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Ontology is becoming a famous technique for converting unstructured data into

meaningful data which acts as a key factor for decision-making, planning, and
implementation in many areas, and agriculture is one of them. There are a lot of
issues in agriculture practices e.g., farming, application of pesticides, and provision/
distribution of water to crops. However, some of the issues are critical and need to be resolved
urgently to save cultivation from big hazards. In this paper, we have analyzed a few issues
based on available literature. A variety of issues are faced in agriculture constantly and need to
be resolved on an urgent basis. We have discussed the various ontology systems to acquire
more precise results. Since ontology is based on a relation of data through which a user can
get the maximum efficiency. Among all the challenges in agriculture, the lack of context-aware
agriculture employs ontology with high concerns. This paper proposes a model to fill the gap
in a service-oriented architecture.
Keywords: Semantic Web, Data Integration, Semantics of data and processes, Agriculture,
Ontologies.
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Introduction

In the agriculture domain, smart irrigation and smart control systems have a huge
amount of data generated using adequate devices. These types of data can be analyzed
effectively if data is integrated in a scientific manner to get the meaningful extraction of data,
specifically in the agriculture industry[1]. Agriculture ontology includes a wide range of factors,
as detailed in this article. Water usage in the agriculture industry is the basic exertion, as the
water resources are becoming depleted daily, which is the most important and focused topic
of this era. On the way round, precision agriculture is essential to measure precise crop
estimates that depend upon various crop growth factors, including the availability of water, air
quality, humidity, soil monitoring, and weather conditions. Provision of a controlled amount
of water is helpful for the plants and fruits that are water sensitive. WEFD (Wetting Front
Detector) is a tool that measures the soil wetness and the saturation point. IoT-based WFD is
now implemented for monitoring and ensuring crop yield. The IoT-based WFD, was
implemented in northern Thailand [2] that examines different farming techniques under
different environmental conditions.

The management of these types of systems is based on three stages. The first stage
is the collection of data on crops from different parts of the land considering the local
ecological conditions; since this data is in clustered and we need different sensors to analyze
the particular area and to make it homogenous. In the second stage, certain operations have
to be done on the data with the help of different analytical models to make this data
meaningful. Finally, the last stage is the implementation, which requires the above procedure
to be implemented effectively. Gathering data, analyzing, processing, and connecting with the
cloud is now being used in the production of the agriculture industry. In this regard, different
sensors are installed for data collection and integration with the cloud by using the IoT hub;
the visualization of this data and the forecast of different parameters to get actionable
information. The soil moisture sensor provides an efficient way to analyze the wetness and
homogeneity level, to ensure the quality of crops.

In the 1980s, the concept of precision agriculture was introduced by changing the grid-
based soil chemical test to the variable-based fertilizer application. The main purpose of
precision agriculture was to get the farming output on time with accuracy. In order to get input
on the run time farming for the detection or monitoring of the pesticides, there are multiple
sensors used, which are mechanically a part of the wireless sensor networks. The use of the
WSNs device not only increases productivity and effectiveness but also is part of the
portability concept, which is necessary for smart agriculture. Incorporation of WSNs with IoT
has a great impact on the agriculture sector as it is the main concern for the remote accessibility
of the field which is not in the part of the digital world. This integration is helpful in the
agriculture sector, but it can get an abundance of advantages in other fields like energy and
water control, wildlife monitoring, and many more as well [3].

Smart agriculture emerged due to the advancement of technology and the advent of
microelectronics. Mobile ubiquitous sensor Network (USN) in collaboration with IoT
function to observe the remotely sensed datasets and perform the operations related to crop
monitoring systems for farmers [4].

The goal of modern agriculture is to cultivate plants in carefully managed settings, such
as greenhouses, that can either improve plant production or replicate the environmental
conditions of particular geographic regions in order to domestically produce goods that were
previously only available overseas [5][6][7][8][9]. In addition, severe weather and disease
fluctuations have an impact on agricultural output and quality may be compromised with the
complete deployment of modern monitoring and information technologies such as the
Internet of Things (IoT), autonomous robots, and smartphones[10]—[19]{20][21]. It is now
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p0551ble to obtain highly accurate information regarding the status of crops and to make

rational decisions regarding the management of irrigation, the modification of climate factors,
or the enrichment of soil nutrition in agricultural settings[22]. This optimizes the automation
of precise management, which in turn increases crop production and has the potential to
reduce negative effects on the environment [23]. Farmers and agronomists have already started
making use of various technologies in an efficient way to make their job in greenhouses more
productive [24]. They use smartphones to remotely monitor their crops and equipment,
understand the whole management system accurately through statistical analysis, and instruct
the robots to carry out agricultural tasks[25]. This is made possible by the sensor data obtained
and transmitted by the internet of things (IoT) [26]. Although greenhouses are taking
advantage of the integration of different technologies with efficient human intervention, the
current level of artificial intelligence (Al) in agricultural machines and systems is a long way
from achieving automated operations and management requiring minimum supervision to
maximize production by taking into account variability and uncertainties within precision
agriculture (PA) [27]. This is even though greenhouses are taking advantage of the integration
of different technologies with efficient human intervention.

To maximize the economic potential and ecological value of the entire PA, it has been
identified as a potential additional enabler as well as an essential technological challenge. To
this end, the development of technology based on deep learning has provided an effective
method for facilitating intelligent management and decision-making in many aspects of PA,
such as visual crop categorization [28], real-time plant disease and pest recognition, picking
and harvesting automatic robots, and health and quality monitoring of crop growing. In
addition, there is a growing potential for agricultural success in the not-too-distant future
because deep learning systems may readily make use of data increases brought about by an
increase in the number of sensors, cameras, and available cellphones. Deep learning is a
technique that was developed in response to the multi-level visual perception process that
occurs in the human brain. It enables computational models that are composed of multiple
processing layers to learn representations of data with multiple levels of abstraction. These
representations are obtained by non-linear modules (such as convolutional layers or memory
units) that each transforms the representation at one level (beginning with the raw input) into
a representation at a higher, slightly more abstract level. The combination of a sufficient
number of these transformations allows for the automatic discovery of difficult patterns in
high-dimensional data and the learning of very complex functions, both of which are necessary
for the completion of agricultural tasks.

Agricultural tasks of crop management such as irrigation, picking, pesticide spraying,
and fertilization are not suited for use by deep-learning networks, despite their state-of-the-art
performance in other study domains. Because there aren't any public datasets that are used as
benchmarks and are developed specifically for different agricultural tasks, it's difficult to use
deep learning technology and expand the scope of intelligence research in greenhouses. This
is the primary factor contributing to the problem. In light of these circumstances, it is clear

that proper crop databases need to be constructed by making full use of a variety of collection
devices to achieve deeper and wider networks in order to produce superior outcomes.
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Figure 1. Smart Agriculture Architecture
Figure 1 shows the smart agriculture architecture, with a monitoring and recommendation
system. This is a general architectural concept of the agticulture system.
TABLE-1 AGRICULTURE PARAMETERS USED IN DIFFERENT ARTICLES

References  Year Soil  Water Fertilizers Pesticides Crops
[10] 2016 v v X X v
[11] 2016 4 X v X 4
[11] 2016 4 4 v 4 v
[12] 2017 v v X v v
[13] 2017 4 v v v v
[14] 2019 v v X v v
[15] 2019 v v v X X
[16] 2019 v v X X X
[17] 2019 v v v 4 v
TABLE-2 SENSORS, DEVICES AND SOFTWARES
Reference Year Soil Water Fertilizers Pesticides Crops
[10] 2016 Soil moisture Magnetic - - Software crop
sensor float sensor profit
calculator
[11] 2016 pH - Application of - Electronic
level/Nitrogen fertilizers/additi monitoring,
depletion ves, fertilizer plant
spray phonemics
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2016

2017

2017

2019

2019

2019

2019

2019

SMS, WSN’s

DSS, web
services

Stem
psychomotor
sensor

Mobile
technology

Chemical
SEensors

SMS, pH
sensor

SMS, senome
sequence,
machine
learning tool

TIoT sensor

Smart
irrigation

Fuzzy based,
10T cloud
computing

RFID,
Evapotranspi
ration water
content

Lota

Interaction
sensof,

Hydraulic

Water level
sensor

Efficient
techniques

Precision
irrigation
IRRInet

Smart
application for
fertilizers

LAI FPAR and
chlorophyll
estimations

Bio sensor

IoT sensors, end
to end farm
management
system

IRRInet

Smart

application for

pesticides

Rule based
DSS IoT

Forecast
models,
middle ware

RIFD

Green house
automation,

TIoT/AI
technologies

Big data
analytics,
Semantic web

Sap flow meter,
dendrometer, V-
Track

Zigbee
Technology

Crop

management

Camera

equipped

Drones

Table 2 contains the description of sensors, devices, and software that are used for different
parameters in agriculture practices.
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Figure 2. Taxonomy of Ontology used in agriculture with its applications and its gap analysis
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As discussed in [30] regarding context awareness and oriented architecture, we need to
develop a service-oriented architecture that covers all aspects and parameters essential for crop
growth and development e.g. soil moisture monitoring, temperature estimation, application of
fertilizer and pesticides etc. This will be used for the service-oriented architecture as these are
also a part of smart farming as shown in Figure 3, the architecture of the service-oriented
scenario in smart agriculture.
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Figure 3. Service oriented Ontology based model

By this, the end user will be able to provide input into this proposed system, which
could pertain to catering to any agriculture-related issue. On the other hand, the outcome will
provide various solutions based on different ontology-based systems. Figure 3. shows the
implementation of the service-oriented ontology-based proposed model for the agriculture
system. In service-oriented system agriculture, queries are passed to a service-oriented server,
this transfers the queries to the ontology model, to get the result by connecting the relation
available in an ontology. However, ontology provides the linkage of the particular query with
the required problem. After collecting the information from ontology, the service-oriented
recommended system recommends the best possible solution per the user's need. Distribution
of agricultural products can become more effective and efficient due to the accessibility with
which farmers can distribute various corps and data that can be accessed through a range of
devices. The proposed service-oriented ontology (SOO) is the latest concept for this purpose.
Available Tools For Ontology
PROTEGE

Protégé is a tool based on ontology and acquaintance introduced by Stanford
University. This tool supports the development of domain ontologies. It also defines the
classes, class ranking, variables, value, and boundaries and improves the affairs among classes
and properties. Protégé is a free tool that is available at Stanford university website. Along
protégé there is a simulation package like OntoViz, EZPal, etc these all simulate ontologies
with the assistance of diagrams for the benefit of users. Stanford University is still enhancing
this tool, and its recent modified version now contains SWRL (Semantic Web Rule Language),
It is on the top of the list of OWL to perform calculations, temporal reasoning, and Prolog
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rules Stanford has provided a video tutorial in which they teach protégé from the basics with
the plug-in of OWL. The benefit of protégé is that it supports tool builders, and field experts
on the same time and it differentiates this tool from others, that these are bound in-field experts
and absence of intelligence for meta-modeling. This is why protégé was selected for fluctuations
in the model structure. The primary and reasonable reaction to start working on the ontology
project is to find appropriate ontology software. This makes it easier to sort and envision the
field domain knowledge before and through working on ontology [29].
ISAVIZ

IsaViz is a tool for searching and presenting RDF models in form of graphs. The
founder of IsaViz is Emmanuel Pietriga, which is available at W3C Consortium. Xerox
Research Center play the role in the construction of IsaViz. They contributed with XVTM, the
primary version of ZVTM (Zoomable Visual Transformation Machine) on which IsaViz has
been constructed. Since 2004, INRIA is responsible for further developments in future
projects. Jena 2 semantic web toolkit is integrated with Isaviz and this toolkit was developed by
HP labs. GraphViz library founded by AT&T Research can easily be used in IsaViz. The
methodology for building ontology is not included in IsaViz. It takes input in the form of
RDF/XML and N-Triples and gives output in the format of RDF/XML, N-Triples, Portable
Network Graphics, and protégé/ OilEd [29].
APOLLO

This application is user-friendly where classes, instances, and functions are primitives
to run this model. The internal model of Apollo and OKBC protocol is equivalent. Its
primitives are perfectly designed according to the OKBC environment. The ontology allows
inheritance with other ontologies through which we can access all primitive classes: boolean,
integer, float, string, list, etc. There are two types of slots in class:

e Non-Template slots.

e Template Slots.
The non-Template slots are not supported in the primary version of Apollo. We can
create many instances for each class and it can inherit all slots of every slot [29].

SwooPrP

There are many web-based OWL ontology tools, and SWOOP is one of them that
allows various ontology environments. It can compare, edit and merge the ontologies and can
compare logical descriptions, definitions, instances, and associated properties. Navigation in
SWOOP is simple and easy because of its hyperlinked capabilities. The methodology for
building ontology is not supported in SWOOP. Ontological data can be used externally by the
user. We can perform it by importing the entire external ontology or linking the external entity,
but we cannot partially achieve it by importing OWL. We can get it by using a brute-force
syntactic scheme by copy/pasting useful axioms of the external ontology, or by dividing the
external ontology into parts while preserving its semantics and using the specific part as
required. Searching for a concept across multiple ontologies is allowed. Ontology Searching
algorithm SWOOP is used for searching [29].

TOPQUADRANT

TopQuadrant Braid EDG collects the metadata from all data integration environments,
creating a Knowledge Graph that provides the visibility, control and intelligence needed to
manage change, build connections across metadata silos, reduce errors and ensure data
consistency.

Table 3. Tool’s Architecture

S.no  Name Version Import format Export format
1 Protégé 5.5.0 XML, RDF (§), XML~ XML, RDF (§), XML
Schema and OWL Schema, Java, html
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2 IsaViz 3.0 XSLT, RDF (S), OIL,  XSLT, RDF (S), OIL,
DAMLA+OIL, OWL.  DAML+ OIL, OWL

3 Apollo 2.16.2 OCML OCML.

4 Swoop N/A RDF (S), OIL, DAML, RDF (S), OIL, DAML

The table shows the various forms of inputs and outputs, together with the respective ontology
versions and their formats in terms of inputs and outputs.
TABLE 4. TOOL’S INFERENCE SERVICES & TOOLS' USABILITY

Feature Apollo IsaViz Protégé Swoop
Inference Engine X v With PAL X
Exception Handling X X X V4
Consistency v Via type Via plugins checks
Checking inheritance like FACT writing
and PAL mistakes
Collaboration with X X X X
other Tools
Ontology Library v X X
Visualization X Via plug-ins like X X
Graph Viz
Versioning X X V4 X
Collaboration X X X X

The above mentioned table shows the features of ontology integrated with the different tools
working on the parameters, which are the key factors of query systems.

Agriculture Problems Satisfactory Percentage

100% \
0%
Water, Soil, Crops
& Soil Soil, W/
eI TR dolil, water,
Fertlizers, & - icides & Soil, Water,
Crops ctops & Fertilizer

Figure 4. Analysis of agricultural problems with their satisfactory percentage

CONCLUSION AND FUTURE WORK

Agriculture features provide a significant number of semantic resources. These
resources are a billboard of hot collection of vocabularies and ontologies. Large and
comprehensive resources are integrated through linked data hubs or common vocabularies.
Additionally, these resources are free and open, therefore the difference between these
technologies within the academic literature is restricted in comparison to complementary
domains like biomedicine. Ontologies play an essential role within the Semantic Web, and it
needs to enhance existing technologies from machine learning and knowledge retrieval. In this
research, we analyzed the traditional agriculture methods available as modern agriculture.
Analysis results based on percentages are shown in Figure 4 which shows the agriculture
problems and their satisfactory percentages. Within the boundaries of modern technologies
like IoT and AI with an ontology that come towards it, we find it beneficial as it reduces human
efforts, gives more products, and works efficiently. Service-oriented architecture in agriculture
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is dlscussed above, in addition, the issues regarding some parameters are described and we are
confronted with many new technologies while researching this topic. Service-oriented
architecture makes it easier to handle all the above issues with the proposed model and provides
promising results. The future service-oriented model extends to the automatic system
controlling the real environment and works accordingly. In an automatic system, the user can
evaluate the complete query reports remotely.
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