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Abstract: This article covers the essential concepts and differentiating elements that are shared by the various
types of DSSs. The focus is on the concept rather than the technology, which allows for a more in-depth analysis.
Decision Support Systems are computer-based systems that are intended to assist users in selecting an acceptable
plan of action. These systems are frequently referred to by their abbreviation, "DSSs." The purpose of developing
decision support systems (DSSs) is to make it easier for people to make better decisions, whether those decisions
are being made by an individual or by a group. Frequently, the end goal of developing DSSs is to arrive at the
most optimal conclusion that is possible given the data that is available. To this purpose, a decision support system
(DSS) may offer assistance in identifying and assessing options, forecasting the impacts of each choice, benefiting
from data visualization and optimization tools, and so on. This study is going to focus mainly on issues relevant
to agricultural science. Although decision support systems can be helpful in a variety of contexts, agricultural
research is one area in which they are highly helpful.
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1. Introduction

The development of decision support systems, sometimes known as DSSs, has the overarching goal of
making it simpler for people to make better decisions, regardless of whether those decisions are being made by a
single person or by a group of people. When building DSSs, the end objective is frequently to arrive at the most
optimal conclusion that is feasible given the data that is provided. This is the case a lot of the time. As more
farmers have grown to rely on technology to assist them in making decisions regarding the management of their
farms, the creation of decision support systems in the agricultural industry has become an increasingly essential
endeavor over the past several years. The development of DSSs has as its ultimate goal the achievement of the
best possible conclusion given the available data. As more farmers have grown to rely on technology to assist
them in making decisions regarding the management of their farms, the creation of decision support systems in
the agricultural industry has become an increasingly essential endeavour over the past several years. DSSs have
emerged as vital tools in the agriculture industry for a variety of reasons. First and foremost, decision support
systems (DSSs) assist farmers in swiftly and correctly making choices by giving them access to real-time data on

the soil, climate, crops, pests, and other aspects on an individual basis or in groups. This data may be seen indi-
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vidually or collectively. When building DSSs, the end objective is frequently to arrive at the most optimal con-
clusion that is feasible given the data that is provided. This is the case a lot of the time. As more farmers have
grown to rely on technology to assist them in making decisions regarding the management of their farms, the
creation of decision support systems in the agricultural industry has become an increasingly essential endeavor
over the past several years. The development of DSSs has as its ultimate goal the achievement of the best possible
conclusion given the available data. As more farmers have grown to rely on technology to assist them in making
decisions regarding the management of their farms, the creation of decision support systems in the agricultural
industry has become an increasingly essential endeavour over the past several years. DSSs have emerged as vital
tools in the agriculture industry for a variety of reasons. First and foremost, decision support systems (DSSs) assist
farmers in swiftly and correctly making choices by supplying them with real-time data on the soil, climate, crops,
pests, and other elements. This information is essential for agriculture. These statistics provide farmers with the
information they need to make educated decisions regarding the ideal quantity of water, fertilizer, and other inputs
to use so that they may maximize crop output while minimizing expenditures. In addition, DSSs assist farmers to
save time by automating many of the mundane chores that are connected with farming, such as planting and
harvesting the crops. This enables the farmers to work more efficiently. Last but not least, DSSs provide farmers
with a variety of analytical and forecasting capabilities that assist them in planning ahead and becoming ready for
potential changes in the weather, pests, or crop prices. This can be of assistance to farmers in reducing risk and
ensuring the farms' continued viability over the long run. There are five distinct classifications of decision-sup-
porting systems. Document Driven DSS, Data Driven DSS, Communications-Driven DSS, Model Driven DSS,

and Knowledge Driven DSS are the names given to these five different types of DSS.

2. Literature review

The DSS is able to assist farmers in protecting their businesses from potential dangers, which will help
them ensure the continued prosperity of their farms over the long term. There are five distinct varieties of DSS,
and these are the ones that make use of documents, data, communications, models, and knowledge, respectively.
Document-driven decision-making support systems, which are also known as document-based systems, provide
farmers with simple access to information that they can apply to their businesses in order to make informed deci-
sions. The data-driven decision support system (DSS) provides farmers with large data sets that can be analyzed
and used to make predictions regarding their business operations. These can be broken down into five distinct
categories: those that make use of documents, data, communications, models, and knowledge, respectively. Doc-
ument-driven decision-making support systems, which are also known as document-based systems, provide farm-
ers with simple access to information that they can apply to their businesses in order to make informed decisions.
The data-driven decision support system (DSS) provides farmers with large data sets that can be analysed and
used to make predictions regarding their business operations. Farmers can use communication-driven decision
support systems to communicate with experts and other farmers for advice; use knowledge-driven decision sup-
port systems, which provide a repository of expert knowledge and experience that farmers can use; use models to
help make decisions more effectively; and use model-driven decision support systems. Because of all of these
systems, farmers are now able to make decisions in a manner that is both more efficient and effective, which has

led to increased yields and improved profitability.
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The world's growing population's food demands are straining agricultural productivity. Agriculture 4.0 em-
phasizes productivity, resource allocation, climate change adaptation, and food waste reduction. This paper ex-
amines Agriculture 4.0's agricultural decision support system challenges [1]. Agro technical decision support was
developed by an international team of scientists. Weather, soil, and crop data are in the DSSAT's crop-soil simu-
lation models. It has a simple interface for microcomputers [2]. AgroDSS bridges agricultural systems and modern
decision support methodologies. Integrating the described system into farm management information systems is
the goal. It lets farmers upload, analyze, and retrieve their data [3]. Agricultural droughts depend on crops, reser-
voir water supplies, rainfall, and soil. A risk-based agricultural drought management methodology includes
drought evaluation and monitoring, water stress forecasting and outlook, drought defensive measures, and crop
failure records management [4]. Geospatial data and advanced IT can improve agricultural decision-making. This
paper summarizes simulation-based decision support systems (DBS) in Indian agriculture. Agricultural research
has produced much data. [5]. This paper describes Sardinia's prototype agricultural DSS LANDS for monitoring
main crop production. The DSS organizes, integrates, and analyses data using various mathematical models. Pre-
dicting potato late blight is a case study [6]. Precision agriculture stakeholders receive feedback from DSSs. End-
users need visualization to understand and interpret data. Most DSSs display maps and satellite imagery [7]. GIS
and multi-criterial analysis are recommended in this paper. This integration is explained and supported by a con-
ceptual framework. To demonstrate a spatial DSS, a prototype will be shown [8]. Wireless sensor networks (WSN)
are a major 21% century technology. This paper demonstrates WSN-based greenhouse management. The proposed
system monitors greenhouse environments, controls greenhouse equipment, and offers consumers convenient ser-
vices [9]. Conservation tillage is crucial to agricultural production’s environmental impact. Conservation tillage's
impact on pesticide and fertilizer use is unknown [10]. Crop and soil process models should not be used to com-
municate with farmers. Other, sometimes more efficient and elegant, models are available. DSS design issues
include deconstructing professional models in the analytical phase [11]. Farm planning is essential to the design
of complex farm advisory decision support systems (DSS). A new approach for medium-to-large farms is inte-
grated into a more general framework to construct DSSs in agriculture. For Albacete Provincial Advanced Agri-
cultural Institute technicians, the system has been validated [12]. A paper discusses how to build a decision support
system (DSS) with critical success factors. Pigs2win, a DSS for Flemish pig farms, uses frontier analysis for
relative farm analysis and is participatory [13]. To make agricultural science more accessible to farmers and ex-
tension officers, scientists create decision support systems (DSSs). However, little attention has been paid to the
"doing" and "problem of implementation" when farmers and advisors don't use DSSs [14]. Farmers must adapt to
commercial decision support systems (DSSs) on the farm. To understand precision farming data-decision-making
issues, six Australian dairy farms were studied [15]. Digital technologies generate massive amounts of data. Farm-
ers and companies could increase productivity by analyzing this data. This practice is still developing, so many

barriers must be overcome [16].

3. Machine Learning DSS in Agriculture
The Internet of Things, wireless sensor networks, data analytics, and machine learning in agriculture are
showcased in the paper. Data analysis and machine learning in an 10T system were used to predict apple disease

in Kashmir Valley apple orchards [17]. Leaf characteristics diagnose most plant diseases. The system segments a
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single plant leaf after background removal. Farmers can easily get agricultural expert advice with 96.6% accuracy
using the proposed approach [18]. Engineering and science use data mining, but finance and marketing also do.
This study proposed a data-mining decision support system. A decision tree and artificial neural network estimate
marketing strategies for an organization [19]. To manage agricultural irrigation, SIDSS is proposed. Based on soil
measurements and climatic variables, our system estimates plantation irrigation needs weekly. Performance is
compared to expert decisions [20]. ML dominates agriculture in this age of automation. 103 ML approach docu-
ments are reviewed in this systematic literature review. Associative classifiers and association rule mining were
rarely used to solve agricultural problems, according to the survey [21]. The tomato is the second most-produced
and-consumed vegetable. Technology has simplified and expanded decision support systems. Farmers need this
technology to know when tomatoes are at their best [22].

To maximize output, modern agriculture needs technology. Researchers can now use machine learning
(ML) and the Internet of Things (1oT) in agriculture. This paper discusses agricultural ML and loT work [23].
Crop protection involves controlling pests, diseases, and weeds. Herbicide resistance complicates weed control
for farmers. Markov random fields (MRF) may model ryegrass herbicide resistance [24]. Big Data and Machine
Learning (ML) are high-performance computing technologies that enable data-driven agricultural process under-
standing. This paper discusses big agricultural data and machine learning challenges, adaptations, and architecture
[25]. Over 59,000 farmers have committed suicide in the last 30 years. Most agricultural departments have his-
torical crop yield data. Considering climate, season, PH level, soil type, and more, these data can reveal potential
crops [26]. This paper examines how machine learning can predict plant states and prevent stress-related prob-
lems. This paper proposes an iterative, inductive machine-learning application model [27]. Jojoba products are
made in Israel. To track plant needs, its orchards have soil moisture sensors. Weather, irrigation, and yield data
are from other sources (e.g., meteorological station records and irrigation-plan records) [28]. To benefit from
parallel computing and large dataset storage management, the Agro science community must develop its own
architectural model. Machine learning and its agricultural applications are explained in this study. It also discusses
machine learning algorithms that can be used to model agricultural issues [29]. FCM combines fuzzy logic and
cognitive mapping. It handles uncertain descriptions like humans. FCMs may help predict cotton yield and man-
age crops [30]. Table 1 shows the reference numbered against various attributes; machine learning uses with

decision support system concepts in agriculture.

Table 1. Machine learning perspective in Agriculture table.

References Attribute Machine Agriculture Field
Learning used
[17] Internet of things, Data analytics Yes Yes
(18] Diseases, Feature extraction, Decision support systems Yes Yes
[19] Data Mining, Marketing decision support system, Decision Yes Yes
Tree
[20] Irrigation Decision support system, Water optimization Yes Yes
(21] Decision support system Yes Yes
[22] Decision support systems Yes Yes
(23] IoT Yes Yes
[24] Big data, Markov random field model Yes Yes
[25] big data Yes Yes
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] Decision tree, Season, Soil Yes Yes

] data mining, decision rules Yes Yes

] Data mining, Internet of things (IoT) Yes Yes

] Big data, Decision making Yes Yes

] Decision making Fuzzy cognitive, Yes
Fuzzy sets

4. Conclusions

Table 1 compiles references to academic articles that discuss decision support systems (DSS) that employ

machine learning. The application of machine learning to agricultural decision-making has the potential to com-

pletely transform the industry. The agricultural sector has been revolutionized by machine learning and decision

support systems. This means that machine learning algorithms have contributed to better agricultural decisions.

The use of decision support systems with machine learning capabilities has enabled farmers to make more accurate

decisions.
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