely events such as
droughts, floods, heat waves, and severe storms can
adversely impact crop production and quality both
domestically and internationally, and recently there has also
been a rising trend in consumer demand for organic
products. Achieving food quality and safety is now an urgent
national security issue. Climate change dramatically affects
the hydrometeorological cycle (precipitation, temperature,
wind, evapotranspiration), which in turn impacts the supply-
demand relationship for primary products.
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Traditional farming relies not only on knowledge from past
experience and professional judgment, but also on the de
facto decisions of planters and experts, sometimes leading to
inaccurate and incorrect crop management in response to
climate change. Therefore, it is imperative to develop and
create a system that incorporates still pictures, multimedia,
expert knowledge, decision support, agriculture information,
and e-commerce resources that can truly assist agricultural
production. Climate change, machine learning methods, the
tropical cyclone threshold, environmental information, and
the impact of climate change on crop yield require an
integrated data repository and analytical service capable of
monitoring, analyzing, and predicting the potential impact of
diverse extreme weather conditions, whether related to
droughts, floods, or tropical storms.
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3. Architectural Framework
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The architectural framework of a smart agriculture
monitoring system comprises four primary layers: (1) data
ingestion and integration, (2) data storage and management,
(3) data quality assessment and security, and (4) analytics.
The focus of this section is on the first three layers.

The smart agriculture monitoring environment generates
large amounts of heterogeneous data from various sources,
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including sensors, 10T devices, wearable sensor nodes, cloud
servers, mobile devices, and ground vehicles equipped with
global positioning systems (GPS) and cameras. The first
layer deals with the ingestion of these data into the cloud for
smart agriculture applications. Research on the data
ingestion layer of smart agriculture systems typically
pertains to the following two areas: (1) supported data
communication protocols and formats and (2) data ingestion
management in the cloud. For efficient ingestion, the cloud
should support popular protocols like HTTP, MQTT,
AMQP, and CoAP, which are widely used in constructing
sensor nodes. The cloud should also accept multiple data
formats such as XML, JSON, and binary. Yet, the
continuous and on-demand nature of real-time data ingestion
may require that cloud services not only provide data
ingestion interfaces but also implement data ingestion
management mechanisms capable of scaling embedded
resources or dynamically deploying georedundant services
over multiple cloud-edge locations.
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Fig 2: Proposed cloud-based loT architecture for
agricultura

3.1. Data Ingestion and Integration

The data present in the cloud should be constantly updated in
real-time to meet the needs of intelligent agricultural
management. This process requires effective data ingestion
and integration capabilities in order to support the predicted
and required quality of the data present in the cloud. Also,
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the data collected from different sources should also be
integrated properly. If the integration is not done properly, it
can lead to poor quality of data stored in the cloud, thus
failing to satisfy the quality needs of the predicted data
stored in the cloud for the end-users.

With the increased availability of a variety of data types and
sources, the existing data ingestion and integration
techniques for cloud-based big data analytics in smart
agriculture can be leveraged. New techniques are needed for
patterns that are not well covered, such as telemetry-initiated
data ingestion, event-based ingestion, and real-time data
integration, for real-time monitoring and inspection at the
quality assessment level. The cloud should have the ability
for these advanced features and implicit capabilities for big
data.

3.2. Data Storage and Management

The continuously growing amount of data generated by
Internet of Things (10T) devices in Smart Agriculture
requires that adequate Data Storage and Management are
integrated within the Cloud-Based Big Data Analytics
Infrastructure. Data Storage and Management is typically
performed using a combination of Hybrid-Relational-Non-
Relational Database Systems such as HBase—Apache
Hadoop’s non-relational database designed to store Large
Dataset spanning Multiple Clusters. This Cluster-Mode
System is an efficient option for Temporal, Chaotic, and
Internet-of-Things Data. It can provide strong performance
when serving Web Services where Requests are Read-
Mostly with an emphasis on Low Latency in Retrieving
small amounts of Data.

Location-Based Databases such as MongoDB and CouchDB
have recently reached Competitive performance Levels
dealing with both Read and Write-heavy Patterns, exhibiting
high Performance when the Write Size is Large. In addition,
a System Structure Based Data Synchronization Mechanism
Improves Data Consistency in NoSQL Database Systems.
Other promising Solutions consider the Application of XML
and Hierarchical-Relational Databases. A Comparison
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Analysis of MySQL and MongoDB provides deeper Insights
for evolving a more Efficient SQL-Based Web Application
System. A Review of Azure as a Big Data Cloud Solution
Based on Concept Maps summarizes its Capabilities
addressing Data Storage, Management, Security, and
Privacy Issues.

All these Cloud Database Technology Receive Attention,
Act, and Evolve in Synergy to Support the Simplest, Low-
cost, Capability, and Performance Efficient Big Data
Solutions for Sensible Cost-Performance Ratio Web-
enabling. Other spatial solutions are A Framework for More
Scalable Online Spatial Data Storage and Processing over
Cloud Computing that Radically Change Cloud GeoSpatial
Data Works and Internal Algorithms Delivery.

Equation 1: Step-by-step derivations of the key equations
related to methods mentioned

Goal: fit a model ¥ = X that predicts yield (or another
target).

Step 1 — Define the loss (least squares):
JB) =y -XB 3= -XB)T (- XB)
Step 2 — Expand:
JB)=yTy—2BTXTy +BTXTXP
Step 3 — Differentiate wrt 3:

6]_ T T
i 2XTy + 2XTXB

Step 4 — Set gradient to zero (optimality):
—2XTy+2X"Xp=0=>X"XB=X"y

Step 5 — Solve (Normal Equation):
If XTX is invertible:

B=&TX)"XTy
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4. Data Quality, Privacy, and Security

The integration of Internet of Things (10T) devices into
smart agricultural monitoring increases the amount of data
generated. Ensuring the quality of this data is vital for the
performance of a Smart Agriculture Monitoring System
(SAMS). Data logged from sensors, receivers, cameras, etc.
located in the field may be prone to inaccuracies, omissions,
and noise. Data can also be fake, which further increases the
related risk. For example, a faulty temperature and humidity
sensor can log missing or inaccurate values due to changes
in the surrounding area (e.g. moisture). Though values not
logged by the faulty sensor may appear logical, if real-time
temperature and humidity information are used, the values
will be inaccurate. Since the problem persists in various
types of data, from multiple sources, a complete solution is
therefore complex.

Smart Agriculture Monitoring Systems (SAMS) usually
transfer real-time sensor values to a cloud for further
analysis. Large amounts of data from various SAMS can
increase real-time response times. Therefore, in order to
improve performance, sensors can detect changes in their
surroundings during real time and transfer only the variation
to the cloud. SAMS frequently transmit much smaller
amounts of data based on residual data compression.
Although this sensor data compression approach enhances
quality, seamless sensor data-quality analysis and
monitoring during transmission remains challenging.
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5. Analytics Techniques in Smart
Agriculture

Several advanced analytical techniques are commonly
adopted for smart agriculture, including predictive analysis,
computer vision, remote sensing, and image processing.
Predictive analytics techniques such as regression-based
algorithms, decision trees, neural networks, support vector
machines, k-nearest neighbors, ensemble learning methods,
and fuzzy-based techniques are used to predict yield, soil
moisture, and fertilizer recommendation. Goodrich et al.
demonstrated the usefulness of predictive machine learning
in agriculture by deploying cloud-based machine-learning
methods through a web interface. Deep learning techniques,
particularly convolutional neural networks (CNNSs), are
widely used in smart agriculture applications.

Computer vision and remote sensing techniques are
increasingly applied in smart agriculture because they
provide information over a wide area, are less expensive,

and reduce human effort. Computer vision can maximize
productivity by estimating leaf area index, monitoring fruit
ripeness, estimating plant biomass, and automatically
detecting pests and diseases on plants. Recent applications of
computer vision in agriculture include crop classification,
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disease identification, weeds counting, plant image
recognition, pest/insect annotation, crop stage recognition,
and fruit count estimation. Detection and identification of
plant diseases using image processing-based systems are
becoming common. Image-processing techniques are also
utilized in precision agriculture for evaluating soil nutrient
content, plant height, fruit quality, and weed estimation.

Food
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Fig 3: Data analytics for crop management

5.1. Predictive Analytics

Weather prediction is a complex research task combining
time series analysis, computer science, and machine learning
expertise and techniques, and time series forecasting has
become one of the most important topics in climate and
weather research. Today, past climate or weather patterns,
oceanic oscillation indices, solar activity, and even climate
or weather input from other models can be used as
predictors. Accurate predictions of plant growth and
development at specific pattern levels (e.g., leaf number and
leaf area) can greatly improve the performance of plant
models in predicting biomass and yield and reduce the
simulation time. Accurate prediction of yield based on
climate variables can provide early warning for food
security. Predicting disease attendance can be beneficial to
the daily health administration services of a hospital.
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Decision trees and random forest-based grass pollen
forecasting models can offer a foundation for pollen
information system construction and early warning, thereby
increasing the quality of life for allergy patients. These
applications are useful and necessary to wider society. One
application, the influence of extreme weather conditions on
public mental and physical health and its predictive model,
follows a different methodology but may nevertheless
indicate future, systemic health problems for society.

Machine learning models also find applications in
agriculture. The crop yield prediction system for India, for
instance, utilizes data for its training nodes from the Sri
Ramdas College of Arts and Sciences. Essential features are
temperature, humidity, rainfall, and wind speed, with
different models (linear regression, support vector
regression, K-nearest neighbors) applied to the same dataset.
Seasonal variability and changes, via the Indian Ocean
Dipole, Oceanic Nifio Index, and West Pacific Oscillation,
offer climate features, while six climate variables enable
monsoon on-growing season model construction applied to
India. Integration of NDVI and ancillary meteorological and
soil data can also improve prediction accuracy and model
consistency in Japan.

While droughts, floods, and heat waves impact agriculture,
the cause of significant damage also appears to be
unanticipated climate events. Therefore, it is essential to
survive and thrive in the future climatic scenario to enhance
food production. Furthermore, the growing consumption of
wheat in India indicates a necessity for high-yielding
varieties. Consequently, crop yield prediction models using
temperature, rainfall, and relative humidity have been
developed using machine learning models. These machine
learning models (decision tree regression, Gaussian process
regression, random forest regression, and extra randomized
regression) predict wheat yield and provide vital information
to farmers, agricultural planners, and government agencies
controlling food prices.

Future trends will focus on the development of operation-
oriented cloud-based big data analytic services that assist in
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the automated and precise monitoring of agriculture
operations. These services will aim to increase productivity,
sustainability, and profitability in smart agriculture. In
summary, continuous improvement in cloud-based big data
analytics by addressing the associated challenges will
accelerate the uptake of smart agriculture monitoring

systems.
Layer What it does Examples_ explicitly
mentioned

Data Accept Protocols

ingestion heterogeneou | HTTP/MQTT/AMQP/Co

& s farm data AP; formats

integration | into cloud XML/ISON/binary

Storage & | Persist large HBase; MongoDB;

manageme | loT datasets CouchDB; MySQL

nt comparisons; Azure

mention

Data Handle noise, | Quality issues and

quality, missing/fake | residual transmission idea

privacy, data; protect

security system

Analytics Predict/monit | Regression, SVM, k-NN,
or crops CNN; computer vision +
using remote sensing
ML/CV/RS

Table: Architecture layer table

5.2. Computer Vision and Remote Sensing

Computer vision and remote sensing have facilitated
unprecedented opportunities for the development of Smart
Agriculture (SA) and largescale highthroughput agricultural
applications for precision agriculture. Multiplatform and
multisensor Smart Agriculture are emerging, ranging from

groundbased digital vision through unmanned aerial vehicles

(UAVs) at lower altitudes to mediumhigh altitude earth
observation satellites. These approaches have dramatically
improved cost performance for image acquisition and
provide large datasets covering pathways or area units with
high control density. The resulting digitalized agricultural
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processes enable highthroughput assessments and
evaluations.

Machine vision, whether digital keypoint analysis or deep
learning, provides the foundation for image computer vision
and pattern recognition for a wider range of objects, further
improved through combining crop models with bigdata
agriculture methods for quantitative evaluation of crop
status, quality, stress and field yield production potential.
Recent approaches based on computer vision have shifted
contrasts into agronomic efficacy of nontransgenic or
transgenic R genetic collections over crop damage as
revealed in multidate UAV data, pointed out stimulating
elicitors, and proposed remote sensing detection methods for
spontaneous and ongoing oraus crops. The increasing
affordability of UAVSs has improved multiply data collection
simultaneously by sources such as multispectral and thermal.

Equation 2: Support Vector Regression (SVR) (paper
mentions SVM/SVR-type models)

Model:
f)=w'x+b

g-insensitive loss constraints:
We want most points within an e-tube:

yi—(WTxl-+b) SS"I‘f[

WTx;+b)—y; <e+§
with slack &;, ¢ = 0.
Optimization problem:
n
in 1 24 CZ( +&)
2 AP
=

subject to the constraints above.
Interpretation:

. % Il w I keeps the model “flat” (regularization)
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6. Cloud Platform Considerations

The utility of cloud technology for big data and analytics is
evidenced by the growing number of cloud computing
platforms tailored to industry requirements. However, not all
platforms are equally well conceived for agricultural
applications. The analysis of big data for smart agriculture
and the corresponding cloud-based computing platform must
be capable of handling structured and unstructured data from
a variety of sources and are expected to possess certain
features.

First, a cloud architecture must be scalable and elastic to
accommodate changes in workload. Reliability is important
too, especially when services expected to be available
around the clock. Second, industry partners expect their
investments to yield benefits. That means the analytical
infrastructure must deliver meaningful insights into decision-
making. In smart agriculture, predictive analytics that
examines the future condition of the field has attracted
considerable research interest. Third, the importance of
handheld devices and social media in urban agriculture,
especially biosensors and remote-sensing technology, is
constantly increasing. Hence, the cloud architecture must
support manual and automated data ingestion. Fourth,
opportunities for an affordable jump to smart farming in
large developing countries are driven by the availability of
cloud services in those regions. A quality-service-oriented
cloud must enable various partners to share resources
regardless of differences in equipment. Therefore, it must
support the integration of heterogeneous systems and
services, especially in the areas of data source and function-
sharing standards.
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6.1. Scalability and Elasticity

The massive amount of data generated in smart agriculture
applications demands cloud computing system scalability to
accommodate these voluminous datasets, as well as ease-of-
use features that empower a wider base of expert and novice
users alike. Cloud data centers must offer these capabilities
while retaining low operational costs for the cloud provider
and maintaining reasonable latency levels. The cloud
environment should be capable of elastic, dynamic scaling to
meet increased demand and recover resources when the
demand decreases.

To accommodate these deficiencies, various cloud vendors
such as Amazon, Google, and Microsoft have proposed
solutions that adopt three approaches: 1) infrastructure
scaling, 2) service-oriented scaling, and 3) data-center
scaling in the context of a growing cloud-based network.
Elastic cloud computing implements the public or hybrid
cloud paradigm, which economically supports rapid changes
in demand for small to medium-size clouds. Many
companies — particularly large data mining firms — internally
implement private clouds but do not offer them as public
clouds because the operational costs are higher than for
existing services.
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6.2. Interoperability and Standards

Designing capable cloud platforms is essential to supporting
big data analytics. The cloud platform must deliver
operational and analytical functionality, offer sufficient
storage and processing capacities, and support different tools
and technologies for big data analytics. User requirements,
data quality, privacy provisions, and security policies must
be factored into the design. Elasticity, rapid provisioning,
and automated deployment of resources are vital attributes,
as the data volume can change rapidly due to seasons or
planned cultivation activities.

Standardization and interoperability are two other primary
concerns. The cloud service provider needs to leverage user-
friendly software development kits for various common
remote sensing devices and popular standard communication
protocols to facilitate adoption and integration with the
analytics-as-a-service model. Adopting data-minimization
principles combined with geographical metadata can help
address privacy concerns over the large-scale collection of
data from publicly shared resources. At the same time,
automated security-testing tools, adopted best practices, and
credentials from certification authorities can minimize the
introduction of security loopholes in the system.

Equation 3: Decision Tree splitting (and Random Forest
ensemble)

Classification impurity (Gini) at a node:
If class proportions are py, ..., pg:

After a candidate split into left/right children:
n Lo:
Gsplit = 7 G, + ? Gg
Best split: choose the split minimizing Ggyjic.

Random Forest prediction (regression): average of T
trees:
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7. Conclusion

Big data analytics running on cloud resources is a
compelling technology for smart agriculture because it
enables the conversion of massive amounts of real-time data
into knowledge at a low cost in a scalable manner and on
pay-per-use terms. Important research issues related to data
quality, privacy, and security should be resolved before
implementing smart agriculture solutions. A cloud-based big
data analytics-supported architecture that addresses these
issues is described along with the most relevant analytics
techniques for smart agriculture, including predictive
analytics, computer vision, and remote sensing. Predictive
analytics with weather, crop-yield, or irrigation data helps
farmers make crucial decisions. Computer vision enables
monitoring of crop and animal health, while remote sensing
provides insights into crop growth and environmental
impact.

7.1. Future Trends

In future generations of Smart and Precision Agriculture,
Cloud-based Big Data Analytic systems consist of a
collection of intelligent field sensing probes and front-end
acquisition systems located in the fields of the farmers that
collect various weather parameters and agriculture-related
data. The collected data is ingested into the Cloud, where a
range of Big Data Analytic techniques can be applied. A
primary application is Predictive Analytics for forecasting
crop yields, detecting crop illnesses, and issuing alerts. In
addition, Computer Vision and Remote Sensing techniques
can analyze field images for field health status detection,
weed identification, and pest detection. The Cloud receives
data from the front-end probes and, on periodic requests,
serves the sensed data back to the front-end probes.
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The analysis of Big Data related to Agriculture also needs to
consider issues such as data quality, privacy, and security.
Future generations of the Cloud-based Big Data Analytic
system will focus on these issues along with other
enhancements and features such as Elasticity and Scalability
with multi-tenancy support, Interoperability and Compliance
with Government Disaster Management Support, and
Information and Identity Management Support. Such
systems allow Farmers and other users to Monitor various
parameters of Farming Areas, analyze the data in a suitable
manner, and take action to improve Agricultural Production
and Safety.
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