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ABSTRACT

Improving agricultural output while decreasing environmental impact requires widespread use of sensor technology and the
IoT. New developments in the Internet of Things (IoT), Wireless Sensor Networks (WSN), and ICT may help solve some of
the sector’s technological, economic, and environmental problems. Big data with many modalities and geographical and tempo-
ral changes is increasing due to the proliferation of linked devices. For improved decision-making, more accurate forecasting,
and dependable sensor management, intelligent processing and analysis of this massive data is essential. This article provides a
thorough analysis of how vatious machine learning algorithms have been used for agricultural ecosystem sensor data analytics.
In addition, the article delves into a case study of a prototype smart farm that integrates food, energy, and water (FEW) systems

via the use of the Internet of Things (IoT).
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INTRODUCTION

he increasing demands of consumers, along with the scarcity

of arable land, potable water, and reliable energy sources, are
putting a strain on the agricultural sector. To alleviate some of
this pressure, technology has emerged as a key player. Accompa-
nying other machine-to-machine (M2M) based implementations
like smart metering and smart cities, precision agriculture (PA) is
another name for smart farming. The entire market value for PA
solutions is projected to reach $4.7 billion in 2021, about twice
the amount in 2016, according to Libelium, a key player in the
IoT solution business.1 The agticultural sector has lagged behind
other sectors when it comes to embracing the new M2M and IoT
technology, despite an increasing amount of fascinating research
and new smart farming initiatives.2 In order to implement smart
farming practices, it is necessary to use sensor technologies that
gather information on the soil, crops, climate, animals, and trac-
tors. Farmers may get significant insights into weather predictions,
crop monitoring and yield prediction, plant and animal disease di-
agnosis, and more with the use of edge IoT computing and analyt-
ics applied to sensor data.3

Depending on the specific agricultural method, smart agriculture
may be used in many ways. Currently, data visualization technologies
are available in large-scale agricultural settings that can send real-time
data, and these tools make use of farm vehicles such as smart trac-
tors that include GPS and several embedded sensors.4 With their
integrated sensors, drones play a significant role in this context, al-
lowing for a variety of aerial photography, field surveying, and loca-
tion mapping tasks.5. Spatially enabled mobile sensing technologies
are being used in small to medium-sized arable farms to analyze field
conditions in depth, taking into account various soil layers, nutri-
ent levels, and overall environmental factors.6,7 Smart irrigation,
which optimizes the watering cycle by taking into account plants’
evapotranspiration parameters, is also in its early stages of adop-
tion. When planning when to water, many people utilize sensors that
measure soil temperature and moisture.Connected devices are also
used to track the whereabouts and well-being of cattle via the use
of embedded sensors that wirelessly send data.13 Vertical farming
that incorporates the new technologies of aquaponics, acroponics,
and hydroponics is another commonplace usage of the internet of
things (I0T).14, 15 There has been extensive usage of WSN for en-
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vironmental monitoring with a variety of intended uses.16

This article aims to provide a thorough overview of sensor and IoT
data analytics utilizing machine learning (ML) methods for agricul-
tural applications, while also highlighting the utilization of WSN and
IoT in this sector. Yield prediction, irrigation decision assistance,
and crop quality are three areas where a variety of relevant articles
highlight the important and distinctive characteristics of ML models.
Included in the presentation is a case study of an experimental test-
bed that delves into the FEEW system’s dependency via the use of
an end-to-end IoT platform. This paper’s literature evaluation only
incorporates articles published during the last three years. The fol-
lowing is the outline of the paper: The most current developments
in the use of artificial intelligence (AI) in farming are detailed in the
Al in Agriculture section. Learn about the most popular machine
learning approaches used by WSN-based PA in this section on ma-
chine learning techniques. This section provides a concise overview
of the literature on WSN-based PA applications that have made use
of the ML approach in recent years. In the section titled “Case study
on IoT based smart agriculture solution,” a smart agriculture system
based on the internet of things is detailed.

Al in Agriculture

Farmers may make better use of their land and its resources with the
aid of artificial intelligence (AI). Big data is the massive amount of
information gathered from many sources, such as sensors, the intet-
net of things (IoT), global positioning systems (GPS), aerial images,
and more.17 The Internet of Things (IoT) is a network of inter-
connected physical devices, software, sensors, and communications
devices that can gather and transmit data over wireless and wired
networks.18 Modern farms generate millions of data points per day
using developing technologies like the Internet of Things (IoT) and
unmanned aerial vehicles (UAVs). Farmers may now use Al to exam-
ine data received from their farms, including weather, temperature,
water consumption, energy usage, and soil conditions, to make better
choices. In addition to using sensor data for crop prediction, farmers
may now better prepare for climate change and natural disasters by
using intelligent data processing methods like machine learning. The
Internet of Things (IoT) and artificial intelligence (Al) are starting to
be recognized as potential tools to boost agricultural output and effi-
ciency.19 From keeping tabs on when to harvest to identifying plant
diseases20,21 The potential uses of Al in agtricultural technology ate
vast and underexplored. The application of artificial intelligence was
shown in Ref. 20 to train a dataset of cassava leaves to identify insect
and disease damage; the program achieved a detection accuracy of
98%. Training robots to effectively manage, harvest, and preserve
agriculture is another application of Al that can save a lot of time,
energy, and human resources. Robotics, soil and crop monitoring,
and predictive analytics are the three new frontiers of artificial intel-
ligence (Al) in the agricultural sector.22,23

Planting, weeding, and harvesting are all crucial agricultural activi-
ties that autonomous robots can easily do in lieu of human work-
ers.22 In recent years, new businesses such as Blue River Technology
bought by John Deer use computer vision into its precision spray to
keep an eye on cotton plants and spray them as they start to grow
weeds.24 One new technology that might help alleviate the strain on
harvesting crews is robotics and automation. Harvest CROO Ro-
botics has created a robot to assist strawberry growers in harvesting

and packaging the fruit.25

Some notable applications of ML methods include crop disease di-
agnosis and soil health monitoring. One example is Plantix, a picture
recognition app that employs ML methods in its algorithm to iden-
tify agricultural plant illnesses and soil deficiencies from patterns in
the s0il.26 Through the camera on their smartphone, farmers may
examine the data, as well as methods and answers to the issue. The
same holds true for the identification of three agricultural illnesses
and two pest dam-ages affecting cassava plants in Tanzania using
deep conventional neural networks.20 The agricultural sector is the
most prominent user of unmanned aerial vehicles (UAVs), with a
predicted market value of $480 million by 2027.23 Large arable
farms benefit greatly from the data collection capabilities of drones
because of how quickly and efficiently they can cover enormous ar-
eas. Drone data may increase crop health, production, and decrease
costs using artificial intelligence.27

Common applications of predictive analytics include identifying
pests and diseases, developing remote PA systems, and using sat-
ellite data for weather and agricultural sustainability predictions.6,7
To build decision-making and prediction models for the future, data
from sensors is processed, manipulated, and analyzed using predic-
tive analytics. Also, ML methods ate often used as decision-support
tools in IoT WSN-based irrigation systems.10

Machine Learning Techniques

One branch of artificial intelligence, machine learning allows com-
puters to mimic human learning processes. With the use of com-
putational methods, its algorithms may learn from datasets direct-
ly, rather than relying on pre-mined equations. As the amount of
training samples grows, the algorithms learn to improve their per-
formance.pages 28-30 Machine learning (ML) methods are robust
resources for addressing large, complex, non-linear problems using
data from sensors and other networks. In real-world situations, it
allows for better decision-making and more informed decisions with
less human involvement. ML methods are always evolving and have
a broad range of applications in almost every industry. Having said
that, their uses are severely limited. Data quality, accurate model rep-
resentation, and interdependencies between input and output varia-
bles all impact prediction accuracy.31

Supervised learning and unsupervised learning are the two main
types of machine learning algorithms. To predict the target variable
from out-of-sample data, supervised learning trains a model using
a known set of labelled data.28 Supervised learning is often used
in classification and regression procedures. In Figure 1 we can see
the various approaches together with a list of typical algorithms that
belong to them. To make inferences from unlabeled data, unsuper-
vised learning seatrches for underlying structures or patterns in the
data. In exploratory applications, when the data is unclear or there is
no predetermined objective, it might be helpful. In addition, it works
well as a dimensionality reduction strategy for multi-feature data.
Exploratory data analysis uses clustering, the most popular learning
model in this category, and it finds use in gene sequencing and object
identification, among other areas.29 Data size, kind, and anticipated
insight all play a role in algorithm selection. Most algorithm selec-
tions, however, are the result of trial and error rather than a univer-




BioAl. 2024; 3(1).

sal prescription. Internet of Things (IoT) smart data analysis makes
heavy use of supervised and unsupervised learning approaches in a
wide range of applications.32 A new area where ML approaches are
being used to quantify and comprehend the massive data is smart
farming, which is made possible by WSN and the internet of things.
Crop management, livestock management, water management, and
soil management are among of the many ML applications in PA.ML
is used in crop management for a variety of purposes, including yield
prediction, disease identification, weed detection, phenotypic cate-
gorization, and a number of others.27 Applications of WSN-driven
Al in agriculture will be the next topic covered in this study.

Regression—Regtression is supervised ML techniques that predict
continuous responses such as stock prices, fluctuations in electricity
demand, and time-series sensor data. Mainly, there are two types of
regression algorithms: linear and nonlinear. Linear models rely on
the assumption of a linear relationship between independent and
de- pendent variables. As presented in Fig. 1, the common regression
algorithms are linear, nonlinear, Gaussian process regression model
(GPRM), support vector machine (SVM) regression, generalized lin-
ear model (GLM), decision tree (DT), ensemble methods, and neural
networks. Four of these techniques were selected to be discussed
in detail as they have been relevant to the application of crop yield
pre- diction.

Application—FExtending the data infrastructure to cloud, part of
the goal for this project is to live-stream sensor data using a mobile
application. The mobile application platform enables intended users
to understand what their farm is doing in real-time and additionally
track critical information on energy consumption, irrigation events,
and weather variables. The sensor data stored on the local database
of the IoT gateway are constantly synchronized to an external MyS-
QL database located in a virtual machine and Google Firebase cloud.
It has been successfully implemented to be pushed to Microsoft Az-
ure cloud services, as well. However, due to storage limit and cost,
Google Fire- base is selected for this application. The mobile appli-
cation, Green- Link Farming, is currently developed for Android OS
and will be extended to iOS in the future. The functionality of the
GreenLink Farming app is summarized as follows:

1. A dashboard menu with soil moisture content, leaf wet-
ness, and soil temperature, critical to the feedback response of irri-
gation events, as shown on the right side of Fig, 8.

2. Insight into previously collected and real-time sensor data.
These data are divided into five tracks: weather data, soil data, yield
data, energy data, and water data, as shown in Fig. 7.

3. Data visualization capability: sensor data can be viewed as
a list view or are plotted to get insight on trends and patterns into the
data.

4. Data analytics: predictive modeling of crop yield, weather,
en- ergy, and water using different ML techniques. The end objective
for this is to eventually maximize food production through multi-
objective optimization of the aforementioned variables. Addition-
ally, it will explore the interdependent networks of food produc- tion
on energy and water.

Data analysis.—Part of the goal for this project is to use high- reso-
lution sensor data for the prediction of crop yield, weather, and crop
quality from sensor data. This IoT solution manages variations in the
field to increase crop yield, raise productivity, and reduce the con-
sumption of agticultural inputs. The data-driven physical model en-
ables farmers on how much energy is being produced and consumed
by their farm, how much water is being consumed and recycled, and
the quality of the yields. Monitoring weather data long-term will give
better leverage in building a time-seties forecast model that can ac-
curately predict the weather a day ahead, equipping the farmer with
decision making capability on when to irrigate. The mobile applica-
tion platform provides just this, giving the intended user when to
schedule irrigation on the dashboard. The number of measurements
that sensors can take make the data storage and management pro-
cess overwhelm- ing, but will help narrow down potential predictor
attributes in crop data sets. As this project is ongoing, the data analy-
sis level is in the prelim nary phase, where more data processing and
mapping needs to be completed. The research task for the data anal-
ysis track, as shown in the left diagram of Fig. 8 are listed as follows:

1. Tracking and gathering data from food, energy, water infra-
struc- ture
2. Data pre-processing to organize, clean, and prepare the

data. This step is critical since the nature of this project has different
tem- poral, spatial scale

3. Modeling of different machine learning algorithms

. Use classification and regression trees (CART) model to
identify potential predictors for crop yield, FEW interactions, and
yield quality

. Use autoregressive integrated moving average (ARIMA)
model for all time-series based sensor data

. Use of deep neural network in remote sensing data to sup-
plement the WSN data

. Evaluation of the models

4. Upgrading and modifying mobile and web-based applica-

tion to display predicted values

This project implements an IoT based data-driven prototype for an
integrated food, water, and energy system. The main goal is to mon-
itor and measure the three interdependent resources using wireless
sensor networks and IoT platform across the whole system. To eas-
ily navigate the data acquisition and integration, GreenLink Farming
mobile application is designed and implemented with Google Fire-
base cloud storage as a back-end. The implication of such a system
is many: it advances the current research challenge on the lack of da-
ta-driven integrated FEW systems, and it explores the application of
Al in agriculture, and it facilitates the slowly adopt IoT technology
into the agriculture sector. It revolutionizes the way farmers cultivate
by giving them a direct insight into what their farm is doing through
a mobile application capable of data integration, visualization, and
analytics. With a cost feasibility analysis, the prototype can also be
ideally implemented in regions of the world where access to electric-
ity is a challenge through the use of off-grid solar panels with energy
storage.71—73 There is no doubt data-driven techniques can tremen-
dously help boost agricultural productivity. This case study presents
an end-to-end IoT platform for agriculture to collect, monitor vari-
ous sensors with a data analysis framework to be easily accessed via
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smartphone and internet.

Conclusions

A digital transformation is taking place in agficulture, as it has in
other sectors. There has been an exponential growth in the quantity
of data acquired from farms. The Internet of Things (IoT), robots,
drones, artificial intelligence (Al), and wireless sensor networks are
all seeing increased use. With the help of machine learning algo-
rithms, it is possible to sift through the mountain of data and find
patterns and insights. Researchers have relied on ML techniques in
combination with WSNs more often during the last two years, and
this publication has summarized such strategies. increasingly sophis-
ticated methods, such as distributed (or edge) deep learning, may
become increasingly popular in the next years. The application of
Al may greatly enhance the automation of agricultural processes,
leading to higher yields and more efficient use of natural resources.
Within the precision agricultural ecosystem, this work has shown
many ML models used for weed and disease detection, yield predic-
tion, and other purposes. The work that was evaluated solely been
focused specifically on WSN based PA application where ML algo-
rithms were implemented for data mining, forecasting, and au- to-
mation purpose. By applying ML to sensor data, farm management
systems are evolving into real Al systems, providing optimal insights
for decisions and actions to be made. This remark is further proved
and showcased through an experimental smart farm prototype case
study. An environment to help anyone to deploy a PA monitoring
application has been described and successfully evaluated in this case
study. The architecture, hardware, communication protocol, and
data acquisition infrastructure is detailed. The implementation of
smartphone appli- cations and the back-end data analysis framework
for prediction of weather, crop yield, and crop quality is presented.
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