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The continuous advance in sensors and sensing systems has a
strong impact in agriculture and food production.

Food is routinely screened to assess quality (such as
physical appearance and organoleptic properties) and safety
(absence of health threatening pathogens and chemical
compounds). These tests are usually carried out in laboratory
by skilled personnel, thus resulting in delayed response and
high costs for the analysis. On the other hand, the availability
of transduction techniques (such as electrical impedance
spectroscopy, visible and near-infrared optical spectroscopy,
fluorescence spectroscopy, and image processing) allows the
design of low-cost embedded sensor systems for quick
in-the-field analysis with benefits in terms of lower cost,
shorter time response, and, in the end, more frequent
screening and improved product quality.

Similarly, the introduction of sensor technologies in
agriculture has led to the transition from standard farms,
where activities are almost entirely carried out by
humans, to “smart farms,” where activities are automa-
tized, critical parameters are timely monitored by networks
of distributed sensors and cameras, information is shared
using high-speed wireless communication technologies,
and energy is scavenged from natural sources (solar,
thermal, etc.). Moreover, the ever-increasing diffusion of
modern mobile phones, merging strong computation capa-
bility with fast wireless communication, promotes even more
the transition to the new “smart farms” in the paradigm of
Internet of Things (IoT).

This special issue presents six papers that have been
published after two rounds of rigorous peer review.

In the paper “Urban Lawn Monitoring in Smart City
Environments,” J. Marín et al. propose an Arduino-based
system with a camera mounted on a drone that enables to
monitor the state of the grass in urban lawns and conse-
quently to optimize the irrigation regime. In the proposed
strategy, the drone periodically flies over a garden and takes
pictures of the grass. The pictures are then processed with
an algorithm that classifies the grass into three categories,
accordingly to its quality (thus to the need of irrigation).
The authors apply their drone-based strategy to monitor
gardens with different sizes to validate its cost and applica-
bility, as well as to compare its pros and cons over alter-
native monitoring systems (mounted on mall autonomous
vehicles). The experimental results demonstrate that for large
gardens (bigger than 1000m2), the proposed strategy
achieves a significantly lower monitoring time.

In the paper “The State-of-the-Art of Knowledge-
Intensive Agriculture: A Review on Applied Sensing Systems
and Data Analytics,” B. Basnet and J. Bang reviewed
existing sensors and data analytics techniques used in dif-
ferent areas of agriculture. The authors classified agricul-
ture into five categories and reviewed the state-of-the-art
technology in practice and ongoing research in each of
these areas. The authors also discussed current and future
challenges and provided their views on how such issues
can be addressed.
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In the paper “On-the-Go Grapevine Yield Estimation
Using Image Analysis and Boolean Model,” B. Millan et al.
proposed a methodology for image-based automated estima-
tion of vineyard yields. The paper suggests use of a Boolean
model to tackle the problem of occlusions in the images
and evaluates the model’s performance on three different
datasets. The number of berries in a cluster was estimated
with a root mean square error (RMSE) of 20 and a coefficient
of determination (R2) of 0.80. The mass of berries on the
images of the vines was estimated with 310 grams of mean
error and R2 = 0 81 (manually taken images) and 610 grams
of mean error per segment (three vines) and R2 = 0 78 from
images taken by an automatic camera.

In the paper “The Development of an Intelligent
Monitoring System for Agricultural Inputs Basing on
DBN-SOFTMAX,” L. Yang et al. proposed a system based
on deep belief network (DBN) using a SOFTMAX classifier
for the traceability of chemical fertilizers and pesticides in
agricultural products. The system features sensor nodes
performing measurement of pH, electrical conductivity and
moisture, and a LoRa wireless communication module that
transfers the measured data to a cloud server for further
processing. Tests have been carried out on six agricultural
inputs (three chemical fertilizers and three pesticides), and
the results have shown how the proposed system provides
an accuracy of 98.5%.

In the paper “Applicability of a 3D Laser Scanner for
Characterizing the Spray Distribution Pattern of an Air-
Assisted Sprayer,” F. J. García-Ramos et al. presented an
original work conducted by using a three-dimensional (3D)
laser technology for the assessment of the performance of
air-assisted spraying in fruit orchards. The authors developed
a static test using an air-assisted sprayer equipped with two
axial fans (front and back) with opposing directions of
rotation. Two critical criteria were considered: the deposition
of the product as a function of distance and the product
distribution in the vicinity of the machine. The main results
evidenced that measurements carried out by using the laser
sensor allowed the quantification of the maximum distance
of deposition of the product and the quantification of the
amount of products applied in different areas in the vicinity
of the sprayer.

In the paper “Monitoring and Control Systems in
Agriculture Using Intelligent Sensor Techniques: A Review
of the Aeroponic System,” I. A. Lakhiar et al. presented a
review on the use of wireless sensor network (WSN) in aero-
ponic cultivation. The authors discussed the advantages of
aeroponics, a cultivation system where plant roots are
hanged in the darkness in a growth chamber and provided
with a nutrient mist in replacement of the soil, in terms of
better control and possibility to investigate the effects of
different nutrients on plant growth. A discussion on the
problems faced by the application of aeroponics in terms of
attention required by the grower to timely detect failures in
the atomization nozzles and monitor critical parameters
has been also presented. The authors discussed how the
use of WSNs in aeroponics can effectively solve these
drawbacks, thus helping the diffusion of the technique to
farmers and scientists.
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In recent years, intelligent sensor techniques have achieved significant attention in agriculture. It is applied in agriculture to plan the
several activities and missions properly by utilising limited resources with minor human interference. Currently, plant cultivation
using new agriculture methods is very popular among the growers. However, the aeroponics is one of the methods of modern
agriculture, which is commonly practiced around the world. In the system, plant cultivates under complete control conditions in
the growth chamber by providing a small mist of the nutrient solution in replacement of the soil. The nutrient mist is ejected
through atomization nozzles on a periodical basis. During the plant cultivation, several steps including temperature, humidity,
light intensity, water nutrient solution level, pH and EC value, CO2 concentration, atomization time, and atomization interval
time require proper attention for flourishing plant growth. Therefore, the object of this review study was to provide significant
knowledge about early fault detection and diagnosis in aeroponics using intelligent techniques (wireless sensors). So, the farmer
could monitor several paraments without using laboratory instruments, and the farmer could control the entire system
remotely. Moreover, the technique also provides a wide range of information which could be essential for plant researchers and
provides a greater understanding of how the key parameters of aeroponics correlate with plant growth in the system. It offers
full control of the system, not by constant manual attention from the operator but to a large extent by wireless sensors.
Furthermore, the adoption of the intelligent techniques in the aeroponic system could reduce the concept of the usefulness of
the system due to complicated manually monitoring and controlling process.

1. Introduction

Agriculture has an ancient history nearly dates back to
thousands of years. Moreover, its advancement has been
pushed by implementing the several new systems, practices,
technologies, and approaches with the time. It employs over
one-third of the global workforce [1]. The agriculture is the
backbone of an economy for many countries and executes a
significant contribution to the development of the economy
for underdeveloped countries. Besides, it steers the process
of economic prosperity in developed countries. Several
research studies concluded that overall world agriculture uses
approximately seventy percent per year available fresh water

to irrigate only seventeen percent of the land. Another side,
the total available irrigated land is gradually decreasing due
to the rapidly increasing of food requirements and effects of
global warming [2, 3]. In other words, agriculture is dealing
with new main significant challenges. Foote [4] said FAO
reported that world food production must be increased by
seventy percent to provide sufficient food production for
the fast-growing population and urbanisation. The expected
world population growth for the half of the present century
is daunting. However, depending on the estimate, it could
be expected to rise above the nine billion people by midcen-
tury. As many studies reported that the population is increas-
ing very fast, the global population was one billion in 1800,
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and it increased to seven billion people in 2012. However,
studies report feared that at the end of the current century,
it could be expected to reach eleven billion people and there
could be many, many more mouths to feed soon. Thus, the
rapid increase of the population, alongside the decrease in
agriculture land, intensification of global climate changes,
and exacerbation of water resources, declines labour force
and energy crunches are posing tremendous challenges and
hurdles to the agriculture sector [5, 6]. Furthermore, the
developing and developed countries will deal with substantial
water crises and issues due to rapid urbanisation and indus-
trialisation. The available fresh water for irrigated agriculture
land is supposed to decrease in future [7, 8]. Besides, the
unpredictable climate changes include extreme weather con-
ditions, intense storms, heat waves, and floods will have a
substantial adverse impact on world agriculture sector. We
need more production from agricultural systems to meet
the growing food demands. Otherwise, we will suffer from
food insecurity problems which will be the biggest threat.
Moreover, Qiu and coworkers [9] revealed that the progress
of the agriculture production is not only significant for to
producing food to feed the population, but it is also essential
for the industrial sector. Similarly, the agriculture is the main
source to produce the raw material for many industrial sec-
tors. Therefore, it must be understood that industrial and
agricultural developments are not alternatives. However,
both sectors are complementary to each other on the path
to achieving the food security issues.

As the evolution of humankind from hunters and gath-
erers to agrarian societies, the efforts have mainly focused
on improving the plant yield and productivity by either
genetic changes, cultural or husbandry, management prac-
tices, or by developing and introducing plant protection
measures. Accordingly, in the last and present century,
peoples have started exploring the possibilities by adopting
different modern techniques in agriculture. The adoption
of the precision farming methods in agriculture is one of

the excellent examples. The purpose is to try and mechan-
ise them in agriculture to prevent the crop losses due to
sudden climatic changes, soil-borne diseases, pest attaches,
and so on. However, many research studies have been
suggested and reported that problems and challenges of
agriculture could overcome by adopting the precision farm-
ing methods. At present, several countries are increasing
their farming productivities by implementing the precision
farming methods.

Baudoin et al. [10] reported that the artificial plant grow-
ing method (e.g., greenhouse and factory farms) is one of the
fundamental types of precision agriculture. Nowadays, the
method is receiving importance and gaining the intention
of the growers. The method can provide sufficient food
supply throughout the year. In the system, the plant grows
around the year by artificially adjusting and controlling
the surrounding environmental conditions such as tempera-
ture, CO2 (carbon dioxide), humidity, light intensity, airflow,
and nutrients supply within the confined facilities [11, 12].
Besides, the system minimises environmental impact and
maximises the crop yield with significant results as compared
with traditional (open-field) cultivation system [13]. Savvas
and team [14] informed that at present soilless plant cultiva-
tion is one of the most disruptive inventions ever presented
in the field of artificial plant growing system. The soilless sys-
tem refers to plant cultivation techniques without the use of
soil by providing artificial solid material or water nutrient
solution as a growing medium instead of soil. However, the
water culture is related to the process of hydroponic and
aeroponic plant cultivation (Figure 1). In both methods, the
roots of the plant are continuously or intervalley nurtured
with or within water nutrient solution by providing a spe-
cific control environment in artificial supporting structure
[16, 17]. Both methods provide many benefits to the grower
such as full control of nutrient concentration and supply and
prevention of many soil-borne diseases and infections to
plant, thus resulting in increased plant yield with significant
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Figure 1: Basic diagram of the aeroponic plant cultivation system by Lakhiar et al. [15]. 1. Growth chamber. 2. Nutrient fog transmission
pump. 3. Misting fan. 4. Power supply line. 5. Nutrient fog. 6. Ultrasonic atomizers. 7. Nutrient reservoir. 8. Nutrient solution. 9. Nutrient
recycle line. 10. Plant holder. 11. Plant.
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returns, high quality, and more efficient use of available
natural resources [18, 19].

Several studies reported aeroponic and hydroponic
systems as a modern and innovative plant cultivation tech-
niques under the soilless system. By adopting these tech-
niques, the growing food crises could be resolved [20, 21].
Moreover, the hydroponic system to grow initially leafy
green vegetables was the first to emerge, which started taking
commercial exploitation routes in industrialised countries in
west and east but eventually was found to have particular
defects and problems that forced people to discover and
experiment with newer variations and techniques like the
aeroponic system. According to the NASA report, the aero-
ponic system could reduce water, nutrient, and pesticide
usage by 98, 60, and 100 percent, respectively, and increase
the plant yield by 45 to 75 percent [22].

The primary motivation of this review article is to pro-
vide an idea about the use of intelligent sensor techniques
in the aeroponic system. It could provide an opportunity
for full automation, scalability, anytime-anyplace access
monitoring, and fault diagnostics in the aeroponic system.
Moreover, it would be helpful for the local farmer and grower
to provide timely information about rising problems and
influencing factors for successful plant growth in the aeropo-
nic system. The farmers could start to understand their crops
at a micro scale and able to communicate with plant through
accessible technology. To the best of our knowledge, this is
the first work to provide a brief review of the use of intelligent
sensor techniques in the aeroponic system. However, the rest
of the paper is organised as follows: Section 2 describes the
current work in the aeroponic system with intelligent sensor
techniques. In Sections 3, 4, and 5, we present the brief
description about the aeroponic system, application, and
working protocol of wireless sensor network in the aeroponic
system. Sections 6, 7, 8, and 9 describe the advantages, future
application, application of artificial intelligence in agricul-
ture, and conclusion.

2. Related Work

Aeroponics is the new plant growing technique of modern
agriculture. Until now, it is not entirely implicated among
the farmers. Mostly, it is practiced by the researchers for
performing the experimental studies. Their study reports
concluded that it could be well accepted in agriculture as
a modern-day plant cultivation activity where the modern
farmer does not need soil to grow the plant. However, the
aeroponic system has some substantial vulnerability like a
failure of water supply pumps, nutrient distribution line
and preparation, and atomization nozzle clogging, which
require special knowledge and attention to avoid damage,
rapid plant death, and failure of the system [23]. Further-
more, the integration of the intelligent agriculture techniques
could be the best solution to avoid or deal with the above-
mentioned issues without any technical expertise. Xiong
and Qiao [24] reported that the integration of the intelligent
agriculture systems could be an effective approach for solving
complex problems of agriculture domains. Zhai et al. [25]
reported that presently, several research studies had been

conducted on the use of intelligent techniques in agriculture
especially in the last two decades. Besides, several new tech-
niques and application have been introduced and patented
to improve the traditional agriculture practices. However,
experts mainly focused and monitor the climatic condition,
soil properties, water quality, plant development, livestock
management, and fertilizer application, pesticide applica-
tion, and illumination control through various intelligent
techniques [26–32]. Meanwhile, it could be concluded that
traditional agricultural logistics is improved and upgraded by
introducing and implementing the several modern technolo-
gies and techniques in agriculture domains [33]. Basnet and
Bang [34] reported that the collecting information through
sensors and communication technology played a vital role
in improving agricultural production. It has shifted agri-
culture from input-intensive to knowledge-intensive, and
agriculture becomes more networked and decision-making.
Both small- and large-scale farmer can benefit from intro-
ducing this technique into the agriculture value chain, having
their productivity increased, quality improved, services
extended, and costs reduced. It provides insights into various
issues in the agriculture like weather prediction, crop and
livestock disease, irrigation management, and supply and
demand of agriculture inputs and outputs and helps in solv-
ing those problems. Rehman and Shaikh [35] concluded that
at present, several information technologies including satel-
lite navigation, grid and ubiquitous computing, and sensor
network are exercised in agriculture. However, the applica-
tion of the sensor network is supporting agriculture practices
and activities in a very positive direction [36, 37]. Zhang and
coworkers [38] used a sensor network to monitor air tem-
perature, humidity, ambient light, and soil moisture and
temperature. Also, the aeroponic system is the new applica-
tion of the soilless agriculture. Besides, several studies had
been successfully designed the aeroponic system by using
various information technologies approaches such as Tik
and coworkers [39] designed and implemented a wireless
sensor network to monitor the aeroponic system. They used
temperature, light intensity, pH, and EC monitoring sen-
sors. Moreover, the study reported that the wireless sensor
network offers a wide range of information which could
be required for the horticulturist to provide a greater
understanding of how these environmental and nutrient
parameters are correlated with plant growth. The real-time
information obtained from sensor nodes can be utilised to
optimise strategies to control the temperatures and the other
properties of the nutrient solution. A study by Pala et al. [40]
proposed an approach to monitor automation and early fault
detection tools in the aeroponic system through intelligent
techniques. In the protocol, they designed a highly scalable
aeroponic system and coded as aero-pot prototype. They
developed software based on a genetic algorithm to optimise
power consumption of the aeroponic system. Their study
concluded that using this software user can define various
properties and virtually configure the aeroponic system.
The developed software can allow the user to add and remove
the lights and pumps and define consumption of added
devices with minimum grower effort. Laksono et al. [41]
designed a wireless sensor and actuator network for the
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controlling, monitoring, and conditioning of an aeroponic
growth chamber. The designed wireless protocol was based
on ZigBee technique. They also designed a data transmission
system to transfer the data from the database server to
administrator through text message. The proposed system
was based on the sensors, actuators, communication system,
and database server. The experiment results showed that the
proposed wireless protocol based on ZigBee techniques was a
useful tool of the wireless sensor network to monitor the
aeroponic system. Jonas et al. [42] developed an automatic
monitoring system to control the environmental and nutri-
ent supply of the aeroponic system. The designed wireless
protocol was based on Arduino development board. Their
study concluded that the proposed system can control the
nutrient atomization frequency based on the root chamber
moisture content. However, the system can automatically
transfer all the gathered information to a web server and also
share on Twitter. Sani et al. [43] recommended a web-based
control and monitoring system for the aeroponic system.
Their system was composed of microcontrollers (using
Arduino IDE program), actuators (two relays include atomi-
zation spray and fan on/off on specific time), the sensor (tem-
perature and pH sensor), LDR (light intensity sensor), and
communication modules (GSM/GPRS/3G modem). The
present study concluded that our proposed design was able
to monitor and measure the temperature, pH, light intensity,
atomization time and interval time, and fan activation time
and interval time in the aeroponic system. The proposed
method was able to directly send the real-time information
from the sensor to the server via the Internet using GSM.
Anitha and Periasamy [44] designed wireless sensor tech-
nique to monitor the aeroponic system. The technique was
based on the ZigBee prototype. The proposed network archi-
tecture was based on temperature, pressure, humidity, water
level, and pH monitoring sensors. The sensors transmitted
the gathered data to the GSM (Global System for Mobile)
node or coordinator node, whereas the gateway device was
used to transfer the data to the personal computer. However,
a server was connected to the database where the maximum
and minimum threshold values of pH, water level, and tem-
perature were fixed. Furthermore, if the monitored value
reaches above or below the threshold values stored in the
database, thus, the system was able to start the alarm sound
to aware the farmer. Another study in 2016 by Kernahan
and Cupertino [45] invented a system to monitor and control
the aeroponic system using wireless techniques. They con-
cluded that a reliable aeroponic system provides a wireless
connection between its subsystem for the exchange of data
and commands. The various subsystems manage one or
more plants growing atriums include nutrient atomization
on hanged roots, maintenance, control of nutrient solution
level, the addition of various nutrients, and control of the
light quantity and cycle. A study by Montoya et al. [46]
designed a wireless sensor system to monitor the aeroponic
system. The system protocol was based on the Arduino
development board. They used analog and digital sensors
for monitoring temperature, nutrient atomization, EC, and
pH fluctuations and level of nutrient solution in the nutrient
reservoir. In order to acquire data and automation system,

the two Arduinos were managed in a master-slave configu-
ration and connected to each other through wireless by
Wi-Fi. All the recorded data was autosaved in microSD
memory and sent to a web page. Their study concluded that
the proposed protocol could be used for automation and
could monitor the aeroponic system. Kerns and Lee [47]
firstly designed and introduced an aeroponic system using
IoT (Internet of things) to automate the system. The pro-
posed system is comprised of a mobile application, service
platform, and IoT device with sensors (pH balance, tempera-
ture, and humidity). They used Raspberry Pi Zero device and
designed a system to monitor and measure the selected
parameters. The gathered data was autosaved into the data-
base server by sending an SQL query. Their study concluded
that the proposed system could help farmers to control and
monitor the aeroponic system remotely. Furthermore, Karu
[48] also designed and implemented a high-precision system
for small-scale aeroponic plant cultivation. The system is
allowed to precisely control the nutrient solutions, pH, and
EC levels and gives data about humidity, temperature, pH,
and EC concentration and amount of the nutrient solution
in the reservoir. A recent study by Martin and Rafael [49]
also proposed and suggested systems, methods, and devices
for the aeroponic system. Mithunesh et al. [50] proposed an
intelligent control system for an aeroponic system. The system
protocol was based on an open-source development board
called Raspberry Pi. Their study concluded that the developed
system provides the simple management and high availability
established by using both the local and global systems. Idris
and Sani [51] designed monitoring and control system for
the aeroponic system. They concluded that the developed sys-
tem is able tomonitor the aeroponic system working parame-
ter such as temperature and humidity by sending the data in
real time from sensor to the display system. Janarthanan
et al. [52] concluded that the problemsof the aeroponic system
could be solved by the use of wireless sensor and actuator
system. It allows the user to monitor and interact with the
system through mobile app and a web interface. However,
Liu and Zhang [53, 54] designed an aeroponic system for
automatic control of water-fertilizer and temperature. They
concluded that system supplies an experimental platform
with features of simple structure and convenient control.

3. The Aeroponic System

The aeroponic system is one of the techniques of the soilless
culture, where the plant grows in the air with the assistance of
artificial support instead of soil or substrate culture. It is an
air-water plant growing technique where lower portions such
as the roots of the plant are hanged inside the growth cham-
ber under complete darkness in controlled conditions. How-
ever, the upper portions of the plant such as leaves, fruits, and
crown portion are extending outside the growth chamber.
Usually, the artificial supporting structure (plastic or thermo-
foam) is provided to support and divide the plant into two
parts (roots and leaves). In the system, plant roots are openly
exposed in the air and directly irrigated with a small droplet
size of the water nutrient at interval basis. The nutrient solu-
tion is supplied through different atomization nozzles with or
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without high air pressure. Moreover, several studies consid-
ered aeroponics as a modern-day agricultural activity which
is practiced in an enclosed growth chamber under entire con-
trolled conditions, as it could eliminate the external environ-
mental factors as compared with traditional agriculture
activity. Hence, it is no longer dependent on large-scale land
use, and it could be set up in any place, a building that has
lifted global climate without considering the current climate
such as rainy season and winter [23, 55–59]. Buer et al. [60]
reported that atomization nozzle uses the tiny amount of
the water nutrient solution and provides an excellent growth
environment for the plant. Zobel and Lychalk [61] said it is a
modern-day agricultural research tool which provides several
agricultural research opportunities for a researcher with sig-
nificant results by providing artificial growth conditions.
However, Table 1 shows the essential monitoring and control
parameters in the aeroponic system. Hessel et al. [62] and
Clawson et al. [63] studies discovered that aeroponics con-
tributes to the advances and developments in many areas of
plant root studies. It provides an excellent chance for plant
researchers to deeply study the behavior of plant root under
different conditions and without any complications. Until
now, many researchers had conducted plant root research
and experimental studies root response to drought [64],
effects of different oxygen concentrations on plant root
development [65, 66], root microorganism [67–69], arbuscu-
lar mycorrhizal fungi production [70], and legume-rhizobia
interaction [71]. Furthermore, studies also practiced the
technique by growing vegetables, fruits, herbs, and medicinal
root-based plant [72–74] such as tomato, potato, soybean,
maize, lettuce, Anthurium andreanum, and Acacia mangium
[15, 59, 75–79].

3.1. Present Status of the Aeroponic System. The aeroponic
system is one of a holistic production management method
in agriculture which promotes and improves agroecosys-
tem, health, and biodiversity. The system has a paramount
reputation in the horticulture department, because of its
implications on the economic and technical aspects in the
agriculture. Among all agriculture systems, only the aeropo-
nic system is receiving the full attention of farmers, policy-
makers, entrepreneurs, and agricultural researchers. The
grower could reduce the requirements of chemical inputs
including fertilizers, herbicides, pesticides, and other agro-
chemicals. The grower could obtain higher cultivated plant
yield and quality as compared with other growing methods.
However, the aeroponic system is labour-intensive. It offers
many opportunities for the farmers to increase rural employ-
ment. The farmer can grow a plant in their homes by provid-
ing artificial growth environment. Anitha and Periasamy
[44] reported that nowadays many families are practicing
the aeroponic system on their terrace. Besides, several coun-
tries of the world are using aeroponics for making an expan-
sion in nourishment creation managing the monetary issues
and making the nation naturally amicable to have their par-
ticular food supply. While some years ago, the use of the
aeroponic system was limited almost around the world
[84]. At present, the system is acquiring more attention from
the farmers and several countries are being effectively

adopting as an economical and environmentally friendly veg-
etable and fruit growing system. However, it is practiced in
following countries: Abu Dhabi, Australia, Bhutan, Bolivia,
Brazil, Bangladesh, Burkina Faso, China, Canada, Colombia,
Ecuador, Egypt, Ethiopia, France, Germany, Ghana, Greece,
Indonesia, Italy, India, Iran, Japan, Israel, Kenya, Korea,
Malaysia, Mongolia, Malawi, New Zealand, Nigeria, Peru,
Philippines, Poland, Russia, Rwanda, Saudi Arabia, South
Africa, Spain, Singapore, South Korea, Slovakia, Sri Lanka,
Taiwan, Thailand, Uzbekistan, and Vietnam. Besides,
attempts are made to represent the system in other countries
of the world [23].

3.2. Key Problems and Difficulties of the Aeroponic System.
Aeroponic cultivation is performed in an outdoor and indoor
installation and or in a greenhouse under controlled condi-
tions. It may be carried out within a facility that includes
the provision of light for plant growth, the centralised deliv-
ery of nutrient solution, and electrical power. The growing
plants are set in a growth chamber and periodically soaked
with nutrient solution small mist ejecting through atomiza-
tion nozzle (Figure 2). In addition, the aeroponic system
gives the chance to control the entire growth chamber envi-
ronment precisely. The aeroponic system is the modern
technique of the agriculture which is still under develop-
ment. Until now, limited studies have been performed, and
conducted studies concluded that the system has some prob-
lems and issues. Studies suggested that aeroponics is per-
formed without soil or any solid media; thus, the main
observed problems are water and nutrient buffer, any fail-
ure of the water pumps, nutrient solution distribution and
preparation, atomization nozzle clogging, and so on, which
lead to rapid death of the grown plant [40]. Kernahan and
Cupertino [45] reported that the aeroponic system provides
better control of the plant growth and nutritional availability
and prevents the plant from various diseases and root rot.
However, during plant growth from sowing to harvest time,
the methods adopted in the aeroponic system require a little
hand-operated contribution, interference regarding physical
presence, and expertise in domain knowledge of plants, envi-
ronment control, and operations to maintain and control the
growth of the plant.

Moreover, there is a requirement to sustain and keep
retain the nutrient solution parameters which include nutri-
ent temperature, pH, and EC concentration in a narrow
range of preferred values for optimal growth. If these param-
eters drift outside the desired range, it will create several
problems for plant growth. In addition, some supplemental
parameters can adjust to optimise the plant growth further.
The additional parameters are atomization time, atomization
interval time, air temperature, relative humidity, light inten-
sity, and carbon dioxide (CO2) concentration which make
the system complicated and time-consuming with high
human energy and with the higher level of expert training
and skill for operating the system. However, the grower has
the responsibility to control and monitor the fluctuations
of the above parameters in the desired range to achieve
the suitable growth conditions for the specific plants. A fail-
ure to accurately control and monitor the parameters could
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significantly affect the growth of the plant and cause finan-
cial loss. If any component failure occurs while the operator
is not present on site, it may be detected too late to prevent
harm, because systems generally include some automated
means for periodically providing nutrient mist to the plant
roots, refilling a nutrient reservoir, and managing light cycles
and intensity. Therefore, the aeroponic cultivation consid-
ered hitherto to be somewhat unsuitable for the local grower
and due to the above reasons and it is not common to
find an installation. However, the main reason for the low
acceptability of the aeroponic system is not a cost, but the
main drawback is the amount of attention required of the
grower with a high level of expertise and judgment. For the
above-discussed reasons, more sophisticated and advanced
monitoring techniques have implemented in the aeroponic
system for early fault detection, real-time monitoring, and
control and automation of the system. Hence, it would be

advantageous to use artificial intelligent tools (Figure 3) in
the aeroponic system to detect fault and diagnosis problems
on time. Thus, it could help to avoid rapid damages to grown
plants and help to fully automate the aeroponic system.

4. The Aeroponic System and Sensor Network

In recent years, early fault detection and diagnosis using an
intelligent agricultural monitoring system is considered as
the best tool to monitor plant without any complicated oper-
ations and laboratory analysis which required domain exper-
tise and extensive time. The development of these convenient
features has attracted much attention in the agriculture.
The system is based on a wireless sensor network which
comprises of a data server, a wireless convergence node,
a plurality of wireless routers, and a plurality of wireless sen-
sor nodes. However, the wireless sensor nodes are used as the

Table 1: Basic monitoring and control parameters in the aeroponic system [23, 80–83].

No. Parameters Common value Instruments

1 Nutrient atomization
Mist/spray/aerosol/droplet size at high pressure from
10 to 100, low pressure from 5 to 50, and ultrasonic

foggers from 5 to 25 microns, respectively

Atomization nozzle (high and low
pressure, atomization foggers)

2 Growing medium Plant holder Any artificial root supporting structure

3
Desirable pH of

the nutrient solution

The pH value depends on the cultivar (onion 6.0–7.0,
cucumber 5.8–6.0, carrot 5.8–6.4, spinach 5.5–6.6,
lettuce 5.5–6.5, tomato 5.5–6.5, and potato 5.0–6.0)

pH measuring device

4
Desirable EC of the
nutrient solution

The EC value depends on the cultivar (onion 1.4–1.8,
cucumber 1.7–2.2, carrot 1.6–2.0, spinach 1.8–2.3,

lettuce 0.8–1.2, tomato 2.0–5.0, and potato 2.0–2.5 ds·m−1)
EC measuring device

5 Humidity Provide 100% available moisture Humidity measuring device

6 Temperature
Optimum 15°C–25°C and should not increase

to 30°C and less than 4°C
Temperature measuring device

7 The light inside the box
The light inside the growth box must

be dark enough
Cover the growth chamber with

locally available material

8 Atomization time Depends on the cultivar growth stage Manually operating the system with timer

9 Atomization interval time Depends on the cultivar growth stage Manually operating the system with timer

High-pressure atomization nozzle Low-pressure atomization nozzle Ultrasonic foggers

Figure 2: Aeroponically cultivated lettuce by Lakhiar et al. [23].
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signal input of the intelligent agricultural monitoring system
and are used to collect each selected parameter of farming
operations to be monitored. Park et al. [85] stated that wire-
less sensor network-based systems could be a significant
method to fully automate the agriculture system, because
the sensors provide real-time significant information and
believed to eliminate the considerable costs of just wiring.
Another study by Kim [86] said that in agriculture, sensor
network technique helps to improve existing systems
installed in the greenhouse efficiently and smoothly by for-
warding real-time collected information to the operator
through the radio signals. The system optimises the trans-
mission protocols more accurate and quick and maximises
the application of energy to save the energy and reduce the
consumption. Pala and team [40] suggested that the utilisa-
tion of artificial intelligence techniques in the aeroponic sys-
tems could lead not only to find early fault detection but also
to fully automate the system without any or small interven-
tions of human operators. The aeroponic system could gain
more popularity among local farmers by deploying this tech-
nique in a system for monitoring and controlling purpose.
However, it will conserve resources and minimise impacts
on the environment. The farmers could start to understand
their crops at a micro scale and able to communicate with
plant through accessible technology. Therefore, in this arti-
cle, we explored how wireless sensing technologies wove into
the aeroponic system. Thus, the primary motivation of this
review article was to provide an idea about different intelli-
gent agriculture monitoring tools used for early fault detec-
tion and diagnosis for plant cultivation in the aeroponic
system (Figure 4). Additionally, it would be helpful for the
local farmer and grower to provide timely information about
rising problems and influencing factors for successful plant
growth in the aeroponic system. The adoption of the intelli-
gent agriculture monitoring tools could reduce the concept
of unsuitable for the amateur.

4.1. Number of Sensor Nodes and Input Parameters. At pres-
ent, the utilisation of different sensor techniques is almost
possible in every field of life due to the sharp progressions in

the currently available technologies. Moreover, the sensor is
a device that has capabilities to measure physical attributes
and convert them into signals for the observer [87]. A WSN
(wireless sensor network) traditionally consists of a few to
dozens and in some cases thousands of the sensor nodes
which are connected to one or more sensors [88]. Generally,
it includes a BS (base station), which acts as a gateway between
theWSN and the end users. Each sensor node is consisting of
five main components, which are a microcontroller unit, a
transceiver unit, a memory unit, a power unit, and a sensor
unit [89]. Each one of these components is a determinant in
designing a WSN for deployment. Furthermore, the micro-
controller unit is in charge of the different tasks, data process-
ing, and the control of the other components in the node [88].
Through the transceiver unit, a sensor mode performs its
communication with other nodes and other parts of the
WSN. It is the most dominant communication unit. The
memory unit is another important part of the WSN system,
which is used to store the observed data. The memory unit
could be RAM, ROM, and their other memory types flash or
even external storage devices such as USB. Lastly, the last
one unit is the power unit. It is one of the critical components
of the system which is for node energy supply. However, the
power unit could be any source; it can store in batteries (most
common) rechargeable or not on in capacitors. In addition,
for extra power supply and recharging the power unit, the
available natural resource could be used. The natural sources
induce solar power energy in forms of photovoltaic panels
and cells, wind power energy with turbines, kinetic energy
fromwater, and so on. Last but not the least is the sensor unit,
which includes several sensors for parameter measurements
such as temperature, humidity, carbon dioxide, methane,
and carbon monoxide [90]. However, in the aeroponic sys-
tem, the total required number of sensors and actuators
depends on the size and requirement of the operator.

4.2. Sensor Types and Monitoring Parameters. In this review
study, we reviewed the previous work done on the aeroponic
system using wireless sensor network technique. We found
that the primary objective of a wireless sensor network
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Figure 3: The aeroponic system using IoT technology by Kerns and Lee [47].

7Journal of Sensors



system for the aeroponic system is to control the growth
chamber climatic condition as per the crop data sheet. How-
ever, the basic principle of the aeroponic system is to grow
the plant by suspending in the closed, semiclosed, or dark
environment in the air with artificial provided support. In
the system, the plant stems, leaves, and any fruit grow in a
vegetative zone above the suspension medium, and roots
dangle below the suspension medium in an area commonly
referred as a root zone [46]. Generally, closed cell foam is
compressed around the lower stem and inserted into an
opening in the aeroponic growth chamber, which decreases
labour and expense. However, the trellising is used to sus-
pend the weight of cultivated plant [44]. Ideally, the environ-
ment is kept free from pests and diseases so that the plants
grow healthier and more quickly than other plants grown
on techniques. Furthermore, the key to the success and high
yields of the air gardening is a scientific grade monitoring of
the conditions and accurate control of the growing environ-
ment. Each plant yields and needs a different environmental
condition for growth. However, the plant growth is mainly
influenced by the surrounding environmental and climatic
variables and the amount of water and the fertilizers supplied
by irrigation. There is a requirement to monitor and control
liquid nutrient parameters in a narrow range of preferred
values for optimal growth. The parameters include nutrient
temperature, pH, and EC concentration. If the parameters
drift outside the desired range, the plants can harm. Besides,
there are some additional parameters which can be adjusted
to further optimise growth, such as air temperature, relative
humidity, light intensity, and carbon dioxide (CO2) concen-
tration. Idris and Sani [51] reported that the one solution to
solve the problems of monitoring and controlling the grow-
ing conditions in the space environment is by applying some
sensors. The sensor can detect and monitor a number of
parameters such as temperature, humidity, light intensity,

O2 and CO2 levels, direction, and wind speed. Aside from
the sensors, there is also a requirement for the actuators to
distribute nutrients and waters to plant roots or lower stems
(Figure 5). The sensor collects the information of the various
environmental conditions and forwards the signals to the
actuator to take place and produce the outcome for the col-
lected information to know the status of that parameter.
The actuator can control the environment changes. The sen-
sors store information that analyzes the environment and
identifies the location, object, people, and their situations.
The sensor provides multiple contributions in various
domains that depend on a variety of attribute and variant
in time [87, 91, 92].

4.2.1. Temperature Sensor. In the aeroponic system, the
temperature is one of the critical factors significantly
determining plant growth and development. A reduction
in temperature below the optimal conditions often results
in suboptimal plant growth. A different cultivar requires
a different temperature level for the photosynthesis process
and growth, which can advance the plant growth stage. It
will eventually bring us substantial economic benefits. In
the aeroponic system, the optimum growth chamber tem-
perature should not be less and more than 4 and 30°C,
respectively, for successful plant growth. The temperature
fluctuations of aeroponic growth chamber can significantly
affect the root growth, respiration, transpiration, flowering,
and dormant period [93]. Therefore, the temperature sensors
can be used to monitor the temperature fluctuations of the
aeroponic system. At present, temperature sensors are used
in many applications like environmental controls, food pro-
cessing units, medical devices, and chemical handling. The
temperature sensor is a device mainly composed of thermo-
couple or resistance temperature detector. The temperature
sensor measures the real-time temperature reading through
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an electrical signal. The sensors collect the data about tem-
perature from a particular source and convert the data into
an understandable form for a device or an observer. The
temperature sensor accurately measures temperatures
slower changing from critical applications such as facilities
or rooms and sends them to the user’s webpage.

4.2.2. Humidity Sensor. Aeroponics is the technique of culti-
vating plant by providing the water nutrient small spray in
the air. Thus, the humidity is another important parameter
of aeroponic growth chamber environments, and its control
is recognised to be very important for significant plant
growth. In the aeroponic system, the plant gets all available
moisture in the growth chamber. Moreover, if the growth
chamber has too high or less moisture content, both condi-
tions will create many problems for the plant. Accordingly,
an accurate and precise means of testing moisture content
in the growth chamber will help farmers to monitor their
crops and provide a suitable growth environment for the
plant. Wang et al. [94] reported that a humidity sensor is a
device that detects and measures water vapour present in
the air within a room or enclosure. At present, humidity sen-
sors are widely used in medicine, agriculture, and environ-
mental monitoring. However, the most commonly used
units for humidity measurement are relative humidity [95].
The development of humidity sensors has shown remarkable
progress because of using various types of sensingmaterials in
recent years. The sensing materials used in humidity sensors
can classify into ceramics, polymers, and composites [96].
The humidity sensor could be placed in the growth chamber
to maintain the moisture level. If the moisture level becomes
less than the plant requirement, the sensors will forward the
signals to atomization nozzles to perform their work.

4.2.3. Light Intensity Sensor. As we know, all vegetable plants
and flowers require large amounts of sunlight, and each plant
group reacts differently and has the different physiology to
deal with light intensity. Some plant performs well in low
light intensity and some in high light intensity. However,

the aeroponic system implements in indoor conditions, so
it is necessary for the farmer to provide sufficient light quan-
tity of at least 8 to 10 hours for a day to grow the healthy
plant. The artificial lighting is a better option to present
enough intensity to produce a healthy plant [97, 98]. In the
conventional aeroponic system, the control of the light quan-
tity present in the growth chamber is mostly done by farmer
through observing the plant condition. However, it is a time-
consuming and challenging task for the farmer to provide the
required light concentration accurately. It could be a better
option to use intelligent agriculture techniques to monitor
the light intensity in the aeroponic system. The intelligent
agriculture techniques mean using the sensor system to con-
trol the light intensity. The light sensor is an electronic device
which is used to detect the presence or nonpresence of light
and darkness. There are several types of light sensors includ-
ing photoresistors, photodiodes, and phototransistors. These
light sensors distinguish the substance of light in a growth
chamber and increase or decrease the brightness of light to
a more comfortable level. Light sensors can be used to auto-
matically control the lights such as on/off. By adopting the
sensor network in aeroponics, the farmer could be able to
monitor light intensity without any human interference.
Because the sensors will perform all work such as if the light
intensity in the growth chamber will be less than the required
light quantity for plant growth, the sensor will automatically
forward the signal to the LED light to turn on until the light
quantity reaches to the desired level.

4.2.4. CO2 Sensor. The appropriate oxygen concentration in
the root environment is crucial to keep the root metabolism
in nutrition solution. The available oxygen concentration
for the root environment is a hugely significant factor since
low concentrations affect the root respiration, nutrient
absorption, and, consequently, the plant growth [66]. Thus,
the CO2 sensor could be used to monitor the carbon dioxide
fluctuations in the aeroponic growth chamber. A carbon
dioxide sensor is an instrument which is used for the mea-
surement of carbon dioxide gas concentration. Bihlmayr
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Figure 5: Sensors and actuators used in an aeroponic system.
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[99] reported that CO2 sensors are used to measure indoor
air quality in a building to perform demand-based ventila-
tion. However, the CO2 sensor data measuring range is in
between 500 and 5000 parts per million. There are two main
types of the CO2 sensors which include nondispersive infra-
red carbon dioxide sensors (NICDS) and chemical carbon
dioxide sensors (CCDS), whereas the NICDS detected CO2
in a gaseous environment by its characteristic absorption
and composed of an infrared detector, an interference filter,
a light tube, and an infrared source. However, the CCDS of
sensitive layers are based on polymer or heteropolysiloxane
with low-energy consumption [100].

4.2.5. Water Level Sensor. The aeroponics is the method of
the plant cultivation by providing a small mist of the nutrient
solution in the growth chamber. Thus, there is no any use of
soil; just water is required to cultivate the plant throughout
the germination to harvest time. Therefore, the water nutri-
ent solution reservoir is one of the major components of
the aeroponic system which should be monitored throughout
the growth period. In the conventional aeroponic system, the
farmer checks the water nutrient level in the nutrient solution
reservoir, and if he founds water level less than the desired
level, he maintained accordingly. However, by adopting the
precision agriculture techniques, the farmer will be able to
monitor and control water nutrient level through the intelli-
gent methods such as wireless sensors. The water nutrient
level sensors detect the liquid level in the reservoirs and facil-
itate operator in collecting water nutrient level data in real
time. The sensors will alert the operator about any potential
property damage that results from any leaks and also allow-
ing to know when a container is nearing empty.

4.2.6. EC and pH Sensor. In the aeroponic system, the plant
productivity is closely related to nutrient uptake and the EC
and pH regulation of the nutrient solution. The EC and pH
concentration of the nutrient solution affects the availability
of the nutrients to plants [101]. The pH and EC concentra-
tions are controlled to prevent barrier growth. Their mea-
surement is essential because the solubility of minerals in
acidic, alkaline, and ion concentration of all the species in
solutions is different and the solution concentration changes
with solubility [102, 103]. The unmonitored EC and pH

concentration of the nutrient solution will quickly lead to
a situation where plants cannot absorb the essential nutri-
ents, if not corrected this will eventually lead to harmful
plant growth and poor productivity. Thus, the EC and pH
concentration of the nutrient solution is a critical parameter
to be measured and controlled throughout the plant growth.
Moreover, in the conventional aeroponic system, the EC and
pH value of the nutrient solution is mostly monitored manu-
ally by performing laboratory analysis or using advanced
equipment which is a time-consuming process. For instance,
when the EC of the nutrient solution decreased or increased,
the control of nutrient solution concentration is mostly
achieved by adding more high concentration nutrient solu-
tion or the fresh water, respectively, to the nutrient solution
to maintain the EC level to the prescribed target range. Sim-
ilarly, for pH, an acid solution and an alkali solution are used
to control the pH fluctuation of the nutrient solution within a
specified target range [101]. However, these conventional
methods are time-consuming and challenging task for the
farmer to maintain the EC and pH value at the desired range
accurately. In addition, the EC and pH sensor could be used
to deal with the above challenges.

5. Sensor Working Protocol in the
Aeroponic System

Today, the world demands automatic tools to do most of the
work for them without bothering its user for doing some task.
So, the concept is all about a very high level of automation
system which will be independent of its users to a very great
extent, reduce human efforts, and save all kinds of resource
utilisation, as monitoring and controlling will be done by
computers leaving very few easily manageable tasks for
humans, and it will interest more people to join this field
[104–106]. Moreover, the monitoring and control system
for the aeroponic system mainly consists of following sec-
tions which include the aeroponic system, data acquisition,
controlling the equipment, data transmission module, cloud
data processing server, social communication platform, and
mobile application. A typical architecture of sensor nodes
for controlling and monitoring the aeroponic system is
shown in Figure 6. Furthermore, in architecture, the data
acquisition section refers to some sensor nodes used in the
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Figure 6: Schematic protocol of wireless network in the aeroponic system.
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system to establish a data acquisition module. The data
acquisition module is placed in the aeroponic system or near
the growth chamber to collect the real-time information
from selected parameters (temperature, light intensity,
humidity, nutrient solution level, atomization quantity, and
photos of the growing plants) and transmit the gathered data
to the control and management centre. However, the control
and management section refers to the central processing unit
(CPU) of the system. The CPU of the system consists of some
primary functions such as Arduino and WRTnod protocols,
whose work is to store, manage gathered data from collection
nodes, process, and then accurately and automatically send
to the web server in real time [104–109]. Thus, the system
can help the farmer and grower to monitor and control the
smart aeroponic system remotely using the mobile app. In
other words, the plant will be able to talk with the farmer
through a mobile app that whether the selected parameters
are working well or not.

6. Advantages of Sensor Techniques in the
Aeroponic System

The continuously increasing food demands require rapid
improvement and development in the food production
system. However, to enhance the quality and productivity
of the cultivated crop, peoples are moving towards the mod-
ern plant cultivation technologies in agriculture. Thus, the
aeroponics is one of the rising plant growing technologies
in agriculture as a modern-day cultivation technique, where
the plant is cultivated in an air environment, and no any soil
support is provided. In the aeroponic system, a number of the
parameters are required to control for successful plant
growth because there is no any growing medium provided
to the plant. For example, if the plant has some sudden stress
and the farmer is not present at the site that means the plant
will die. Therefore, the proper management of the crop is
essential. In the conventional aeroponic system, grower uses
his knowledge, skills, and judgment to adjust and maintain
the parameters such as EC and pH meter, minimum and
maximum temperature, light intensity, and humidity level
through several instruments and checks the readings which
are labour-intensive and time-consuming task. To deal with
the above problems, the aeroponic system can be developed
with a wireless sensor and actuator network for monitoring
the key parameters at lower labour cost, time, and without
any technical knowledge. The wireless sensor and actuator
network offer several advantages including faster response
to confrontational climatic conditions and better quality con-
trol of the crop that produces at a lower labour cost. This
advancement in the aeroponic system through wireless sen-
sor network for monitoring growth chamber environment
is beneficial. However, the monitoring system also offers a
range of information which could be required by plant scien-
tists or grower to provide a greater understanding of how
these environmental and nutrient parameters correlate with
plant growth. It is now recognised that plant grower can per-
fectly and easily acquire the skills needed to operate an aero-
ponic system. It provides the full control of the system, not by

constant manual attention from the operator but to a large
extent by wireless sensors.

7. Future Application

Artificial intelligence agriculture techniques are consid-
ered as a high potential, improving technique for decision-
making in agriculture. Nowadays, it is quickly getting peo-
ples’ intention, more and more visible in our society and
dynamically turning our social awareness and lifestyle. The
techniques provide several opportunities to monitor the
plant growth and development from pre- to postharvest.
Aeroponics is the new plant cultivation technology of agri-
culture which is still under development. However, we
reviewed the literature and found that only limited study
had been conducted on the implementation of the intelligent
agricultural techniques in the aeroponic system. Moreover,
until now, most of the studies had been designed the aeropo-
nic system using a wireless sensor network using ZigBee and
Arduino system with Bluetooth, global system of mobile and
Wi-Fi, and communication modules. During a literature
survey, we noted that no any single study had implemented
the idea of the cloud computing and big data techniques in
aeroponics to collect real-time information via the Internet.
The techniques provide many advantages to the user such
as reduction of the initial cost, allocation of the resources
on demand, and maintenance and upgrade performed in
the back-end, easy, and rapid development. The techniques
present a chance to the operator to stay connected with the
system using mobile accessories like a smartphone, tablet,
and PCs at any location via the Internet which is not
restricted by conditions, locations, and time. Furthermore,
the system would be designed using additional artificial
intelligence techniques such as image processing, automatic
seedling transplanters, and harvesting and packing robots.
The purpose of image processing and analysis is to measure
and identify the physiology, growth, development, nutrient
deficiencies, diseases, and other phenotypic properties of
the plants through automated and nondestructive analysis.

8. Application of Artificial Intelligence
Techniques in Agriculture

Agriculture is the primitive and ancient application that
humans started first after born on earth. It has an extensive
history between numerous industries and very intimately
linked to the human development on earth. Moreover, in
the past, the agriculture sector was labour-intensive, but the
next-generation farmers, researchers, and associated organi-
sations proposed and applied new farming methods, technol-
ogies, skills, and knowledge in agriculture as a modern era to
reduce labour-intensive task. Presently, the technology is
considered as a key tool to overcome many challenges and
eases the way how people live. In the past, the many problems
of agriculture, especially in irrigation water management,
crop yield production, environment predication, and deci-
sion-making, were decided by many factors. In addition,
the fertilization often decided by the mathematical equations,
formulas, or the experiences of the experts. The cultivation is
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represented by descriptive and causal knowledge, and diag-
nosis of pests and diseases is represented by uncertain knowl-
edge. Thus, this knowledge and experience are illogically
incomplete and imprecise, and the traditional procedures
can not handle them. However, artificial intelligence has its
superiority. It could be an effective approach for solving com-
plex problems to the levels of experts using imitate experts
[110]. The term artificial intelligence (AI) was developed in
1956, as “the science and engineering of making intelligent
machines” [111]. It is a abroad discipline, which was devel-
oped for the interaction of several types of fields such as com-
puter science, information theory, cybernetics, linguistics,
neurophysiology, and psychology [112]. The main purpose
of the creation of the intelligence techniques is to find the
solutions for complex problems and to work, react, and
respond like humans. It performed work better than a well-
qualified person and brought positive economic and environ-
mental results [112, 113]. Artificial intelligence (AI) tools
have helped to predict the behavior of nonlinear systems
and to control variables to improve the operating conditions
of a system’s environment [114–117]. A recently published
report highlighted that artificial intelligence is emerging as
part of the solutions towards improved agricultural produc-
tivity. The global artificial intelligence in agriculture is
expected to grow at a significant level. It is employed to
improve the efficiency of daily tasks in agriculture such as
the adoption of robots and drones, crop health monitoring
protocols, automated irrigation system, and driverless trac-
tors [118]. At present, several research studies have been per-
formed by implementing the artificial intelligent techniques
in agriculture. Popa [119] revealed that some of the devel-
oped applications for agriculture are expert systems and soft-
ware, sensors for collecting and transmitting data, and
robotic and automation which are adapted from different
industries into agriculture, whereas the expert systems and
software is the planning process such as strategic or opera-
tional; it has benefited substantially, due to the expansion of
personal computer and Internet use. The systems are gener-
ated through the structured knowledge base and reasoning
mechanisms acquired from a human expert but with an
enhanced computational power and speed [120]. These sys-
tems can demarcate management zones taking in consider-
ation with relevant factors and able to recommend suitable
crop rotations, optimal plant density, water requirements,
appropriate fertilizer use, diagnosing pests and diseases for
crops, and suggesting preventive or curative measures
[121]. Huang et al. [122] discussed soft computing and appli-
cations in agriculture. The study reported that soft comput-
ing is the combination of the computing technologies, such
as an artificial neural networks (ANNs), fuzzy logic (FL),
and genetic algorithms (GAs). These techniques are opposed
to the hard computing method which states to a huge set of
stochastic and statistical methods. The hard computing
provides inaccurate solutions and results of very complex
problems through modelling and analysis with a tolerance
of imprecision, uncertainty, partial truth, and an approxima-
tion. However, the soft computing techniques are used to
achieve tractability and robustness. It provides a low-cost
solution with a tolerance of imprecision, uncertainty, partial

truth, and approximation [123–127]. Sui and Thomasson
[128] developed a BP-trained feedforward ANNs to predict
nitrogen status in cotton plants based on a data from a
ground-based sensing system. Tumbo and team [129] used
an on-the-go system for sensing chlorophyll status in corn
using BP-trained feedforward ANNs and fiber optic spec-
trometry to acquire spectral response pattern data in corn
fields. Tang et al. [130] developed a texture-based weed clas-
sification method consisting of a low-level Gabor wavelet-
based feature extraction algorithm and a high-level ANN-
based pattern recognition algorithm. El-Faki and group
[131] established and tested ANN-based weed detection
algorithms capable of detecting the leading weed species
competing with wheat and soybean crops. A study by Krish-
naswamy and Krishnan [132] predicted the nozzle wear rates
for four fan nozzles using regression and ANN methods.
Pearson and Wicklow [133] developed a neural network to
identify fungal species that infect single kernels using princi-
pal components of the reflectance spectra as input features.
Smith et al. [134] developed year-round air temperature pre-
diction models for prediction horizons from 1 to 12 h using
feedforward-style ANNs. Zadeh [123] introduced the con-
cept of fuzzy sets as a mean for describing complex systems
without the requirements for precision. Fuzzy logic may also
be useful for descriptive systems, those that fall somewhere
between hard systems and soft systems, such as biology
and agriculture [135]. Studies reported that in agriculture,
fuzzy logic is used for multicriteria analysis of the image,
image classification, vegetation mapping, assessment of soil
suitability, and planning forest harvesting [136–143]. Al-
Faraj and coworkers [144] established a rule-based FL crop
water stress index (CWSI) using growth chamber data and
tested this method on tall fescue canopies grown in a green-
house. Thomson et al. [145] and Thomson and Ross [146]
developed a coupled sensor- and model-based irrigation
scheduling method. Yang et al. [147, 148] informed on the
development of an image capture/processing system to
detect weeds and a fuzzy logic decision-making system to
determine where and how much herbicide to apply in an
agricultural field. Gil and team [149] applied multiple linear
regression and FL inference models to evaluate the effects of
micrometeorological conditions on pesticide application for
two spray qualities (fine and very fine). Qiu et al. [150]
established a fuzzy irrigation decision-making system using
virtual instrumentation platform of sensors, test instru-
ments, data logger, and LabVIEW. Generally, published
studies use on/off controllers where the inherent complexity
of irrigation process made it difficult to achieve optimal
results [151]. Ali et al. [152] developed temperature and
humidity controller inside the greenhouse using fuzzy logic.
However, several studies have been conducted to develop
many control strategies to optimise the greenhouse environ-
ment using artificial intelligence techniques such as neural
network, fuzzy logic controller, adaptive predictive control,
PID, and nonlinear adaptive PID control [153–159]. Zhu
et al. [160] used the remote wireless system for water
quality online monitoring in intensive aquaculture using
artificial neural networks. The results demonstrate that
online monitoring for water quality information could be
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accurately acquired and predicted by using the remote
wireless system. Mahajan et al. [161] reported that agricul-
ture is noteworthy that computer vision applications have
grown due to reduced equipment costs, increased computa-
tional power, and increasing interest in nondestructive food
assessment methods. The use of these techniques presents
advantages when compared with traditional methods based
on manual work; however, there are still some challenges
to be overcome. Moreover, the principle of artificial intel-
ligence in agriculture is one where a machine can perceive
its environment, and through a certain capacity of flexible
rationality, can act to address a specified goal related to
that environment.

9. Conclusion

The objective of our study was to present the information
about the use of automated monitoring and controlling tech-
nique in the aeroponic system. The aeroponic system is the
new plant cultivation method of the modern agriculture. Its
existence can allow producing food whole year without any
interval. The system could create an excellent set which
encourages the sustainable city life for those peoples who
want to live in urban area. Moreover, during plant growth
from sowing to harvest time, the methods adopted in the
aeroponic system require a little hand-operated contribution,
interference regarding physical presence, and expertise in
domain knowledge of plants, environment control, and oper-
ations to maintain and control the growth of the plant.
Therefore, the system is considered hitherto to be somewhat
unsuitable for the grower, and due to the above reasons, it is
not common to find an installation. We reviewed the litera-
ture and found that implementation of advanced monitoring
technology tools in aeroponics could provide an opportunity
for the farmer to monitor and control several paraments
without using laboratory instruments, and the farmer can
control the entire system remotely. Thus, it could reduce
the concept of the usefulness of the system due to the com-
plicated manual monitoring and controlling process. The
technology offers incredible opportunities for the aeroponic
system to increase the capability, reliability, and availability
among the farmers and growers. We believe that our review
article will contribute to the adoption of the advanced mon-
itoring technology in the aeroponic system. However, the
technique provides a range of information which could be
required by plant scientists to provide a greater understand-
ing of how these environmental and nutrient parameters
correlate with plant growth.
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This paper describes a new methodology for noninvasive, objective, and automated assessment of yield in vineyards using image
analysis and Boolean model. Image analysis, as an inexpensive and noninvasive procedure, has been studied for this purpose,
but the effect of occlusions from the cluster or other organs of the vine has an impact that diminishes the quality of the results.
To reduce the influence of the occlusions in the estimation, the number of berries was assessed using the Boolean model. To
evaluate the methodology, three different datasets were studied: cluster images, manually acquired vine images, and vine images
captured on-the-go using a quad. The proposed algorithm estimated the number of berries in cluster images with a root mean
square error (RMSE) of 20 and a coefficient of determination (R2) of 0.80. Vine images manually taken were evaluated,
providing 310 grams of mean error and R2 = 0 81. Finally, images captured using a quad equipped with artificial light and
automatic camera triggering were also analysed. The estimation obtained applying the Boolean model had 610 grams of mean
error per segment (three vines) and R2 = 0 78. The reliability against occlusions and segmentation errors of the Boolean model
makes it ideal for vineyard yield estimation. Its application greatly improved the results when compared to a simpler estimator
based on the relationship between cluster area and weight.

1. Introduction

Sustainable viticulture requires continuous monitoring of
the vineyard to assist the decision-making procedure
and to optimize cultural practices like pruning, irrigation,
and disease management. The use of noninvasive proxi-
mal sensors reduces the time and labour resources,
favouring objective data acquisition. Image analysis tech-
niques allow for fast and reliable measurements, and
recent studies have aimed its use in viticulture. Application
examples include canopy status assessment [1, 2] and,
more recently, pruning mass determination [3]. As a non-
invasive, reliable, and low-cost technology, image analysis
is also a candidate for its integration in fully automated
systems for vineyard monitoring [4]. These tools are key
devices for the future viticulture, as they will reduce

management costs and will allow the application of more
sustainable practices.

Grapevine yield estimation is encouraged by its econom-
ical relevance [5–7] and can help to optimize plant growth
and to improve fruit quality [8]. Early yield estimation can
be generated from the flower number per inflorescence
assessed using computer vision [9]. Estimations representing
final yield variability can be acquired nearby to harvest time
using cluster images [10]. To improve the image quality
and ease the segmentation process, some authors captured
the images under controlled conditions, in the laboratory or
using a specially developed chamber [11, 12]. Due to the
destructive, slow, and labour-demanding nature of this
process, it is hard to scale it to increase the sample points.
Another approach would be the manual acquisition of
images on the field [13–15], but although this method
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requires less workforce, a more automatized procedure is
desirable for an industrial application. Finally, modified agri-
cultural vehicles can be used to automate the image capture
of large datasets [16, 17]. This approach has to face the
limitation introduced by the lack of supervision during the
capture, which greatly affects image quality. The segmenta-
tion process of images acquired on the field is challenging,
because of the uncontrolled scenario characteristics and the
unevenness in the berry surface caused by the pruina [11].
Also, it must be noted that not all the berries in a cluster
are visible due to occlusions from other berries or vegetal
material from the vine. A method that has resistance to these
problems (occlusions and segmentation errors) will greatly
improve the prediction reliability.

The Boolean model and random set theory was devel-
oped by Matheron [18] and Serra [19]. From an image-
processing viewpoint, the practical advantage of this model
relies in its capability to estimate the number of particles
present in an image, even when errors in the segmentation
or occlusions are present. It has been mainly used for model-
ling material structure characteristics [18–20], for estimating
the spatial distribution of bacterial colonies in cheese [21] or
the number of cells in a cluster [22]. However, to the best of
our knowledge, it has not been used in agriculture for berry
and yield estimation.

This study aims at grapevine yield assessment using
image analysis and the Boolean model. This solution was
tested under three different scenarios: cluster images, manu-
ally acquired vine images and on-the-go captured vine
images using a quad at a speed comparable to other agricul-
tural equipment used in vineyard management.

2. Materials and Methods

2.1. Image Acquisition. The experiments were conducted in
September 2014 and 2015 in a commercial vineyard located
in Falces (latitude 42°27′45.96″, longitude 1°48′13.42″, and
altitude 325m; Navarra, Spain). The vines were growing in
a vertical shoot-positioning system, with north-south row
orientation at 2× 1m disposition. Five different grapevine
(Vitis vinifera L.) varieties were used. The choice of a multi-
varietal experiment was made to increase the variability in
yield components (number of berries per cluster, mean
berry weight, and mean cluster weight). The six first basal
leaves of the selected vines were manually removed after
berry set.

Three different sets of images were captured:

(i) Manually Acquired Cluster Images. A set of 45 cluster
images from four different grapevine varieties (Cabernet
Sauvignon, Garnacha, Syrah, and Tempranillo) was cap-
tured in the field on the 4th of September 2014 and har-
vested the next day. The images were taken using a
Nikon D5300 digital reflex camera (Nikon Corp., Tokyo,
Japan) equipped with a Sigma 50mm F2.8 macro (Sigma
Corp., Kanagawa, Japan). RGB images were captured with
uncontrolled illumination using an orange cardboard as
background and saved at a resolution of 24Mpx
(6000× 4000 pixels), 8 bits per channel.

(ii) Manually Acquired Vine Images. A set of 45 images from
four different grapevine varieties (Cabernet Sauvignon,
Garnacha, Syrah, and Touriga Nacional) were taken in the
field at the same date as the cluster images. RGB images were
captured using a Nikon D5300 digital reflex camera equipped
with a Nikon AF-S DX 10 NIKKOR 18–55mm f/3.5–5.6G
VR lens. The acquisition was realized under uncontrolled
illumination using a white panel as background and a tripod
to maintain a capturing distance around 120 cm. The images
were saved at a resolution of 24Mpx (6000× 4000 pixels),
8 bits per channel.

(iii) On-the-Go Acquired Vine Images. 64 images from three
different grapevine varieties (Cabernet Sauvignon, Syrah,
and Tempranillo) were captured at night time on the 9th of
September of 2015 using a quad (Trail Boss 330, Polaris
Industries, Minnesota, USA) at a speed around 7 km/h. Clus-
ters were harvested and weighted the next day. The vehicle
was equipped with a Sony alpha 7-II digital mirrorless
camera (Sony Corp., Tokyo, Japan). The camera had a
Vario-Tessar FE 24–70mm lens. RGB images were saved at
a resolution of 24Mpx (6000× 3376 pixels), 8 bits per chan-
nel, and manually combined to obtain 28 sections composed
of three vines. A 900 LED Bestlight panel and two Travor
spash IS-L8 LED lights were used for scene illumination.
The quad was fitted with an adjustable mechanical structure
that allowed for different height and depth fixation to
adapt to the vine configuration (Figure 1(a)). The structure
also provided protection against branch impact and allowed
the attachment of the illumination equipment. The camera
was triggered by a custom-built controller using an Arduino
MEGA (Arduino LLC, Italy). The controller generated the
shooting signal based on the information received from an
inductive sensor attached to the rear axle. This sensor pro-
duced 3 pulses per rear-axle revolution, thus allowing the
camera to obtain images with an approximate 40% of super-
position rate.

2.2. Boolean Model for Berry Number Estimation. Boolean
random closed sets [18] have been widely used for particle
number estimation in images [23]. The main strength of this
model is its robustness against partly covered objects and
errors in segmentation.

The model can be applied if the structure is Boolean [19]
but is not limited to this case due to the central limit theorem
[22]. To estimate the number of objects in a region Z, the fol-
lowing formulation can be used:

Number of objects = −
az
a′

log q, 1

where az is the area under study (ROI), a′ is the mean area of
the object, and q is the ROI porosity:

q =
#pixels of the ROI −#pixels of the segmented area

#pixels of the ROI
2
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The Boolean model can be directly used for berry number
estimation, but the ROI must be defined so that the concen-
tration of particles is similar on it. In the case of vine images,
particle (berries) concentration is limited to portions in the
image (clusters), so a ROI not corresponding to all the image
areas must be selected for proper porosity calculation. The
ROI was automatically obtained by applying a morphological
opening [24] (morphological erosion followed by dilation)
for all the segmented clusters using a circular kernel of the
same radius of the mean berry size.

To evaluate the prediction capabilities of the Boolean
model, four tests were conducted (each one composed of
100 simulations). The tests were performed by using
MATLAB (R2010b, MathWorks, Natick, MA, USA) to gen-
erate synthetic images containing randomly placed particles.
First, the test compared the error of the Boolean model for 50
randomly positioned particles of a radius equal to 5 in an
image composed of 100× 100 pixels. Next, random
variation on the radius of each particle (up to 30%) was used
to generate a new set of simulations. The same tests were also

(a)

(b)

Figure 1: On-the-go capturing system: (a) modified quad with automatic camera triggering, LED illumination, and structure for easy position
adjustment; (b) example of an on-the-go captured vine image.
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performed for 500 particles in an identical area for fixed and
variable radii.

For comparison purposes, a naïve estimator was also
defined as follows:

Number of objects =
#pixels segmented as cluster

#pixels corresponding tomean object area
3

This estimator only takes into account the relationship
between the total area of the particles (cluster/s) and the
mean particle area (berry). This formulation is similar to
other approaches used in the bibliography [13, 14].

2.3. Image Analysis Algorithm for Berry Number Estimation.
The three previously described sets of images (manually
acquired cluster images, vine images acquired manually,
and vine images captured on-the-go) were analysed using
similar approaches: first the clusters were segmented, then
the Boolean model was applied to estimate berry number.

The Boolean model used for berry number estimation
only requires as inputs an average radius of the particle
(berry) and the area of the segmented regions or, more
specifically for this application, the segmented cluster (the
procedure is described in Section 2.4). To determine the
mean berry radius, different approaches were used depend-
ing on the type of the images to be analysed:

(i) Cluster Images. The berry radius was manually extracted
(an operator selected two points at the equatorial line of a
berry). This process was repeated for every image because
of the measurement variation depending on the distance
between the camera and the cluster.

(ii) Vine Images. An average radius was set (manually
extracted in one image as in the cluster dataset) and applied
to all images from the same grapevine variety.

The algorithm for image analysis was implemented in
MATLAB and process batches of images in a fully auto-
mated way. The cluster segmentation procedure was based
on a Mahalanobis distance classifier and is defined in the
following section. For the on-the-go images, misclassifica-
tion between the pixels corresponding to clusters and the
metal wires used for the vine support were observed. An
additional filtering step is described in Section 2.5 and the
benchmarking and validation process of the classification
in Section 2.6.

2.4. Cluster Segmentation. In our approach, cluster segmen-
tation was the first step that must be implemented to
obtain the yield estimation. Every pixel in the image was
characterized as a six-dimension vector denoted by u , using
two different colour models: red-green-blue (RGB) and the
hue-saturation-value (HSV) representation. HSV and RGB
are different colour spaces, with RGB being closer to physical
image acquisition and HSV having the advantage of separat-
ing the colour and illumination information (croma and
luma, respectively), thus making colour information invari-
ant to nonuniform illumination. We note that the hue

component in HSV colour space is an angular variable with
values between 0° to 360°. In this case, the “beginning” coin-
cides with the “end,” i.e., 0° has the same meaning as 360°,
and methods to measure distances between any two points
should take careful note of that. Taking advantage of the
blue colour (with the hue value centred at 240°) is the
dominant coloration for the clusters; the H component of
the vector definition of the pixel was calculated using a
modification of the standard definition of the HSV to
RGB conversion, assigning the blue colour to the centre
of the interval (128).

Colour-based segmentation was performed using the
Mahalanobis distance [25] on each pixel. The Mahalanobis
distance between two vectors u , v with the same distribu-
tion and covariance matrix Σ is defined as

dm u , v = u − v TΣ−1 u − v 4

In this application, u is an image pixel, v represents the
reference pixels (seeds) for each class to be identified, and the
covariance matrix (Σ) is calculated as follows:

Σ =

σRR σRG σRB

σGR σGG σGB

σBR σBG σBB

σRH σRS σRV

σGH σGS σGV

σBH σBS σBV

σHR σHG σHB

σSR σSG σSB

σVR σVG σVB

σHH σHS σHV

σSH σSS σSV

σVH σVS σVV

, 5

and the covariance matrix elements can be calculated as

σRG = σGR =
1

n − 1
〠
n

i=0
Ri − R Gi −G , 6

where Ri,Gi… Si,Vi are the values of the ith match, and
R,G… S, V are themean values in the image to be processed.

The seeds used as reference for each set were manu-
ally selected from a different image for each variety (as
there exists differences in the cluster colorations between
them). The number of classes depends on the type of
images: three for cluster images (grape, rachis, and back-
ground) and six for vine images, including manual and
on-the-go (leaf, background, trunk, shoot, cable, and clus-
ter) corresponding to the different elements present in
the scene.

The Mahalanobis distance considers not only the
distance to the centroid of the sample pixels but also the fact
that the variances in each direction are different, as well as the
covariance between variables [13]. The use of Mahalanobis
distance in colour images standardizes the influence of the
distribution of each feature, taking into account the correla-
tion between each pair of terms [26].

After the distance was calculated for each pixel, it was
converted to an occurrence probability to obtain a member-
ship probability map (MPM) [27] using the Boltzmann
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distribution [28]. The Boltzmann distribution is a probability
distribution that gives the probability for a system to be in a
certain state as a function of that state’s energy and tempera-
ture. For this application, the Mahalanobis distance is used as
the energy of the system. The formula that describes the
probability for a given pixel in the coordinates (x, y) for a
class i is

MPMcolourx,y,i =
e −di x,y /kT

∑M
j=1e

−d j x,y /kT
, 7

where dk x, y corresponds to the Mahalanobis distance of
the pixel located at the (x, y) coordinates and its reference
value for the class i. kT is a constant that in the original
formulation of the Boltzmann distribution corresponds to
the multiplication of the Boltzmann constant and the ther-
modynamic temperature; for this application, it was set to
10. The denominator guarantees that all the probabilities
are normalized, and the sum of the M class probabilities is
equal to 1 for every pixel of the MPM.

Cluster segmentation in both the cluster and manually
acquired vine images was performed using the maximum
pertinence to cluster class from MPMcolour. Additional
MPMs were used for on-the-go acquired vine images as
described in the following section.

2.5. Additional Filters for Cluster Segmentation for On-the-Go
Captured Images. The MPMcolour information can be com-
bined with other MPMs generated using morphological data
to aid in the segmentation process. Hence, three additional
MPMs were defined to improve the cluster segmentation
for the on-the-go images:

(i) Cluster Proximity MPM (MPMcluster proximity). As a
preprocess, a pyramidal decomposition with step values sim-
ilar to berry size (5 by 5 pixels) was conducted on the pixels
that had the maximum likelihood of being part of the cluster
class (fromMPMcolour). Next, a Gaussian filter with a stan-
dard deviation set to 3 times the average grape radius was used
to expand the cluster pertinence probabilities. By doing this,
pixels in the neighbourhood of the previously filtered cluster
candidates increase their possibility of pertinence to the clus-
ter class. Also, isolated pixels that were not close to clusters
will decrease its cluster class membership probabilities.

(ii) Shape-Angle MPM (MPMcable). Due to the
misclassifications between the cluster and cable class, and
taking advantage of the well-defined shape characteristics
of the cable, a filter was defined. As a first step, all the
connected components (CCs) corresponding to the cable
and cluster class (from MPMcolour) were extracted, and all
the CCs whose areas were lower than the size of the mean
berry were eliminated, which is to say

Area CCi > r2berry ∗ π, 8

where Area CCi corresponds to the number of pixels
of the ith CC and rberry is the mean berry radius.

Then, the length and orientation of the major and minor
axes for every remaining CC were determined. The shape
relation was calculated as the division of the major by the
minor axis length:

Shape relation =
major axis length
minor axis length

9

Combining these two descriptors, a new MPM was gen-
erated as follows:

MPMcable = 1 − Shape relation

∗ 1 − abs
Major axis orientation

90
10

(iii) Linear Occurrence Zone (MPMlinear occurrence zone).
As the cables along the vines were usually placed at fixed
heights, there were horizontal sections in the images where
the probability of a pixel to belong to the cable class was
higher. To determine these zones independently from the
camera or cable position in the image, an automatic detector
was built. The CCs most likely to correspond to the cable
class were used. For this purpose, all the CCs with an orien-
tation around ±30° and with a shape relation lower than 0.5
were chosen to generate a binary image (Cableb). From this,
an accumulator for each row based on the sum of the number
of pixels selected as the cable class was generated using the
following expression:

Accumulatory = 〠
number ofcolumns

x=1
Cableb x, y , 11

being

Cableb x, y =
1 if I x, y ∈ Filtered CCcable

0 otherwise
12

for every column x and row y in the image I.
This accumulator holds the number of pixels of the fil-

tered cable candidates for each row; as an example, the accu-
mulator of Figure 2(a) is shown in Figure 2(b). The next step
is to apply a Gaussian filtering, thus allowing for some flexi-
bility in the angle of the cables and not limiting it to the hor-
izontal case. The result of the smoothing is presented in
Figure 2(c). The final MPM of the linear occurrence zone is
obtained by expanding the smoothed accumulator to all the
rows of the image. Figure 2(d) shows the MPM (in grayscale)
along with the filtered CCs that were overprinted in red col-
our for illustration purposes.

The final MPM used to classify the pixels as clusters
for the on-the-go images was obtained by the element-
wise multiplication of the four previously calculated MPMs:
MPMcolour, MPMcluster proximity, MPMcable, and MP
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Mlinear occurrence zone. The process is represented in
Figure 3.

2.6. Validation. To evaluate the developed algorithms, yield
estimation has to be compared with real data. Also, due to
the especial characteristics of the on-the-go images, the
segmentation was ranked before and after the filtering MPMs
were applied.

The ground truth for every data set was obtained
as follows:

(i) Manually Acquired Cluster Images. All the photographed
clusters were picked and introduced into pretagged plastic
bags to allow their conservation during their transport to
the laboratory. Then, they were destemmed, and the berries

were detached, counted, and weighted. The number of
berries per cluster and their weight was used to obtain the
average berry weight.

(ii) Manually Acquired Vine Images. After the image captur-
ing process, all the vines were harvested, and the clusters
were weighted together to obtain the final yield per vine.

(iii) On-the-Go Acquired Vine Images. After image acquisi-
tion, the sections composed of three vines were harvested
and the clusters weighted together to obtain the final yield
per section.

To evaluate the segmentation process of the on-the-go
images and the improvements of the multi-MPM filtering,
it is necessary to obtain a ground truth. An application

(a) (b) (c) (d)

Figure 2: Steps for the generation of theMPMlinear occurrence zone aimed for reduction of misclassification between the cluster and cable
class during segmentation: (a) objects segmented as cable candidates from automatically taken images using a quad; (b) accumulator of the
number of pixels of cable candidates for each row; (c) smoothed accumulator; (d) membership probability map (MPM) for cable occurrence
based on the position of the cable (in grayscale) with the original candidates over imposed in red.

Original image

MPMlinear_occurrence_zone

MPMcluster_proximity

MPMcolour

MPMcable

Segmented clusters

Figure 3: Cluster segmentation process for on-the-go captured image. The original image is used to obtain four MPMs (membership
probability maps): MPMcolour, MPMcluster proximity, MPMcable, and MPMlinear occurrence zone. These MPMs were combined to
classify the pixels corresponding to clusters for the on-the-go captured images.
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allowing to manually select the berry centres was built to gen-
erate a mask representing the area occupied by the clusters in
the image. An example of an on-the-go automatically cap-
tured photograph is shown in Figure 4(a), and the manually
selected pixel classification for benchmarking this image is
shown in Figure 4(b).

The mask generated using this application was used to
obtain the following metrics:

(i) True Positive (TP). A pixel classified as corresponding to a
cluster that actually matches a cluster pixel in the manually
selected mask.

(ii) False Positive (FP). A pixel classified as corresponding to a
cluster that does not match a cluster pixel in the manually
selected mask.

(iii) False Negative (FN). A pixel that was automatically clas-
sified as not corresponding to a cluster but actually corre-
sponding to a cluster in the mask.

Finally, the Recall and Precision metrics were used for
evaluating the quality of each analysed image as follows:

Recall = TP
TP + FN

, 13

where Recall provides the percentage of actual cluster
pixels detected;

Precision =
TP

TP + FP
, 14

where Precision indicates the percentage of pixels cor-
rectly assessed.

3. Results and Discussion

3.1. Evaluation of the Occlusion Robustness of the Boolean
Model. As described in Section 2.2, four tests were performed
to evaluate the occlusion robustness of the Boolean model
and to compare its results to those generated by the naïve
estimator. Figures 5(a) and 5(b) show the simulations corre-
sponding to 50 particles of fixed and variable radii, respec-
tively. As can be checked in Table 1, the error rates for both
estimators were low and similar but with slight improvement
for the case of the naïve estimator. For the third and fourth
experiments, the number of particles was 10-fold higher,
making particle occlusion more likely to occur under these
conditions (Figures 5(c) and 5(d)). The Boolean model
estimates the number of particles with an error rate similar
to the low occlusion case. On the contrary, the error yielded
by the naïve estimator rose to 25% for fixed and variable

(a)

(b)

Figure 4: Ground truth generation for segmentation performance benchmarking: (a) example image of a vine captured on-the-go of cv.
Tempranillo; (b) ground truth mask of the clusters. The berries were manually selected using a custom-built application.
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radii. These findings are coincident to the ones obtained by
Angulo [22] for the number of cell cluster estimation in
fluorescence marked cell images, where the number of nuclei
obtained by the Boolean model is more robust than a simple
ratio of surfaces (equivalent to the naïve estimator). Some

approaches had been studied for evaluating berry occlusions
within a cluster. Nuske et al. [16] tested the relationship
between total berry count, visible berry count, and 3Dmodels
from 2D images, but the results showed no improvement on
partially occluded berry assessment. As showed in the simu-
lations, the use of the Boolean model would improve the
berry number estimation robustness.

3.2. Evaluation of the Berry Number per Cluster Estimation.
An example image of a cluster, corresponding to the
Cabernet Sauvignon variety, is shown in Figure 6(a). The
uncontrolled conditions during the capturing process
explains the excess of illumination in the berries that are
placed at the right side of the image, which received direct
sun illumination, in contrast to the rest of the cluster that
had indirect lighting. Due to the image characteristics,
segmentation errors occurred affecting the area finally
segmented (Figure 6(b)). Results obtained after applying the
estimation models (Boolean and naïve) are shown in

Table 1: Results for the estimation error of the number of particles
for randomly generated simulations of 50 and 500 particles, with
and without variation in radius, for the naïve estimator and the
Boolean model.

50 particles 500 particles
Rad = 5 Rad = 5± 15% Rad = 5 Rad = 5± 15%

Naïve
estimator∗ 1.7% 2.3% 24.9% 25.1%

Boolean model∗ 2.4% 2.7% 2.1% 2.1%

The presented error rates were standardized to the total particle number.
∗Results after 100 iterations.

(a) (b)

(c) (d)

Figure 5: Simulation example of a random distribution of particles in a 100× 100 pixel area: (a) 50 particles of radius = 5, (b) 50 particles with
a random variation in the radius up to 30%, (c) 500 particles with radius = 5, and (d) 500 particles with a random variation in the radius of the
particle up to 30%.
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Table 2 and in Figure 7. Table 2 describes the results obtained
per variety using the two models: the naïve estimator and the
Boolean model, including the ground truth generated by
manually destemming the clusters. Figure 7 compares the
results analysing all the images together (n = 45), including
the 4 varieties, using the naïve estimator and the Boolean
model. The naïve estimator failed to provide a good predic-
tion, with a global RMSE = 60 (Table 2) vs RMSE = 20 1
obtained using the Boolean model. It can be understood by
observing Figure 7, as the naïve estimation slope was not
close to 1 and its prediction interval of 95% (represented in
dotted lines) does not surround the 1 : 1 line, greatly affecting
to the estimation precision. This contrasted with the results

obtained from the Boolean model, whose slope was 0.93,
and the prediction lines are almost in parallel with the 1 : 1
line, demonstrating its prediction capabilities.

Table 2 shows that the results obtained using the naïve
estimator were very variable upon the grapevine variety. This
was caused by the occlusions (more likely to occur in more
compact varieties) and errors in the segmentation. On the
other hand, the results obtained with the Boolean model were
more homogenous, minimizing differences between varieties
and improving the results when all of them were examined
together. This homogeneity suggests that this method is
more generalizable, although more extensive studies must
be conducted to prove this premise.

(a)

(b)

Figure 6: Segmentation of manually taken cluster images: (a) Example image of a cluster of cv. Cabernet Sauvignon captured under field
conditions with an orange cardboard as background; (b) segmented image of the cluster using the Mahalanobis distance on six
dimensions (i.e., using RGB and HSV representations).

Table 2: Results obtained for the estimation of the berry number per cluster using the naïve estimator and the Boolean model in manually
acquired cluster images of four different grapevine varieties.

Grapevine variety
Manual counting Naïve estimator Boolean model

Mean berry number Number of clusters Mean berry number RMSE R2 Mean berry number RMSE R2

Cabernet
Sauvignon

68.4 15 26.7 48.8 0.34∗ 79.1 14.8 0.86∗∗∗

Grenache 53.8 12 18.2 37.5 0.72∗∗∗ 44.1 23.3 0.54∗∗

Syrah 79.0 11 32.3 50.7 0.72∗∗∗ 92.5 21.2 0.69∗∗

Tempranillo 141.4 7 43.9 107.6 0.81∗∗ 136.6 22.0 0.66∗

Total 85.7 45 30.3 60.0 0.71∗∗∗ 88.1 20.1 0.80∗∗∗

Manual counting refers to the berry number obtained by manually destemming the cluster in the laboratory. The naïve and Boolean estimation was generated
based on the analysis of the cluster images manually taken under field conditions. Asterisks represent statistical significance: ∗P ≤ 0 05; ∗∗P ≤ 0 01; ∗∗∗P ≤ 0 001.
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The results obtained are comparable to others in the
bibliography. The outcomes obtained by Diago et al. [11]
are similar (Table 3), but it must be noted that their method-
ology is not applicable under field conditions. The procedure
requires collecting the clusters and taking the images in a
chamber with controlled lighting and background. Apart
from that, the algorithm is more complex, requiring the
segmentation of the image, edge detection, circle detection,
and filtering. On the other hand, the presented method only
requires the segmentation and mean berry radius for the
berry number estimation. Herrero-Huerta et al. [15] devel-
oped a system for berry number assessment from images
taken in the field. This procedure relies on a 3D structure
reconstruction from at least 5 images with high overlapping
(80–90%). Their findings (Table 3) are very similar to the
ones detailed in this publication but without the need of
multiple image acquisitions per cluster. Finally, Liu et al.
[12] proposed a similar methodology using 3D models
extracted from images captured in a laboratory under
controlled conditions. They presented their results com-
bining Cabernet Sauvignon and Syrah clusters; these fig-
ures are also included in Table 3. Results are similar to
those obtained by the Boolean model but without the
constraint of taking the images in the laboratory. It must be
noted that the experiments conducted under laboratory

conditions are destructive and labour demanding, and thus,
it is not easy to expand the sampling rate for an industrial
application.

3.3. Evaluation of the Yield Estimation from Manually
Captured Vine Images. An example image of a vine of cv.
Cabernet Sauvignon can be observed in Figure 8(a). The
image segmentation was carried out using the described
Mahalanobis classifier (Section 2.4), and the result of the
segmentation can be observed in Figure 8(b). Even when
the overall classification quality was good, some errors were
observed, especially with parts of the trunk being classified
as clusters. This greatly affected the performance of the naïve
estimator (Table 4), providing a RMSE of 777.2 g when
all the varieties were studied together (n = 45). On the
contrary, the Boolean model offered more robustness
against errors in the segmentation and occlusions. Indeed,
the RMSE for yield estimation was 310.2 g when all the vari-
eties were studied as a whole, and also, performance for each
grapevine variety was higher for the Boolean model than for
the naïve estimator. R2 values showed less difference between
the two models. However, looking at Figure 9, it is clear that
the naïve model did not offer a correct estimation (the slope
is far from 1 and the prediction interval does not surround
the 1 : 1 line), even when providing appropriate R2 values.

Table 3: Comparison of the measured coefficient of determination (R2) for the estimation of berry number per cluster using image analysis
for different varieties in other published studies (under different capturing conditions) and in this work using the Boolean model.

Tempranillo Grenache Syrah Cabernet Sauvignon Cabernet Sauvignon and Syrah Capturing conditions

Diago et al. [11] 0.84 0.69 — 0.62 — Laboratory

Herrero-Huerta et al. [15] 0.78 — — — — Field

Liu et al. [12] — — — — 0.85 Laboratory

The present work 0.66 0.54 0.69 0.86 0.79 Field
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Dunn and Martin [14] analysed the prediction potential
of the segmentation of Cabernet Sauvignon grapevines. They
obtained a R2 = 0 85 for the relation of normalized cluster
area on a section of 1m by 1m. It should be pointed out that
their measured R2 did not correspond to the validation of a
model, but it was calculated on the calibration set. Neverthe-
less, this value is similar to those obtained for the validation
of the models presented in this study without the need of a
hanging frame that was used to extract the ROI. Diago et al.
[13] used the number of pixels segmented as the cluster class
to generate a linear model for yield estimation. The predic-
tion produced R2 = 0 73 and RMSE = 749 g. This approach
is similar to the use of the naïve model, and the obtained
results are equivalent to the ones produced by this estimator
but sensibly surpassed by the performance of the Boolean
model (R2 = 0 81 and RMSE = 310 g).

3.4. Evaluation of the Yield Estimation from On-the-Go
Captured Vine Images. The images were captured using the
modified quad shown in Figure 1(a). The setup allowed for
image capture at a speed of 7 km/h, being similar to the oper-
ation speed of other agricultural vehicles. The continuous
movement of the vehicle, the vibrations induced by the rough
terrain, and the explosion motor did not produce motion

blur in the images due to camera automatic stabilization
and precise camera parametrization (Figure 1(b)). Errors
were encountered in the classification process, with cross
interference between the cluster and the cable class (repre-
senting the metal wire used for trellising the vines to a vertical
shoot positioning system). To evaluate the convenience of
the multi-MPM-filtering approach (described in Section
2.5), the segmentation was quantified using manually classi-
fied images as ground truth. The differences in the results
when multiple MPMs were applied are not remarkable in
terms of Recall but are notable for the Precision (Table 5).
This demonstrated that false positives were correctly elimi-
nated during the filtering, with little loss of true positives.
The relative low values of Recall (Table 5) can be explained
by the difficulty in pixel discrimination because of the lack
of uniformity in the illumination. Figure 4(b) shows the
regions manually segmented as clusters. As can be con-
firmed, these regions were hardly distinguishable even by
manual evaluation. An illumination improvement might
enhance the segmentation process and thus Recall.

The problems during the segmentation clearly affected
the performance of the naïve estimator (Table 6), whose
RMSE = 2472 g, when all the varieties were studied together
(n = 28), resulted in a lack of its practical application, even

(a) (b)

Figure 8: Cluster segmentation on manually captured vine images: (a) image of a vine cv. Cabernet Sauvignon captured under uncontrolled
illumination conditions with a digital camera fixed on a tripod and using a white panel as background; (b) segmentation result using the
Mahalanobis distance classifier on six dimensions (i.e., using RGB and HSV representations).

Table 4: Results obtained for the yield estimation per vine based on manually captured grapevine images using the naïve estimator and the
Boolean model.

Grapevine variety
Manual harvest Naïve estimator Boolean model

Mean yield (g) Number of vines Mean yield (g) R2 RMSE (g) Mean yield (g) R2 RMSE (g)

Cabernet Sauvignon 1311 12 736 0.82∗∗∗ 661.0 1386 0.85∗∗∗ 214.2

Grenache 1750 12 938 0.87∗∗∗ 993.9 1816 0.89∗∗∗ 320.6

Syrah 1231 11 509 0.93∗∗∗ 673.8 966 0.88∗∗∗ 263.7

Touriga Nacional 1249 10 622 0.55∗ 713.7 1202 0.45∗ 421.9

Total 1431 45 728 0.82∗∗∗ 777.2 1389 0.81∗∗∗ 310.2

Manual harvest refers to the weight of all the clusters corresponding to each vine. Asterisks represent statistical significance: ∗P ≤ 0 05; ∗∗P ≤ 0 01; ∗∗∗P ≤ 0 001.
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when the coefficient of determination was acceptable
(R2 = 0 71). This represents the same scenario as in the
cluster and manually taken images: the naïve estimator did
not compensate for the occlusions and errors in the segmen-
tation, and the prediction interval does not surround the 1 : 1
line in all the intervals (Figure 10). On the other hand, the
Boolean model was capable of correctly estimating the yield,
offering RMSE = 610 1 g. It must be noted that the estimation
refers to segments composed by three vines, so this value
represents an improvement if it is compared to the manually
captured images that yielded a RMSE = 374 2 g for one
isolated vine.

Similar to this work, Font et al. [17] used a quad equipped
with cameras and artificial illumination to capture 25 cluster
images (not the entire grapevine) at night time. Then, they
estimated cluster weight from its segmented area. The predic-
tion had 16% of error when all the varieties were analysed
together. In comparison, the results obtained for the Boolean
model had 15.6% of error using images framing three vines
instead of cluster images (the mean cluster number per
section was 47). In another recent article, Nuske et al. [16]

also used a quad with artificial lighting for image capturing
of grapevines. The collected images were analysed to iden-
tify visible berries to estimate yield. This setup allowed
assessing yield with a R2 = 0 73 for the best datasheet,
being comparable to the results given by the naïve estimator
(R2 = 0 71), which also bases its estimation on the visible
berries. They also tried to boost the yield estimation thru an
evaluation of the self-occlusion of berries using 3D models
of berries (ellipsoid 3D model) and clusters (convex hull
3D model). The results showed that the proposed correc-
tion models did not improve the overall estimation. In
contrast to this, the Boolean estimator, which also com-
pensates for partially occluded berries, generated better
results (R2 = 0 78).

4. Conclusions

This work presented a new method for accurate, nondestruc-
tive, and in-field grapevine yield estimation by using
computer vision. Yield information is very valuable for viti-
culturists and grape growers, allowing them to take deci-
sions prior to harvest based on objective measurements.
A novel use of Boolean models has been assessed over
three different data sets: images of isolated clusters, manu-
ally captured images of grapevines, and on-the-go cap-
tured images of grapevines using a modified quad at
night time.

The use of Boolean models allowed to overcome two
of the major difficulties in visual yield estimation: this
technique is robust against segmentation errors and partial
occlusions, situations that are usual in the case of images
taken under field conditions. It provided more precision,
using not only a model that is simpler than other previous
proposals but also less complex image analysis techniques.
The capacity to estimate the visible berry number and the

Table 5: Benchmark of the segmentation of clusters in images taken
automatically on-the-go with and without applying filtering (cluster
proximity, shape-angle, and linear occurrence zone).

Grapevine variety
Without filtering With filtering
Recall Precision Recall Precision

Cabernet Sauvignon 0.54 0.73 0.56 0.82

Syrah 0.64 0.68 0.57 0.80

Tempranillo 0.58 0.69 0.55 0.73

Total 0.58 0.71 0.56 0.79

The performance of the segmentation was tested against manually
segmented images.
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partially hidden ones was confirmed by the comparison
between the results obtained with the Boolean model and
the naïve estimator.

The simplicity and precision of the Boolean model
formulation makes it ideal for its application on grapevine
yield estimation, allowing its implementation in a fully auto-
mated system. The images were captured around 7 km/h,
comparable to other agricultural equipment used in vine-
yard management, establishing this procedure close to
industrial application. This methodology can also be used
to generate maps that represent the spatial variability of
the vineyards, allowing for grapevine zoning, segmented
harvest, and thus an increase in quality.
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To solve the problem of unreliability of traceability information in the traceability system, we developed an intelligent
monitoring system to realize the real-time online acquisition of physicochemical parameters of the agricultural inputs and to
predict the varieties of input products accurately. Firstly, self-developed monitoring equipment was used to realize real-time
acquisition, format conversion and pretreatment of the physicochemical parameters of inputs, and real-time communication
with the cloud platform server. In this process, LoRa technology was adopted to solve the wireless communication problems
between long-distance, low-power, and multinode environments. Secondly, a deep belief network (DBN) model was used to
learn unsupervised physicochemical parameters of input products and extract the input features. Finally, these input features
were utilized on the softmax classifier to establish the classification model, which could accurately predict the varieties of
agricultural inputs. The results showed that when six kinds of pesticides, chemical fertilizers, and other agricultural inputs were
predicted through the system, the prediction accuracy could reach 98.5%. Therefore, the system can be used to monitor the
varieties of agrarian inputs effectively and use in real-time to ensure the authenticity and accuracy of the traceability information.

1. Introduction

The traceability system of agricultural products is a powerful
tool for solving the food safety issues [1]. The information on
the farm inputs, such as pesticides and fertilizers used for
cultivation, is one of the most concerned problems of the
consumers. Currently, some companies have established their
own traceability system of agricultural products [2]. However,
it is reasonable that the consumers do not trust the appreciable
information recorded by the producers themselves because of
the lack of supervision. Therefore, the establishment of a
traceability system, which can record the information timely,
accurately, and ultimately is an urgent need.

There have been many reports about the rapid techniques
for detection of agricultural inputs. To name a few, Deng
et al. established a liquid chromatography-tandem mass

spectrometry (LC-MS) method for the simultaneous deter-
mination of benzoylurea pesticide residues in vegetables [3].
Zheng et al. found LC-MS method for the detection of pesti-
cide residues in milk [4]. Selisker et al. used a competitive
enzyme-linked immunosorbent assay (ELISA) to detect
paraquat [5]. Alcocer et al. have developed a polyclonal anti-
body for detection of organophosphorus pesticides [6].
Kumaran and Tran-Minh used cholinesterase electrode to
detect pesticides [7]. Chough et al. used a carbon electrode
to identify the organophosphorus insecticide [8]. Seemingly,
many of the rapid detection techniques for agricultural
inputs have been established. However, most of the current
monitoring of agricultural input information is still a kind
of residue detection of the postproduction stage, and it is still
difficult to monitor the data via real-time online. Further-
more, the current established traceability system records the
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traceability information, which is mainly entered manually;
therefore, the information is not timely and accurate.

It is desirable to seek an alternative method to over-
come these drawbacks. In this report, based on sensors and
DBN-SOFTMAX algorithm, we developed an intelligent
monitoring system for the agricultural inputs. Different from
chemical-based agrarian inputs detection methods described
above. This paper proposed using the sensors arranged in the
soil to realize the monitoring and prediction of farming
inputs. In general, sensors were employed in agriculture to
achieve environmental monitoring such as moisture and
temperature [9, 10] or to attain precise agricultural control
[11]. In this paper, the sensors placed in the soil were used
to collect the physicochemical characteristics of the inputs
such as pH and EC value, and then the artificial intelligence
algorithm was used to analyze the above sensor data and
finally realized the intelligent monitoring and prediction of
agricultural inputs.

2. Monitoring System Design

2.1. Working Principles and Overall Architecture. The overall
structure of the intelligence-monitoring platform for agricul-
tural inputs is shown in Figure 1.

The monitoring equipment collects data every 15 seconds
to obtain the physicochemical parameters of agricultural
inputs, such as pH value, electronic conductivity (EC), and
temperature, in real time. After data preprocessing, analog-
to-digital conversion, and RS485 [12] format conversion,
LoRa (long range) module transmits the data to the LoRa
gateway [13] and converts them into the RJ45 format. Subse-
quently, the data will be received and stored in the cloud

server, and data cleaning and reduction process are performed
to obtain useful data for further modeling and classification.
During the modeling process, the input data is continuously
increased to the training samples, and the model is updated
once a week to obtain more accurate prediction results.

2.2. HardwareDesign.Themonitoring systemmainly consists
of sensor module, low-power digital processor, multichannel
AD/DA conversion module, RS485 serial communication
module, LoRa wireless communication module, and solar
power module. The sensor module includes a pH sensor, an
EC sensor, and a temperature sensor. The RS485 serial port
communication module provides multisensor data fusion
service. It uses polling mode to collect different sensor data
of the same monitoring point through the RS485 interface
to complete multisensor data fusion. LoRa wireless commu-
nication module developed by LoRa spread spectrum chip
SX1278; its transmission distance and penetration ability
are more than one time higher than those of traditional
FSK [14]. In LoRa wireless communication, the capability of
error correction is stronger since the algorithm of cyclic inter-
leaving error correction coding is expected to be adopted. The
maximum continuous error correction is 64 bits, which can
reduce the retransmission of a large number of erroneous data
packets, to improve the anti-interference performance and
transmission distance. The hardware structure of the moni-
toring system is shown in Figure 2.

2.3. Software Design

2.3.1. The LoRa Node Software Design. There are three kinds
of nodes in LoRA, namely, sensor, routing, and aggregation
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Figure 1: The overall system architecture.
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nodes. The routing node is responsible for forwarding data.
The aggregation node does not collect data, but as a control
center, it sends synchronization information to the monitor-
ing network and the received data to the local monitoring
and remote monitoring centers. The corresponding node
software is designed to perform the functions of each node.
In this paper, the sensor node was used as an example to
introduce the software design method. The C language was
used to develop software, and the flow chart of the program
is shown in Figure 3:

The entire programming process uses themodular design,
mainly including equipment initialization, data acquisition
and processing, serial communication, and wireless commu-
nication. PCmonitoring controls acquisition cycle and acqui-
sition command and controlling center software. If the node
software receives the acquisition command sent by the PC
monitoring center program, it immediately responds and
transmits the collected data to the corresponding sensor
according to different Modbus protocol commands.

2.3.2. The Monitoring Center Software Design. The software
workflow diagram is shown in Figure 4. The monitoring
center software uses C# to develop and communicate with
the LoRa gateway module through TCP/IP network pro-
gramming and obtains monitoring data transmitted by the
LoRa gateway to the Internet network. The monitoring soft-
ware mainly includes parameters setting, real-time monitor-
ing, data processing, and other functions. Parameter setting
function is to set the acquisition cycle, acquisition Modbus
command, and other parameter settings. The real-time
monitoring function is to collect sensor data in real time. A
data processing function included calling DBN-SOFTMAX
prediction model code, analyzing the received data, matching
the established model, and predicting the varieties of inputs.

3. DBN-SOFTMAX Algorithm and Modeling

3.1. The DBN-Based Feature Extraction Method. Restricted
Boltzmann Machine (RBM) [15], which was part of DBN

[16, 17], could extract features that are more abstract and
significantly improve the ability of neural network generali-
zation [18]. Each RBM was a two-layer model that contained
only one hidden layer, and each RBM training output was
used as the input for the next RBM.

3.1.1. Restricted Boltzmann Machine (RBM). If θ = Wij,
ai, bj , whereWij represented the connectionweight between
the visible unit i and the hidden element j m, n was the

PH

EC

Humidity

Tempe-
rature

Sensor
module

Signal conditioning circuit

Single-chip operation

RS485 signal output

RS485 serial communication
module

Secondary 485
chip

Secondary 485
chip

Secondary 485
chip

Secondary 485
chip

Receive
Main 485 chip

Send

485bus

485 chip

Memorizer

Solar power module

CPU

Processor module LoRA communication
module

LoRa
spread

spectrum
chip

s⁎1278

Figure 2: The hardware structure of monitor terminal.

Begin

Initialization

Open the Lora wireless
acceptance module

Receive the modbus
command from the
monitoring center

Parse the Modbus
command

Collect data

Send data

Waiting

N

Y

Figure 3: The node program flow.

3Journal of Sensors



number of hidden cells and visible cells, respectively. Both
the visible and hidden units were binary variables. That is,
∀i, j, vi ∈ 0, 1 , hj ∈ 0, 1 , ai was the offset of the visible
element i, bj was the offset of the visible element j, T was
the number of samples, hwas a hidden layer unit, and vwas
a visible layer unit.

RBM was an undirected graph model [19, 20] which was
used to solve the value of the parameter θ, to fit the given
training data, and the extracted feature (Figure 5).

RBM task was used to fit the input training data, figured
out the optimal parameter θ, and completed the feature
extraction. The parameter θ could be learned in the training
set to maximize the logarithmic likelihood function. The
formula was as follows:

θ∗ = arg max L θ = arg max 〠
T

t=1
logP V t ∣ θ , 1

where

L θ = 〠
T

t=1
logP V t ∣ θ = 〠

T

t=1
log〠

h

P V t , h ∣ θ

= 〠
T

t=1
log 〠

h

exp −E V t , h ∣ θ

− log〠
v

〠
h

exp −E v, h ∣ θ

2

The key to solving the optimal parameter θ∗ was to obtain
the partial derivative of log P V t ∣ θ for Wij, ai, bj , and

other parameters. Assuming that θ′was a parameter value
of θ, the logarithmic likelihood function concerning θ′ was

∂L
∂θ′

= 〠
T

t=1

∂
∂θ′

log 〠
h

exp −E V t , h ∣ θ

− log〠
v

〠
h

exp −E v, h ∣ θ

= 〠
T

t=1
〠
h

exp −E V t , h ∣ θ
∑hexp −E V t , h ∣ θ

× ∂ −E V t , h ∣ θ
∂θ

−〠
v

〠
h

exp −E v, h ∣ θ
∑v∑hexp −E v, h ∣ θ × ∂ −E v, h ∣ θ

∂θ

= 〠
T

t=1

∂ −E V t , h ∣ θ
∂θ

P h∣V t ,θ

−
∂ −E v, h ∣ θ

∂θ P v,h∣θ

3
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Since the number of samples T was known, the partial
derivative of the logarithmic likelihood function for the con-
nection weight Wij, the offset ai of the visible layer element,
and the offset bj of the hidden layer unit could be expressed

by P h ∣V t , θ and P v, h ∣ θ . P h ∣ V t , θ was a hidden
probability distribution of training sample V t ; P v, h ∣ θ
was a joint probability function for a given state (v, h); the
function was

P v, h ∣ θ = e−E v,h∣θ

Z θ
, 4

where E v, h ∣ θ was the energy function of RBM and Z θ
was the normalization factor.

E v, h ∣ θ = −〠
n

i=1
aivi − 〠

m

j=1
bjhj − 〠

n

i=1
〠
m

j=1
viWijhj,

Z θ =〠
v,h
e−E v,h∣θ

5

3.1.2. CDAlgorithm. It has been shown that the normalization
factor Z θ was difficult to be solved [21]. Therefore, the joint
probability function P v, h ∣ θ was also difficult to calculate.
To solve this problem, the fast learning algorithm based on
contrast divergence was used to training data, and the steps
were as follows:

(1) P v, h ∣ θ was given by the formula P v, h ∣ θ =
e−E v,h∣θ /Z θ , P v ∣ θ = 1/Z θ ∑he

−E v,h∣θ

(2) The RBM network structure was connected between
layers, no connection within the layer and the struc-
ture of symmetry, i.e., when the state of the visible cell
was fixed, an activating probability of the jth hidden
element was

P hj = 1 ∣ v, θ = σ bj +〠
i

viWij 6

When the state of the hidden cell was fixed, activating
probability of the ith hidden element was

P vi = 1 ∣ h, θ = σ ai +〠
j

hjWij 7

The binary state of all hidden layer units was calculated
from equation (6). After the state of all hidden layer units
was determined, the ith visible unit vi value of 1 probability
according to equation (7) was determined, and a reconstruc-
tion of the visible layer was created

(3) The parameter updated formula in the data training
process was as follows:

ΔWij = ϵ vihj data − vihj recon ,

Δai = ϵ vi data − vi recon ,

Δbj = ϵ hj data − hj recon ,

8

where ε was the learning rate, and ∙ recon was the distribu-
tion that represented the reconstructed model definition.

3.2. The Softmax Classifier. In the above process, what is
finally obtained was the feature values of x(i). However, in
the prediction of input varieties, it was necessary to catego-
rize output and to add a softmax classifier [22] to the output
layer to organize the learned feature values. The diagram-
matic drawing of the softmax classifiers was presented in
Figure 6. The marked training set x 1 , y 1 , x 2 , y 2 ,
… , x m , y m , among y j ∈ 1, 2,… , k representative
training sample x i is k. The given test input x i , which is
the classification model calculates the probability that it
belongs to each category.

Thus, to a sample set with k types, output k-dimen-
sional vector to represent the probability vector. The jth
element in the probability vector represents the probability
of belonging to the jth category, and the sum of values of
elements is 1. Specifically, our hypothesis function hθ x is
shown as

hθ x i

p y i = 1 ∣ x i ; θ

p y i = 2 ∣ x i ; θ

⋮

p y i = k ∣ x i ; θ

= 1
∑k

j=1e
θTj x

i

eθ
T
1 x

i

eθ
T
2 x

i

⋮

eθ
T
k x

i

=

p1

p2

⋮

pk

9

Among θ1, θ2, θ3,… , θk are network model parame-
ters, as

θ =

− θT1 −

− θT2 −

⋮

− θTk −

, 1
∑k

j=1e
θTj x

i
, 10

this item mainly restricts the probability values from 0
to 1, which the sum of the probability values is 1.
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In equation (9), the probability of the sample x i output by
the classifier belonging to class j is (1 true = 1, 1 false = 0):

p y i = j ∣ x i ; θ = eθ
T
j x

i

∑k
j=1e

θTj x
i
= p1 =

k

j=1
p
1 y i =j
j 11

The likelihood function corresponding to training
samples is

L θ =
m

i=1
p y i = j ∣ x i ; θ =

m

i=1

k

j=1
p
1 y i =j
j ,

l θ = log L θ = 〠
m

i=1
〠
k

j=1
1 y i = j log pj

= 〠
m

i=1
〠
k

j=1
1 y i = j log eθ

T
j x

i

∑k
l=1e

θTl x
i

12

The parameter θ that maximizes the likelihood func-
tion as the optimal parameter of the softmax classifier.
The cost function of the softmax regression model is

J θ = −
1
m

〠
m

i=1
〠
k

j=1
1 y i = j log eθ

T
j x

i

∑k
l=1e

θTl x
i

13

The cost function is minimized by the gradient
descent method; the gradient function is as follows:

∇θ j
J θ = −

1
m

〠
m

i=1
x i 1 y i = j − p y i = j ∣ x i ; θ

14

The softmax classifier has an unusual feature: it has a
“redundant” set of parameters [23]. To illustrate the fea-
ture, if the vector μ was subtracted from the parameter

vector θj, each θj becomes θj − μ j = 1, 2,… , k . The function
is shown as

p y i = j ∣ x i ; θ = e θ j−u
T
x i

∑k
l=1e

θl−u
Tx i

= eθ
T
j x

i
e−μ

Tx i

∑k
l=1e

θl−u
Tx i e−μTx i

= eθ
T
j x

i

∑k
l=1e

θTl x
i

15

In equation (15), we can see that the parameters θj − μ and
θ j can both gain the same result. In other words, when θ j is the
optimal parameter, θ j − μ can also have the same effect. It is
the disadvantage of having redundant parameters in the soft-
max classifier. The loss function of the softmax classifier is dis-
tinctly nonconvex. Although there is a minimum point, the
minimum value is in “flat” space and not at a single point.
That is, all points in the area can get a minimum value. To
make the cost function a strictly convex function, we need to
add a weight attenuation term, as follows:

J θ = J θ + λ

2〠
m

i=1
〠
k

j=1
θ2ij,

∇θ j
J θ = ∇θ j

J θ + λθj

16

3.3. Modeling. In establishing the model, the collected data
were first normalized, and then DBN was used for unsuper-
vised training to extract features. However, these features were
not directly applicable to classification [24–26], so the softmax
classifier was added to the output to perform supervised clas-
sification training. The flow diagram is shown in Figure 7.

4. Experiment Design

In this experiment, we used six agricultural inputs, includ-
ing phosphate (P2O5, SinoChem, China), potassium (K2O,
SinoChem, China), compound fertilizer (carbamide, nitro-
gen phosphorus potassium, SouthRanch, China), Podol
pesticide (TaoChun, China), imidacloprid (Bayer, Germany),
and oxamoxime (HeYi, China), purchased from local stores
in Guangzhou, China. The first three of these inputs were
chemical fertilizers, the latter three were pesticides, and their
aqueous solutions were placed in dilution ratios (500 : 1) for
use. Eighteen pots of soil-filled bottom drainable basins were
prepared and set in an open-air environment. The EC sen-
sors, pH sensors, and moisture sensors were inserted into
the soil, and the power was turned on to enable to collect
the sensor data in real time. During the period from October
2016 to March 2017, 200ml of each inputs aqueous solution
was sprayed into three pots of soil. Over 50 experiments,
the soil parameter data before and after the input, includ-
ing moisture proportion (before input), conductivity
(before input), the pH value (before input), moisture ratio
(after input), conductivity (after input), and the pH value
(after input) were recorded. 150 data were collected for

X1

p1

p2

p3

X2

X3

X4

�휃1

�휃2

�휃3

Figure 6: The softmax classifier.
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each type of input product, and the total number of data
was 900.

5. Results and Discussion

5.1. Data of Sensors. The sensor data before input were not
the same in each experiment; the collected sensor data after
input minus before input could better explain the charac-
teristics of the input. Six agricultural inputs were sprayed
into the soil, respectively, and pH, conductivity, and moisture
data were collected before and after the input. In this
paper, 20 times of experimental data were randomly selected
for observation.

Observing the collected pH values, before input they were
close to 7, which was neutral. After applying six agricultural
inputs, the pH value decreased. As shown in Figure 8, the
changes of pH at different inputs were similar and overlapped

with each other. It indicates that there was no significant dif-
ference in the power of hydrogen during several agricultural
inputs applied.

Further observation of changes in electrical conductivity
(EC), since the EC value was very sensitive to moisture con-
tent, there was a significant error in the shift in the EC value
observed separately. The EC value divided the moisture con-
tent, and the obtained ratio was counted as shown in
Figure 9. Observation shows that in general, EC changes in
pesticides, including podol pesticide, imidacloprid, and oxa-
moxime were smaller, while fertilizers were comparatively
larger. Changes of potassium had the most considerable EC
value, and its value was more significant than the three; how-
ever, the EC value changes of pesticide were less than 1.5.

5.2. Modeling and Analysis. Sensors collected the trained and
relevant experimental data of the agricultural inputs

Sample
of

inputs

Sensors to
collect soil
parameters
before and

a�er the use
of inputs.

Data
normalization

processing

Test
sample

sets
DBN SOFTMAX network

Variety
of input
products

Training
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Initial
para-
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So�-
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Fine
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whole
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Figure 7: The flow diagram of modeling.
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prediction models. The main content of each data sample is
input product category, the moisture proportion (before
input), conductivity (before input), the pH value (before
input), moisture ratio (after input), conductivity (after
input), and pH value (after input). In establishing the model,
the leave-one-out method [27] was used for the cross-

validation to test the model’s performance. Each of the 900
samples was taken separately, and then the remaining 899
samples were used to build the model. The model indepen-
dently tested each sample, and the results were averaged to
obtain the average performance of the method.

When using DBN for feature extraction, a four-layer neu-
ral network was established, the number of neurons in each
layer was 300, 100, 20, and 6, respectively. The activation
function of the hidden layer was “logsig”, the training
method was the L-BFGS algorithm [28], and the output layer
function was a softmax function. In DBN feature extraction,

Table 1: The characteristic data table.

ya Feature data

1 0.261774 0.51821 0.363377 0.333239 0.40386 0.748109

1 0.249594 0.569245 0.360975 0.317917 0.442481 0.728785

1 0.25111 0.560419 0.361024 0.32006 0.437188 0.730672

2 0.811001 0.796877 0.348194 0.270687 0.189169 0.231068

2 0.839929 0.777112 0.698331 0.380023 0.302937 0.187739

2 0.822922 0.811853 0.321081 0.268463 0.183998 0.220862

3 0.397166 0.347973 0.591175 0.642555 0.696136 0.526804

3 0.441901 0.3287 0.630434 0.696979 0.742546 0.464949

3 0.417766 0.325697 0.646081 0.692987 0.75344 0.477638

4 0.716266 0.526859 0.587048 0.715965 0.590975 0.389491

4 0.764408 0.593614 0.599644 0.594801 0.447832 0.317517

4 0.735743 0.50656 0.56267 0.718762 0.570059 0.368529

5 0.221322 0.570325 0.261664 0.264869 0.386502 0.750886

5 0.226302 0.555085 0.258739 0.26812 0.375292 0.751574

5 0.23323 0.578087 0.251799 0.265587 0.376804 0.743913

6 0.760376 0.252841 0.753006 0.841325 0.298932 0.814017

6 0.752798 0.194803 0.781346 0.848471 0.26095 0.846151

6 0.760472 0.275192 0.74997 0.839426 0.310604 0.809583
a y is for the types of agricultural inputs. 1: potassium fertilizer; 2: compound
fertilizer; 3: imidacloprid; 4: Podol liquid; 5: oxamoxime; 6: phosphate
fertilizer.
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RBM used an unsupervised learning method to train each
layer of RBM networks separately, ensuring that the feature
information was preserved as much as possible during the
mapping process. After the training was completed, a classi-
fier was set at the last level of the DBN; using supervised fine-
tuning, the best training results were obtained. Since each
layer of RBM network only adjusted the weights in its own
layer, it did not guarantee that the feature vector mapping
of the entire DBN was optimal. After supervised fine-tuning,
the process of RBM network training could be regarded as
the initialization process of weight parameters of a deep neu-
ral network, which enabled the DBN network to overcome
the disadvantages of the traditional BP network due to ran-
dom initialization weight parameters and easy to fall into
local optimum and long training time.

During the training, the number of iterations was 400, the
learning rate was 0.1, and the training error target was set to
0.001. After the training, the extracted feature data were
shown in Table 1:

Through unsupervised training of DBN and nonlinear
mappings, the features were obtained from the input data,
such as pH, moisture, and conductivity. After extracting
features, the cohesion of the same types of agricultural
inputs and the variances of different farm inputs could be
better demonstrated. After dimensional reduction by the
principal component analysis (PCA) method [29], the
three-dimensional distribution of feature values and the
three-dimensional distribution of original values were shown
in Figures 10 and 11. It could be observed that the feature
values extracted by DBN can be separated, but the initial
input values without feature extraction were scattered and
there were some confusion. Therefore, it was evident that
using the extracted feature values for classification could
achieve better prediction results.

We used this model for predicting the agricultural
inputs. First, by applying the RBM-based DBN model,
unsupervised training on raw data was carried out to
improve the robustness of the network. Second, the feature
data were obtained, and the softmax classifier was added to
the back of DBN, the feature data were taken as the input,
and the categories of inputs were taken as the output.
Thirdly, the feature data and the tagged samples were com-
bined to fine-tune the softmax classifier, and finally, the
model was established to predict the accuracy. The result
was shown in Figure 12. When 900 samples were predicted,
thirteen samples were wrongly predicted with the model
accuracy of 98.5%.

To evaluate the performance of the DBN-softmax
model, BP-neural network and DBN-BP model were also
established and the prediction accuracy of the input products
was compared.

As shown in Table 2, the DBN-BP accuracy was higher
than that of the BP neural network, because DBN adopted
the unsupervised layer-wise [16] mechanism training mode.
The weights gained through DBN were obtained by learning
the structure of input data, which were close to the optimal
global values. However, BP neural network, whose initial
values were randomly set, was prone to problems such as
local optimal and gradient diffusion, so it required manual
adjustment parameters [30]. When DBN-BP was compared
with DBN-SOFTMAX, we used the same DBN structure
to extract features with different classifiers, so the prediction
accuracy was the same. It indicated that the prediction
accuracy depended mainly on the quality of feature extrac-
tion, and the results obtained by different classifiers were
not very different.

Further research on the determination coefficient
(R-Square) and root mean square error (RMSE) when testing
model performance. This paper compared conventional
modeling methods such as BP-NN and support vector
machine (SVM) [31]. When establishing the SVM model,
the nu-SVM algorithm was selected, and the radial basis
function (RBF) was selected as the kernel function. The error
penalty coefficient γ and the kernel function parameter nu
were 0.255 and 1, which were determined by grid searching
technique [32]. In the process of modeling, the calibration
sets were used to build the model, and the leave-one-out
method was used for cross-validation to test the robustness
and adaptability of the model further.

As shown in Table 3, when the BP-NN model was
observed, the performance of the calibration sets was the
same as SVM. However, the determination coefficient of
cross-validation was smaller than SVM, and the root mean
square error was more extensive than SVM, revealing that
the model was not as accurate and stable as the SVM model.
When the DBN model was observed, it could be seen that
after feature extraction, the determination coefficients of cal-
ibration sets and cross-validation were the largest compared
to BP-NN and SVM, reaching 0.99 and 0.99, respectively.
Meanwhile, the RMSE of calibration sets and cross-
validation in the DBN model were the smallest, which were
0.03 and 0.15, respectively. So in general, compared to SVM

Table 2: The forecast accuracy comparison table.

Training data Model Input layer (neuron) Hidden layer (neuron) Output layer (neurons) Accuracy

Raw data BP 6 10 6 84.7%

Raw data DBN-BP 6 300-100-20-6 6 97.8%

Raw data DBN-SOFTMAX 6 300-100-20-6 6 98.5%

Table 3: DBN model performance comparison with BP-NN
and SVM.

Models R2
cal RMSEC R2

CV RMSECV

DBN 0.99 0.03 0.99 0.15

BP-NN 0.99 0.09 0.94 0.40

SVM 0.99 0.09 0.98 0.21
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and BP-NN, DBN was still considered to be the optimal
modeling method.

6. Conclusions

Based on the self-developed monitoring equipment and
DBN-SOFTMAX model, we have developed a platform for
intelligent monitoring of agricultural inputs; perform online
and real-time monitoring on farms. When the agricultural
inputs were applied in farms, we could compare the types
of inputs and application time with the data entered by the
administrators in the traceability system. Once the producers
do not record the traceability information or input the wrong
information, our system can capture related data timely and
accurately, then automatically provides safety warning to
the producers, to ensure that the traceability information is
true and accurate. The intelligent monitoring platform will
pave a new way for the development of traceability systems.
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The application of sensors and information and communication technology (ICT) in agriculture has played a vital role in
improving agricultural production and the value chain. Recently, the use of data analytics has shifted agriculture from input-
intensive to knowledge-intensive as a large amount of agricultural data can be stored, shared, and analyzed to create
information. In this paper, we have reviewed existing sensors and data analytics techniques used in different areas of agriculture.
We have classified agriculture into five categories and reviewed the state-of-the-art technology in practice and ongoing research
in each of these areas. Also, we have presented a case study of Korean scenario compared with other developed nations and
addressed some of the issues associated with it. Finally, we have discussed current and future challenges and provided our views
on how such issues can be addressed.

1. Introduction

The Food and Agriculture Organization of the UN (FAO) pre-
dicts that the global population will reach 9.2 billion by 2050,
and food production must increase by 70 percent to keep the
pace [1]. The income distribution in the world is uneven and
hugely divided. In one part of the world, prosperity exists,
and there is always demand for high-quality food. While in
another part of the world, hunger and war exist, and there is
always demand for a large quantity of foods. With limited
farming land and freshwater resources, this quality and quan-
tity crisis in food can only be addressed by the application of
ICT in agriculture. Both small- and large-scale farming can
benefit from introducing ICT into the agriculture value chain,
having their productivity increased, quality improved, services
extended, and costs reduced. Furthermore, ICT facilitates
information- and knowledge-based approach rather than only
focusing on input-intensive agriculture. As a result, agriculture
becomes more networked, and decision making and resource
utilization could significantly be leveraged.

ICT in agriculture is interchangeably used as e-agriculture,
smart agriculture, precision agriculture (PA), or IoT (internet
of things) in agriculture depending upon the context. Modern

agriculture is hugely automated, controlled, and constantly
monitored. Sensors are the heart of ICT, and various sensing
devices used for this purpose generate a large volume of data
continuously. The application of data analytics helps in solid-
ifying the research in agriculture. It provides insights into
various issues in the agriculture like weather prediction, crop
and livestock disease, irrigation management, and supply and
demand of agriculture inputs and outputs and helps in solv-
ing those problems. It can also provide valuable information
for optimum resource utilization and production boosting.
Our work reviews research articles focused on agricultural
data and provides insights on several agricultural issues.

A wide variety of review literature is available, covering
the topic: sensors and ICT in agriculture. Ojha et al. [2]
reviewed the use and the state-of-the-art of wireless sensor
networks (WSNs) in agriculture. Their work covers applica-
tions, design, standards, and technologies of WSNs used in
agriculture. Also, another article by same authors [3]
reviewed and proposed a sensor-cloud framework for the
efficient addressing of various agricultural problems and
applications. Another review article included key vision
control techniques and their potential applications in fruit
or vegetable harvesting robots [4]. In particular, it looked
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at various vision schemes and recognition approaches for
harvesting robots. Similarly, Zion [5] reviewed on the use
of computer vision technologies in aquaculture. The
review highlighted on the measurement, stock identifica-
tion, and monitoring of different gender and species of
aquatic animals. Other reviews included the keywords
“ICT” and “agriculture” but were more focused on models
and architectures in agriculture absorbing ICT [6, 7]. A
recent article by Wolfert et al. [8] reviewed the state-of-
the-art of big data applications in smart farming and
identifying socio-economic challenges associated with it.
The article slightly touched the technological part but
largely focused on socio-economic and governance issues
for the design of suitable business models. Another recent
article by Lan et al. [9] reviewed the state-of-the-art in
precision agricultural aviation technology highlighting
remote sensing, aerial spraying, and ground verification
technologies. Likewise, a large number of research articles
do exist, combining the use of artificial intelligence (AI),
database, and advanced statistical tools in the agriculture
[10–12]. However, a review article focused on sensors
and data analytic techniques in the area of agriculture is
still scarce in the literature.

This article aims to review the use of ICT especially
sensors and data analytic techniques in the area of agricul-
ture. Agriculture in this paper is used in a broader sense
and covers research in crop cultivation, horticulture, animal
husbandry, apiculture, and aquaculture. Our classification
closely resembles the scientific classification of agriculture.
By breaking agriculture into different subfields, and
reviewing applied sensors and data analytics, we intend to
complement existing reviews. The objective of this paper is
to review research and development in the area of agriculture
from the technological perspective highlighting its various
subfields. Also, we intend to facilitate readers in comparing
one subfield with the other subfields easily.

1.1. Associated Technical Terminologies. We briefly explain
certain terms which frequently appears when we talk about
ICT, sensors, and data analytics.

Sensors are electronic devices that measure a physical
change in its environment and convert it into a suitable
electrical form. Sensors like environmental sensors, airflow
sensors, location sensors, electrochemical sensors, mechani-
cal sensors, and optical sensors are used for acquiring various
kinds of agricultural data. Smart sensors are capable of not
only acquiring data but also store, process, and integrate such
data. Sensor fusion is a combination of two or more sensor
data to get additional insights or overcome the weakness
of a single sensor. Wireless sensor networks (WSNs) are
networks of such sensors connected wirelessly.

An embedded system is a microprocessor/controller
embedded into an electro-mechanical system for performing
a particular task. It is programmable and has limited memory
and processing power. Most of the embedded systems are
based on sensing systems consisting of sensors and actuators.

Internet of things (IoT) is a complex interconnected
network of things that continuously exchange data. Here,
“things” refer to any physical devices like sensors, cameras,

wearables, vehicles, cell phones, and houses that are
connected to the internet.

Cloud computing is an internet-based computing
service where one can store, manipulate and retrieve data,
and utilize resources from anywhere without actually
owning the required hardware or software.

Data analytics techniques include analyzing and process-
ing of acquired large datasets from the field and providing
meaningful information so that any interested party may
utilize them for their future work. Those large data sets are
called big data, and the analytic technique is called data min-
ing. A separate field of study called data science has emerged
recently which combines computer algorithms and statistical
methods for data analytics [13].

2. Research Methodology and Motivation

The primary purpose of this paper is to review the use of
sensors and data analytics in different branches of agricul-
ture. We frequently use ICT and sensors interchangeably in
this paper as sensors are a key to the-state-of-the-art ICT,
and sensor data are raw materials for any sort of data analyt-
ics. The terminology sensor used in this survey actually refers
to sensing systems rather than the sensor devices itself.
Likewise, agriculture is an enormous and vast area, and we
do not attempt to review the use of ICT tools and techniques
in every process, steps, fields, and subfields of agriculture. To
narrow down, we have excluded prefield (genetics, seed/egg
development) and postfield (distribution, processing, and
consumer) and only reviewed the use of ICT tools and tech-
niques for In-field applications, that is, planting/raising and
harvesting. Also, the classification of the areas of agriculture
in Section 3 is a general classification and might not exactly
match with other sorts of classifications elsewhere. Figure 1
shows the evolution of different technologies used in the
areas of the agriculture. However, we have excluded other
(e.g., chemical, genetics, bioengineering) types of advance-
ments made in the field of agriculture.

At large, only peer-reviewed research articles are
provided as a reference for preparing this paper. However,
reports and publications of various government and nongov-
ernment organizations were also referred for understanding
the perspectives outside academia in regard to challenges
and future work direction. Also, our review does not contain
research in agricultural machinery and robots but might
cover certain underlying technologies if only they are rele-
vant to sensors and data analytics tools.

3. Sensors and Data Analytics in Agriculture

3.1. Agronomy/Crop Farming. The general use of wireless
sensor networks in crop monitoring and data acquisition can
be found in various research and review articles [14–16].
Modern agronomical research and practice are becoming
more and more data intensive. Data are continually collected,
analyzed, and simulated to understand and predict crop
growth and behavior under various circumstances.

Driemeier et al. [10] proposed a computational environ-
ment to support research in sugarcane precision agriculture.
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The work presented a data analysis workflow model for data
acquisition, formatting, and verification. The model was
employed to analyze three joint experiments comprised of
soil attributes, sugarcane quality, and sugarcane yield. Yang
et al. [11] reported the use of airborne multispectral and
hyperspectral imagery and high-resolution satellite imagery
for monitoring growth and estimating crop yield. They
presented several application examples to demonstrate the
advantages and limitations of different remote sensing and
imagery analysis techniques. Similarly, Dong et al. [17]
studied the feasibility of deriving spatially variable crop
maximum light use efficiency (LUEmax) from satellite remote
sensing data to improve crop biomass estimation. This study
offered a new way to derive LUEmax for specific production
efficiency models (PEM) and to improve the accuracy of
biomass estimation using remote sensing. Equations (1),
(2), and (3) represent an accuracy assessment model based
on three statistical criteria.

RMSE = 1
n

× 〠
n

i=1
Ei −Mi

2, 1

nRMSE = RMSE
M

× 100, 2

dindex = 1 − ∑n
i=1 Ei −Mi

2

∑n
i=1 Ei −M + MiM

2 3

Here, RMSE, nRMSE, and d-index represent the root-
mean-square error, the normalized RMSE, and the index of
agreement, respectively. A smaller value for both RMSE
and nRMSE gives the higher estimation accuracy. The
parameters inside the equations n, Mi, Ei, and M represent
the number of observations, the measured value, the
estimated value, and the mean of all measured values.

Similarly, Ge et al. [18] reported a study to characterize
the temporal dynamics of maize plants’ growth and water
use through RGB (red, green, blue) images and automated
pot weights. These methods proved to help in quantifying

plant leaf water content. Figure 2 represents the hyperspec-
tral image analysis to extract leaf pixels and the average leaf
reflectance to predict plant leaf water content. Kristen et al.
[19] reported sensor-based approaches to facilitate cost-
effective and site-specific management for soil health. The
authors applied a sensor fusion approach (partial least square
analysis) to estimate soil health indicators and soil manage-
ment assessment framework (SMAF) scores using visible
and near-infrared (VNIR) spectra in conjunction with elec-
trical conductivity (ECa) sensor data. The fusion of ECa and
CI data with VNIR improved estimation of the physical
category and subsequently the overall SMAF soil health.
However, chemical and fertility-related soil properties were
not well estimated by this sensor fusion combination.

3.2. Horticulture/Plant Farming. Horticulture can sometimes
be considered as a branch of agronomy concerned with the
cultivation of plants, fruits, and vegetables rather than crops.
The sensing technologies used in both areas are of similar
nature. Various papers report design of greenhouse horticul-
ture monitoring and control systems with WSN and com-
mercially available embedded systems or IoT prototyping
platforms [20–24].

Kim and Glenn [25] reported the development of a
multimodal sensing system to identify the onset and severity
of plant stress in young apple trees under different water
treatments in a greenhouse. The data analysis result deter-
mined the spectral signature, and canopy temperature was
highly correlated to plant water stress. Figure 3 represents
thermal images of five different apple trees in the tempera-
ture range of 22.3°C to 40.7°C. The rectangle in each image
indicates the region of interest (ROI) for the calculation of
canopy temperature. In a similar manner, Tian et al. [26]
reported the design of a growth cabinet using an LED light
source for hydroponics cultivation of rape plants. The work’s
focus was to design a light source made up of blue and
red LEDs to predict and provide enough energy required
by plants for photosynthesis at different growth stages.
The designed system could also control microclimatic
parameters like temperature, humidity, light intensity, and
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CO2 concentration level inside the growth cabinet. Their
experimental results demonstrated that the plants grew
very well and even superior to the plants that grew in
the natural environments in terms of height, growth time,
and taste. Basnet et al. adopted [27] a moving average
algorithm for smoothing out variations in sensed data for a
greenhouse automation system. The algorithm could greatly
help in stabilizing fluctuations caused by rapid change in
the environment or imprecise sensors and thus bringing
stable output.

Avgt1 =
1

n − 1 xt10 + xt11 + xt12 +⋯ + xt1n−1 ,

Avgt2 =
1
n

xt11 + xt12 + xt13 +⋯ + xt2n−1

4

Equation (4) represents the mathematical expression of
the moving average algorithm presented in the work.

Rose et al. [28] researched the collection, classification,
and quantization of phenotypic data of multiple vine rows
using commercial multi-view-stereo software. Using a mov-
ing sensor platform (a track-driven vehicle, camera, GPS,
and data acquisition hardware), morphological data of
multiple vine rows were acquired. The authors claimed to
complement existing 2D research with 3D solution-based
image processing and demonstrated different data processing
stages for predicting yields. Similarly, Zhao et al. [4] reviewed

key techniques in vision-based control for harvesting fruits
and vegetables. Their work presented an overview of various
vision schemes (binocular, spectral, thermal, laser, etc.) and
image processing algorithms (AdaBoost, Bayesian, fuzzy
neural, etc.) for fruit recognition system.

Jesus et al. [29] proposed a field programmable gate
array- (FPGA-) based wireless smart sensor for real-time
photosynthesis monitoring system. A case study to monitor
the photosynthetic response of chili pepper.

Capsicum annuum L. is made where the smart sensor
acquires and fuses the primary sensor signals to measure
temperature, relative humidity, solar radiation, CO2, air
pressure, and air flow. The measurements are used to calcu-
late net photosynthesis in real time and transmit the data
via wireless communication to a sink node. In addition, the
proposed smart sensor was equipped with signal processing
ability, such as average decimation and Kalman filters, to
the primary sensor readings so as to decrease the amount of
noise in them as shown in Figure 4.

3.3. Animal Husbandry/Livestock Farming. Traditional
animal husbandry requires the raising of a large flock of
animals or cattle by experienced herdsmen. Modern animal
husbandry called precision livestock farming (PLF) is about
monitoring, tracking, and acquiring all sorts of data of
livestock in real-time with the application of sensing systems
and ICTs. These data are further processed and analyzed to
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help in the decision-making process and provide a solution
to various problems.

Aydin [30] reported a study to automatically assess the
lameness of broiler by observing locomotion behaviors with
the use of 3D vision camera and image process algorithm.
The work is presented as a first attempt at assessing the lame-
ness of broiler chickens with the use of 3D cameras having
depth sensors as shown in Figure 5. Experiments were con-
ducted to determine the number of lying events and latency
to lie down of broiler chickens. The gait scores from 0 to 4
were chosen to rank lameness in the chicken. The proposed
system had a high correlation between the output parameters
against the manual labeling. Authors, therefore, asserted
their work would be useful for developing an automatic

animal monitoring and behavior analysis system to assess
the health and welfare of broilers. Hongqian et al. [31] pro-
posed a cloud-based data management system (CDMS) for
automatic data collection for laying-hen farms. The CDMS
facilitated asynchronous data transmission (Kafka-based),
file distribution (Hadoop-based), information collection
and management (MySQL-based) for the farms located in
different areas. The system was set with 8 networking nodes
and experimented at a commercial egg farm. The work
expected to enhance the modern poultry in the efficient man-
agement of big data and record-keeping in real-time. Nkwari
et al. [32] presented an article where a cow behavior is
modeled using data collected from GPS sensors to get the
expected position of it. The authors used the continuous-time
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Markov process (CTMP) in order to model the random
movement pattern (stochastic process) as shown in

P n
ij = Pr Xn = j X0 = i ,
pb = p1 + p2 + p3 + p4,

p1 = P a1 ≤ r ≤ b1 =〠
k

1
n

5

Here, Pij is the total probability that the cow moves from

the location i to j. P n
ij represents the probability Pij after the

cow has taken n steps. p1, p2, p3, and p4 represent the
probability the cow is in four different boundaries. a1 and
b1 represent point limit of each boundary. By calculating
which cow has a greater probability to get stolen, the work
expects to help in preventing cattle rustling in farms.

Manteuffel et al. [33] presented a study which can help in
preventing fatal piglet crushing events by mother sow. The
work focuses on the extensive study of distress-specific
vocalization to detect crushing events and thereby triggering
for a mechanism to induce posture changes. Another study
conducted by Feiyang et al. [34], a wireless network with
the RFID tag collectors and weight sensors was employed
to monitor chickens on a farm. The system detected sick
chickens in the farm and classified them by studying their
behaviors and parameters like the ability to snatch food, rest-
ing time, moving speed, and weight. The classification thus
made and the extracted information is expected to facilitate
precise husbandry and epidemic warning.

Stay i = Staylast i − Stayf irst i ,

D i, j = 〠
n

p=1
xip − xjp

2, i = xi1, xi2,… , xip , j = xj1, xj2,… , xjp

6

Equation (6) represents the formula for chickens’ resting
time and the Euclidean distance formula applied in the
K-means clustering method for the recognition of chickens’
disease and quality, respectively. Here, Stay i represents
the total resting time of chicken i from the beginning, that
is, Stayfirst i to last period of stay, that is, Staylast. In the same
manner, i = xi1, xi2,… , xip and j = xj1, xj2,… , xjp are two
p-dimension objects with D i, j Euclidean distance between
them. The parameters xi1, xi2,… , xip are the chicken’s
ability to snatch food, weight, speed, and resting time of
the chicken i. The same concept goes for another chicken
j. Smaller Euclidean distance represents chickens of
similar characteristics.

3.4. Apiculture/Beekeeping. Apiculture or beekeeping is a
branch of agriculture where bee colonies are maintained in
hives for harvesting honey. Various ICT technologies
especially WSN were used previously to monitor the bee-
hives and get various environmental data through sensors
[33, 35–37]. Due to various environmental changes, their
population is reported to be rapidly decreasing, and vari-
ous interdisciplinary researches are going on to understand
this phenomenon and provide possible solutions as well.

Murphy et al. [12] proposed a threshold-based algorithm
and decision tree algorithms based on a biological study of
bees to detect important hive changes and alert the beekeeper
in a WSN for monitoring bee health. It classified hives as
being in one of the ten possible states ranging from “normal”
to “dead” which might or might not require an immediate
response from the beekeeper. With the knowledge acquired,
the beekeeper can automatically apply established beekeep-
ing knowledge to the collected data, allowing early identifica-
tion of poor health for improved colony health as well as
analysis of the behavior. Figure 6 represents a decision tree
algorithm to classify hive states of the bee colonies. Here,
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HAVG, TINT, ΔT, and ΔCO2 represent average humidity,
internal temperature, change in temperature, and change in
CO2 concentration level, respectively.

Similarly, another work presented by Kviesis et al. [38], a
hierarchical three-level model consisting of a wireless node, a
local data server, and a cloud data server called WBee is
designed for monitoring honey bee colonies. The main
distinguishing work presented in the paper is the design of
the system acquiring synchronized samples from all the hives
and being able to save data at each level in case there is a
communication failure.

3.5. Aquaculture/Fishkeeping. Aquaculture outputs have high
demands in the global food market, and the application of
ICT has helped to increase its quality and the production in
recent years. Water quality is the most important parameter
in aquaculture since health, appetite, growth, and other activ-
ities of aquatic animals depend on it. Various subparameters
like dissolved oxygen (DO), pH level, temperature, salinity,
turbidity, and ammonia nitrogen content affect the quality
of water. Monitoring of such parameters and recirculating
water periodically is essential in maintaining the quality
of water.

Lebrero et al. [39] reported the design of multiparameters
monitoring system where DO sensor, pH electrode, pt1000
temperature sensor, and NH3-N sensor were used to monitor
aquaculture water quality. The system would trigger an
aerator ON or OFF if the sensor would read below or above

the threshold (4 to 5.5mg/L) of DO. Similar work by
Hongpin et al. [40] reported on aquaculture monitoring
system and control based on virtual instruments, additional
features of power management, and networking solutions.
The work has implemented sensor network nodes (dissolved
oxygen sensor, temperature sensor, water level sensor, and
pH sensor) in fish ponds for maximizing monitoring,
control, and recording of the aquaculture system. With such
benefits, the work reported on effectively reducing the prob-
ability of high risk of fish mortality, increase on economic
benefit and consumer confidence, safety, and low energy
consumption. The working concept of the designed system
is presented in a flowchart as given in Figure 7.

Simbeye et al. [42] presented a multiple fish tracking
systems in 3D space with structured-light (SL) sensor for
acquisition of detailed information required for behavioral
studies. Similarly, Saberioon and Cisar [41] used near-
infrared imaging technique to observe feeding process and
behavior of fish. Their work [41, 42] can help to quantify
such behavior of fish and can help in developing an auto-
matic feeding system in the future. Figure 8 represents the
work of infrared imaging technique to observe the feeding
process of fish. Zion reviewed the use of computer vision
technologies in aquaculture and reported the satisfactory
level of works done in the area of edible or ornamental fish
farms [5]. However, in the case of sea cage farms, the author
points out the challenges in the application of the technology
because of various parameters like deep water level, high
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turbidity, the presence of other aquatic animals, adjustment
difficulty of feeding location, and lightening.

3.6. Chapter Conclusion. In this chapter, we reviewed
various sensor-based technologies and data analytics

techniques used in the field of agriculture. As mentioned
in the previous chapters, agriculture is a very vast field
and we do not attempt to review the application and
development of different technologies in every process, steps,
fields, and subfields of agriculture. We have only covered
In-field applications.

There are other types of technological advancements
made which has revolutionized the field of agriculture. Some
of the noticeable things are advances in chemical fertilizers
and pesticides, genetic engineering, soil and irrigation
technology, agricultural tools and machinery, and produc-
tion and distribution technology. However, review of such
technologies is beyond the scope of this article. Table 1 shows
the state-of-the-art use of different sensors and data analytics
techniques presented in this work ([11–42]). Tables 2 and 3
show the state-of-the-art technology of different sensing
system platforms and big data applications in smart farming
and key issues, respectively.

4. Korean Scenario

South Korea is a highly industrialized country and hosts
some of the world’s huge leading tech-giants like Samsung,
LG, and Hyundai. The Korean government has initiated
steps in transferring the technology used in the industrial
sector for the development of the agricultural sector as well.
A report published by the Korean Rural Economic Institute
emphasized the role of Korean agriculture in the nation’s
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Figure 7: Flowchart of the remote monitoring system of aquaculture (Hongpin et al. [40]).
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economic growth for the past 70 years [43]. It also reported
the country’s policy in investing in new technologies includ-
ing ICT to cope with global warming, lack of resources, and
changes in human consumption patterns. Similarly, the Elec-
tronics and Telecommunications Research Institute (ETRI)
reported emerging ICT technologies to combine agricultural
products at each stage in smart farms [44].

Koo et al. [45] reviewed Korean and international
research trend related to ICT-based horticultural facilities.
With keywords precision agriculture, smart farm, ICT, and
IoT, the paper has thoroughly investigated technologies used
in Korean agricultural scenario as shown in Table 4. It has
also provided various case studies on failures and given direc-
tions and solutions from several perspectives. It emphasizes

Table 2: The state-of-the-art of the sensing platforms in agriculture (Ojha et al. [2]).

Feature MICAZ TelosB IRIS LOTUS Imote2 SunSPOT

Processor ATmega128 IMSP430 ATmega128
Cortex M3
LPC 17xx

Marvell/
XScalePXA271

ARM 920T

Clock speed (MHz) 7.373 6.717 7.373 10–100 13–416 180

Bus width (bits) 8 16 8 32 32 32

System memory (kB) 4 10 4 64 256 512

Operating frequency
band (MHz)

2400 2400 2400 2400 2400 2400

Transceiver chip CC2420 CC2420 Atmel RF230 Atmel RF231 CC2420 802.15.4

Number of channels Programmable Programmable Programmable — In steps of 5MHz —

Data rate (kbps) 250 250 250 250 250 250

I/O connectivity
UART, I2C,
SPI, DIO

UART, I2C,
SPI, DIO

UART, I2C,
SPI, DIO

3xUART, SPI, I2C,
I2S, GPIO, ADC

UART3x, SPI2x, I2C,
I2S, GPIO, DIO, JTAG

DIO, I2C, GPIO

Table 3: The state-of-the-art of big data applications in smart farming and key issues (Wolfert et al. [8]).

Stages of the data chain State of the art Key issues

Data capture
Sensors, open data, unmanned aerial vehicles (UAV),

biometric sensing, genotype information, reciprocal data
Availability, quality, formats

Data storage
Cloud-based platform, Hadoop Distributed File

System (HDFS), hybrid storage systems, cloud-based
data warehouse

Quick and safe access to data

Data transfer Wireless, cloud-based platform, Linked Open Data Safety, agreements on responsibilities and liabilities

Data transformation
Machine learning algorithms, normalization,

visualization and anonymization
Heterogeneity of data sources, automation of

data cleansing and preparation

Data analytics
Yield models, planting instructions, benchmarking,

decision ontologies, cognitive computing
Semantic heterogeneity, real-time analytics, scalability

Data marketing Data visualization Ownership, privacy, new business models

Table 1: Use of sensors and data analytic techniques in different areas of agriculture.

Analytics and ICT Sensors used Purpose Area References

Image processing Satellite data Sensors
Monitoring/estimating yield,

water content check,
feeding process observation

Agronomy, aquaculture [4, 11, 17, 41]

Computer vision 3D camera, depth sensors
Lameness assessment,

harvesting fruit
Animal husbandry, horticulture [27, 28, 34]

Pattern recognition
GPS/sensors, RFID/
weight sensors,

structured light sensor

Preventing cattle rustling
classifying/epidemic warning,

behavioral studies
Animal husbandry, apiculture [31, 32, 42]

WSN Environmental sensors Detect hive changes, monitoring Apiculture, aquaculture [35, 38, 40]

Cloud computing Smart devices, wireless nodes
Remote access,

monitoring bee colonies
Animal husbandry, apiculture [30, 39]

Others Satellite LED and sensors
Crop biomass estimation
hydroponics cultivation

Agronomy, horticulture [18, 26]
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the development of an intelligent service system for
management and control of all the process of agricultural
production. Yeo [46] reported the development of a moving
monitor and control system for crops in the greenhouse. The
movable sensing units gather continuous data and the
connection is made through the Wi-Fi where the data are
saved and processed on the server as shown in Figure 9.
The movable sensing units consist of high-resolution IP
camera, environmental sensors, and Wi-Fi repeater and
controlling units contain embedded PC, programmable logic
controller (PLC), and BLDC motors. This work expects to
provide a better solution in monitoring scheme and manage-
ment of plants and crops in a greenhouse.

Another recent article published by Kim [47] researched
on the estimation of the factors influencing the future prices
of corn and wheat through Bayesian model averaging as
shown in (7). With the application of probabilistic factors,
the results of the study facilitate the improvement in the
ability to forecast grain future prices.

Pr A B = Pr B A Pr A
Pr B

7

Here, Pr A and Pr B represents the probabilities of
the occurrence of the events A and B, respectively. Whereas,
Pr A ∣ B and Pr B ∣ A represents a conditional probability
of the likelihood of the occurrence of the event A given B is
true and vice-versa.

5. Challenges and Future Work Direction

The use of sensors and data analytics gives a better hope for
the agricultural sector, but challenges still remain. The factors
associated with them which still need further attention are
listed as Sections 5.1–5.6.

5.1. Sustainable Agriculture. While technological efforts are
made in increasing the productivity of the agriculture, envi-
ronmental and social factors are often not taken into account.
In particular, developing countries prioritize on adopting
technologies for fast development rather than a sustainable
one [48]. Initiatives from the different sectors of society
should be taken with a view to developing the sustainability
of farming systems along with the adoption of the various
technologies including sensors technology and ICT. Also,
technology interventions should be designed to select appro-
priate and environment-friendly technologies for collecting,
storing, recycling, and treating and disposing of e-waste [1].

5.2. Technological Constraint. Technology at hand deter-
mines the progress in each area of its application. The
improvement in technology will add more precision,
accuracy, speed, and reliability whereas reducing cost in the
future. Standardization in technology is vital for the improve-
ment in communication between farm equipment. Also,
research and open source projects should be encouraged
more to improve the overall quality of technological
solutions [49].

5.3. End-User Oriented. Technological solutions should
always be user-friendly. It should suit local contexts and
needs. In the case of agricultural application, solution
providers should take special care in making their prod-
ucts and solutions as easy, readable, and understandable
as possible.

5.4. Big Data. Intelligent processing and analysis of a large
amount of unstructured and heterogeneous data are
required. Research show dimensional reduction in big data
is necessary for core value extraction, and also the work is
also equally challenging [50]. Open access to research and
publication of these data are very important. But there exists
ownership ambiguity of whom they belong to. Farmers?

Table 4: Core technologies for the realization of smart farm based on ICT (Koo et al. [45]).

Research objectives Research content

Standardization and open
common platform

Standardization of sensor technology and device. Building an open service platform.
User-oriented interface development.

Sensor and instrumentation
technology

Development of crop monitoring technology through image processing. Development of measuring
device for soil and crop biomaterial information. Developed a high-efficiency sensor and measuring

device. Real-time monitoring of electricity usage in the greenhouse complex. Monitoring and responding
to load on the surrounding ecosystem and environment. Establishment of a sensor network system and

improvement of battery or signal amplification technology of wireless measurement equipment.

Control and automation

Development of greenhouse complex environment control system algorithm. Developed smart grid
integrated greenhouse control algorithm linked with energy saving technology (renewable energy).
Development of differentiated ventilation fan and circulation fan control system. Development of

additional forced ventilation operation algorithm through ventilation analysis.

Big data utilization and
performance evaluation

ICT-based big data standardization, DB construction method development database analysis and
application software development. Smart farm model performance analysis program development.

Web and mobile services
Provides real-time management and production information through the web system.

Development of pest detection system and alarm system using image processing.

Renewable energy and energy
load reduction technology

Developing appropriate capacity of the unit farmhouse considering the economy. Energy saving
technology development for greenhouse structure and operation. Development of energy efficient

operation technology using renewable energy.
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Companies? Or government? The problem should be
addressed, but again if it is addressed too strictly, it can slow
down innovations. Also, it is important to improve the
understanding of big data usage. It is necessary to systemati-
cally promote the concept, its practical use, necessity, and
value of use by expanding the education and sensitization
of big data utilization [8].

5.5. Cost and Investment. Investing in the technology should
not only make things easier to do but also help in increasing
the return. Reduced cost increases the willingness to embrace
the technology. Therefore, the cost of sensing systems and ICTs
needs to be reduced, and their use needs to be financially
sustainable. Farmers should be briefed about the economic
consequences before and after the use of the technology [51].

5.6. Multidiscipline Collaboration. Not only through sensors
technology and ICT but also many issues in the agriculture
can be approached from various other disciplines. They
can offer better solutions, enhance productivity, and
provide other insights that agriculture scientists and other
concerned parties might have overlooked. Collaboration

and cooperation among experts from different fields will
help in the betterment of the agricultural industry.

6. Discussions and Conclusions

In this paper, we presented a broad overview of the use of
various sensors and data analytic techniques used in the area
of agriculture. We divided the agriculture into five different
subfields and reviewed on the state-of-the-art technology
and research trends associated with each subfields. Sensor
technologies especially IoTs and smart sensors have led to
the exponential growth in sensor-based applications in agri-
culture. Our survey found the application of AI-based data
analytics to be very active as many research was focused on
these areas. As agriculture is becoming more data-intensive,
these improvements in the technology have helped in the
advancement of the area of agriculture. Many challenges still
remain as we discussed in the “Challenge and Future work
direction” section. However, at large, positive trends were
identified, and we conclude that as sensors and data analytic
techniques improve, it will bring more insights in solving a
wide variety of agricultural issues.
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Three-dimensional (3D) laser technology has been tested for assessing the performance of air-assisted spraying. A static test using
an air-assisted sprayer equipped with two axial fans (front and back) with opposing directions of rotation was developed. The
sprayer was adjusted to spread water in a static mode, at a pressure of 10 bars, with four air volumetric flow rates.
Measurements were performed using a Leica HDS6000 3D laser scanner. In addition, the flow and velocity of air generated by
the air-assisted sprayer were measured using a hot-wire anemometer and a 3D sonic anemometer with the objective of
estimating the influence of air flow on the spatial distribution of spray droplets. To carry out the analysis, all of the droplets
detected by the laser were considered to be of the same size. The distribution of products was asymmetric when the machine
only worked with the back fan, with 41% of the product distributed on the left side versus 59% on the right side, as referenced
to the direction of the machine’s advance. This asymmetry was corrected when the machine functioned with the two fans
activated. These spray data were concordant with the measured air flow generated by the machine in the different working
conditions. For the different regulation settings of the machine, taking the vertical of the machine as 0°, the angular region
comprised between 40° and 60° was the one that received the highest quantity of product. The increase of the air flow produced
a greater distance of the product. For the highest air flow configuration, 99% of the product detected by the laser was detected
within a distance of 16m from the axis of the machine.

1. Introduction

Air-assisted sprayers used in fruit production must be care-
fully and effectively regulated to ensure that crops are suc-
cessfully treated. Four main factors affect the deposition
efficiency [1, 2]: the nozzle type, fluid pressure, ground speed,
and volumetric flow rate of the air. The combination of these
parameters determines the applied volume rate. This factor
directly influences the quality of the treatment [3].

The use of experimental methods to characterize the
product distribution by a sprayer would be difficult and
expensive [4]. The characteristics of the plume generated by
the sprayer can be simulated by applying integrated compu-
tational fluid dynamics (CFD) [5, 6]. However, experimental
methods are required to validate such simulations and to
determine two critical physical features: first, the deposition

of the product as a function of distance, which is related to
the spray drift, and second, the product distribution in the
vicinity of the machine, which must be in accordance with
the position and geometry of the tree to be treated.

To determine the deposition of the product as a function
of distance, quantification tests of the deposition are required
through the use of collector elements. Distance of deposition
defines the spray drift which is considered as the main source
of contamination of pesticide applications in tree crops [7].
Currently, spray drift is measured based on the use of collec-
tor elements according to international standards [8]. Alter-
natively, various technologies can be implemented: laser
techniques to obtain the droplet size spectrum and testing
with wind tunnels are comparable technologies to predict
the field spray deposition [9]. From such measurements, it
was reported in [7] that the percentage of deposition in the
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ground is reduced exponentially with distance. For this goal,
four types of nozzles were tested, both in a wind tunnel and
in an axial sprayer working in a citrus orchard.

The pattern of spray deposition is affected by droplet size
and air flow. Droplets in flight are often measured using
laser-based spatial (number-density weighted) and temporal
(number-flux weighted) techniques [10].

The distribution of the spray in the vicinity of the
sprayer is often estimated by measuring the air flow gener-
ated by the fans. In this sense, the air flow generated by
the sprayer can be characterized using high-precision ane-
mometers such as sonic anemometers (two-dimensional or
three-dimensional) which are used to measure the velocity
components for different heights, sections, and distances
from the sprayer [11, 12].

Laser technology has been used successfully to measure
the tree canopy geometry in real time with the goal of
implementing variable application rate techniques [13–17];
in these measurements, the sensor is embedded on the trac-
tor that performs the crop treatment. Furthermore, laser
technology allows real-time monitoring of airborne spray
drift, obtaining range-resolved images of the spray plume
while requiring fewer personnel and consuming less time
than traditional methods, as in the case of light detection
and ranging (LIDAR) technology [18]. This technology has
been successfully applied to measure the pesticide plumes
in fruit orchards [5].

Another application of laser technology is its use in vali-
dating equipment design and for analysis of different regula-
tions prior to field trials, as a validation tool for the design of
the manufactured prototypes. In this case, the laser can be
used statically to analyze the distribution of the product [19].

In conclusion, methodologies used to measure the spray
drift and the spray distribution are expensive, time consum-
ing and, in many cases, not practical for the manufacturer’s
day-to-day tests. For these tests, manufacturers require rapid
measurement methods with a reasonable precision to test
different configurations of their machines, which, in most
cases, have been previously simulated through the use of
computational fluid dynamics (CFD). Therefore, an easy
estimation of the spray plume generated in the vicinity of
the sprayer (maximum distance of deposition of the prod-
uct and its spatial distribution) for a specific configuration
of air flow, nozzle pressure, and nozzle orientation would
be of great help to validate key design parameters of the
sprayer such as nozzle position, nozzle type, air conducts
geometry, and fan regulation.

The present study is aimed at analyzing the viability of
using three-dimensional (3D) laser scanner technology to
assess the effectiveness of an air-assisted sprayer used in fruit
orchards in terms of the two aforementioned critical criteria:
the deposition of the product as a function of distance and
the product distribution in the vicinity of the machine.

2. Materials and Methods

2.1. Instrumentation. The operation of an air-assisted sprayer
equipped with two reversed-rotation axial fans (Gar-melet
S.L., Huesca, Spain), one placed behind the tank and the

other placed in front, was analyzed. The diameter of the front
fan was 800mm and that of the back fan was 830mm. When
viewed from the tractor, the front fan spins anticlockwise and
the rear fan clockwise. Each fan sucks air axially from the
outer area of the machine and expels it radially (Figure 1).

A Leica HDS6000 3D laser scanner (Figure 2) was used to
assess the functioning of this sprayer. The 3D laser scanner
[19] consists of a pulsed, high-speed laser scanner, with
survey-grade accuracy, range, andfield of view. It uses a visible
green laser beam, with a range of 150–300m, depending on
surface conditions. According to the manufacturer’s speci-
fications, the spatial accuracy is 4mm. The instrument
includes a digital camera, which is used to visually deter-
mine the region to be scanned in spherical coordinates.

During the scan, the instrument head automatically
rotates while a mirror oscillates in the vertical direction. Both
movements can be programmed to cover the selected area
with user-specified vertical and horizontal angular steps.
The angular accuracy (vertical and horizontal) is 60μrad.
Scanner operations were controlled by a computer, where
job specifications were set and data were received and stored.
The time required to complete a scanning job depends on the
extent of the selected region and on the survey point density.

Under the experimental conditions used in the present
study, the equipment surveyed about 1500 points s-1. The
laser spot varies according to the distance; at a distance of
50m, the laser spot is 4mm in diameter. To detect a particle,
the laser scanner must receive about 35% of the emitted
energy. Because of this fact, the density of the cloud of drops
present in the laser spot affects the sensitivity of the mea-
surement. Tests carried out using LIDAR sensors have
shown the difficulty of the laser beam to impact on a less
dense cloud, even if these droplets have bigger size [20].
This might result in an underestimation of the amount
of droplets at the far end.

7 4
5

1
2

3 6

Figure 1: Air-assisted sprayer equipped with two reversed-rotation
axial fans (1: PTO; 2: pump; 3: front fan; 4: rear fan; 5: tank; 6: front
nozzles; 7: rear nozzles).

Figure 2: Leica HDS6000 3D laser scanner. (a) Global view; (b)
relative position of laser and sprayer during testing.
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The scanner registers Cartesian coordinates of the laser
reflection point. The precision of the scanner was adjusted
such that at a distance of 30m, data would be recorded
every 20mm. The scanned area was defined through a
rectangular window.

Back and front fans can be regulated, in a range labelled
1–5, to supply different air flows from rotating fan blades.
The air flows in the present study were measured according
to the method given in [21], considering two settings of the
fan blade regulation: 3 and 4.5. The air flow corresponding
to the back fan was measured at its inlet, using a TESTO
0635 1041 hot-wire anemometer (accuracy 0.03m/s; range
0–20m/s). The air flow rate of the front fan was measured
at the outlet of the fan because of the presence of the power
take off (PTO) of the tractor. Measurements were carried
out with the PTO working at 540 rpm.

In addition, the velocity of the air generated by the
sprayer was measured in the absence of any wind using a
WindMaster 3D sonic anemometer (Gill Instruments, UK)
according to the methodology developed by [11]. The accu-
racy of the sonic anemometer was 1.5% (for wind speeds of
up to the maximum measurable value) with an air velocity
range of 0 to 45m/s and a resolution of 0.01m/s. The air
velocity data was recorded at a frequency of 1Hz. Measure-
ments were carried out with the sprayer static, establishing
the same regulations of the fans as those that were selected
for the laser tests. The air velocity was measured, based on
previous research [22], in the plane corresponding to the
back fan of the sprayer. Measurements were made on both
sides of the machine at 1.5, 2.5, and 3.5m from the center
of the sprayer for several heights: 1, 2, 3, and 4m.

2.2. Measurements of Spraying Distribution. Laser measure-
ments were carried out with the sprayer static, establishing
three regulations of the fans (Table 1). The sprayer was
equipped with 32 Albuz ATR 80° orange nozzles, 16 at the
rear and 16 at the front. Tests were carried out at a pressure
of 10 bars (1, 39 L/min per nozzle). For each configuration,
the laser performed one complete scan.

The droplets (or group of droplets) detected by the laser
scanner in each test, referenced with Cartesian coordinates
x, y, z , were transformed to polar coordinates V , φ, θ
according to Figure 3, using the center of the rear fan of the
sprayer as the center of the coordinate system.

The sprayer was positioned so that the rear fan coincided
with the xz plane. In this frame of reference, the machine was

aligned with the y-axis, so that the tractor was placed in a
positive section of that axis and the rear fan of the machine
was at the 0 coordinate of the y-axis. The laser was aligned
with the machine and located in the negative section of the
y-axis, at a distance of 12m and at a height of 5m above
the sprayer (Figure 2).

Tests carried out on sprayers using LIDAR technology,
which has common characteristics to the one used in this
test, have shown that measurements cannot be linked to
droplet size [23]. In this sense, the 3D scanner cannot differ-
entiate the size of the drops detected. All the drops detected
by the laser were considered, as an approximation, to be the
same size. Therefore, quantification of products present in
the different areas of the 3D space was obtained by counting
the number of drops present in each zone.

Considering all drops of the same size requires prior anal-
ysis to correctly interpret the information provided by the
laser. The droplet population generated by a nozzle presents
a great variability in sizes and, at the same time, is conditioned
by the working pressure. Among the various parameters used
in characterizing the range of droplet sizes in a spray, the
most commonly used is the volumetric median diameter
(VMD or D50). Additionally, relative span is an indicator of
the distribution uniformity. Larger droplets are deposited at
a closer distance than smaller ones that are more susceptible
to drift. For a specific air velocity, the percentage of product
deposited at a given distance is related to an inverse function
with D50 [24], being higher for small-diameter droplets.

In order to establish direct correlations between the
information supplied by the laser and the volume of product
applied at different distances, it would be necessary to carry
out quantification tests to collect the quantity of product
deposited in different areas near the sprayer. In this article,
a first step has been taken to demonstrate the feasibility of
the 3D scanner technique in providing relevant information.
However, the authors plan to carry out quantification trials in
the future in order to obtain complete information to estab-
lish precise models for estimating product deposition from
the information provided by the laser.

Table 1: Air flows generated by the sprayer with different
configurations of settings and PTO working at 540 rpm.

Activated fans
Fan gear
box setting

Blade setting
Air flow
(m3/h)

Back Low
3 31,981

4.5 37,624

Back High
3 38,654

4.5 42,831

Back Low 3 31,981

Front Low 3 26,635

z

Vz

V

𝜃

yVy

Vx

x

𝜑

Figure 3: Polar coordinates versus Cartesian coordinates.
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Analysis of the experimental data has been carried out
leading to three key results: (1) spray deposition as a function
of the distance from the machine, (2) symmetry of spray
distribution, and (3) spray distribution in angular sectors in
a plane (rear fan) perpendicular to the longitudinal axis of
the machine.

3. Results and Discussion

3.1. Spray Deposition as a Function of the Distance to the
Machine. Considering the center of the rear fan as the coor-
dinate axis, the amount of product applied by the sprayer
in circular crowns of 1m in width was measured.

This methodology allowed the analysis of the spray depo-
sition distance as a function of the regulation of the sprayer.
A 100% output of the product from the nozzles was assumed,
and using this, the percentage of product that reached the
volume of each circular crown was computed.

Figure 4 represents the percentage of product applied as a
function of distance for each of the selected regulation set-
tings of the machine. Observing this figure, it becomes
clear that the laser technique allows determination of the
spray deposition as a function of distance and the quantity
of product that reaches distances greater than 16m was
found to be less than 1%. This technique, therefore, should
facilitate the establishment of safety distances for the applica-
tion of phytosanitary products as a function of the regulation
of the sprayer.

Moreover, Figure 4 illustrates that the distance of spray
deposition varies with regulation of the machine, showing
that the air flow directly affects the reach of the sprayer. It
can also be seen that the use of two fans allows a greater
overall reach of the machine, for the same position of the
fan blades (position 3). This fact reveals the interaction
between the air flow emitted by the rear fan and that
emitted by the front fan.

Results were concordant with those obtained using
other methodologies. In [7], the authors report curves of

sedimenting deposit as percentage of sprayed volume with
structures similar to those of Figure 4 (values decreased with
distance) from analysis of 10 types of nozzles (5 Albuz ATR
80 Grey and 5 Albuz TVI 8003 Blue) in a wind tunnel
and also as validated in field trials. In the same line, [25]
reports values of deposition decreasing with the distance
via an acquisition device and a pesticide deposition optical
measurement system with an air-assisted spraying system.

3.2. Symmetry of Spray Distribution. The axial fans, due to
their direction of rotation, distribute the air flow with some
asymmetry, usually applying greater volume of air to the area
coincident with the direction of rotation. This fact produces
an asymmetry in the spray distribution.

Laser technology was used to assess the symmetry of the
spray distribution by quantifying the amount of product
applied by the machine to the left and right sectors.

For the data shown in Figure 5, we designate the “right
sector” as the one located to the right of the direction of the
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Figure 4: Percentage of spray volume detected by the laser within circular crowns of 1m width for five air flow regulation settings.
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advance of the machine. The rear fan of the machine rotates
clockwise from the perspective of an observer located at the
rear of the machine. Therefore, considering the forward
direction of the machine, the rear fan rotates clockwise, the-
oretically releasing more air to the row of trees located to the
right of the advance of the machine.

These results were concordant with those shown in [11],
which reported the assessment of the function of a similar
sprayer. The asymmetry of the spray distribution was greater
working at a blade setting of 4.5 in comparison with a blade
setting of 3. The use of two fans with inverted rotation cor-
rected the asymmetry, showing that a design consisting of
two fans with opposing rotation improves the homogeneity
of the treatment.

3.3. Spray Distribution in Angular Sectors. The amount of
products applied by the sprayer in angular sectors of a plane

located at the rear fan was analyzed. For this goal, angular
sectors of 10° were used for the left and right sides of the
machine, considering the vertical as 0° (Figure 6). The center
of the fan was located at 900mm above the ground.

Figures 7 and 8 show the distribution of spray in the dif-
ferent angular sectors. On both the left and right sides, the
greatest amount of product was distributed in the angular
sector between 40° and 60°. Considering the geometry of a
fruit tree and the designed function of the sprayer, this result
is quite logical, because the largest amount of product is
directed to the area of greatest vegetation.

According to this result, the laser technique is a useful
tool to regulate correctly the position of the nozzles and the
direction of the air flow generated by the fans, with the aim

Figure 6: Angular sectors used in the analysis of spray direction.
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of directing the pesticide to the canopy of the tree, reducing
the spray drift and increasing the efficiency of the treatment.

3.4. Spray Volume versus Air Flow. The laser sensor was capa-
ble of estimating the spray volume in the different areas sur-
rounding the sprayer. The measured movement of the
product detected by the laser was in agreement with the air
flow generated by the sprayer. Figure 9 shows the air velocity
pattern generated by the back fan of the sprayer, operating
with a low gear and a blade setting of 4.5. The air velocities
show an asymmetry with higher velocities on the right side
of the machine because of the clockwise rotation of the fan.
Figure 10 shows the particles of product detected by the laser
for the same configuration. The comparison of the air veloc-
ity pattern and the spray volume detected by the laser show a
clear correlation between both parameters in accordance
with previous studies [26, 27], which have shown that the
droplets are blown into the fruit tree canopy by the forced air.

The flow rate of liquid supplied by the equipment was
constant during all the tests as the working pressure was set
at 10 bars. However, when comparing the number of droplets
obtained for different air flows, the number of droplets
detected at high speed of the fan was 36.8% lower than that
at low speed for blade setting 3 and 40.4% lower considering
blade setting 4.5. Analyzing the number of droplets detected
at a distance of 7 to 12m, the number of droplets detected
at high speed of the fan was 32.7% lower than that at the
low one, at blade setting 3, and 53.4% considering blade
setting 4.5. These data are consistent with those obtained
by [20], which in tests conducted with a LIDAR on board
a vehicle detected a greater number of spray droplets for
low air flows than for high ones. This fact could also sup-
port the fact that the lower the density of the droplet
cloud, the greater the difficulty of the laser in determining
it, as also it was concluded by [20].

4. Conclusions

The laser technique examined in this study provides useful
information on of air-assisted sprayers for evaluating their
function with the aim of improving efficiency of application
in the field.

Measurements using the laser sensor allowed the quanti-
fication of the maximum distance of deposition of the prod-
uct. Such data facilitates quantification of the risk of drift and,
therefore, the risk of contamination of elements adjacent to
the treatment plot: water channels, populations, roads, farms,
orchards, and so on.

The left-right asymmetry of the spraying can be estimated
in a straightforwardmanner for the different configurations of
the fans. Furthermore, the laser allows quantification of the
amount of products applied in different areas in the vicinity
of the sprayer. The results of this study also showed that
information supplied by the laser on the spraying pattern
is concordant with the air flow pattern of the sprayer as
measured using 3D anemometers.

When considered together, our results indicate that laser
technology can be used for the validation of sprayer machine
design. Moreover, as the next step, the regulation of the func-
tion of the sprayer, depending on the vegetative state of the
crop and the geometry of the orchard, can be established
and checked. The air flow, air direction, fan setting, pressure,
nozzle type, and nozzle position can be optimized using this
laser technique.
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Control over water usage for irrigation purposes is a key factor in order to achieve the sustainability in agriculture. The irrigation of
urban lawns represents a high percentage of the urban water usage. The use of information and communication technology (ICT)
offers the possibility of monitoring the grass state in order to adjust the irrigation regime. In this paper, we propose an Arduino-
based system with a camera set on a drone. The drone flies along the garden taking pictures of the grass. Those pictures are
processed with a rule-based algorithm that classifies them according to the grass quality. Pictures can be tagged in three
categories: high coverage, low coverage, or very low coverage. After designing our algorithm, twelve pictures are used to verify
its correct operation. The results show a 100% hit rate. To analyze the suitability of using drones to perform this task, we carried
out a comparative study for gardens with different sizes, where the drone and a similar system mounted on a small autonomous
vehicle have been used. The results show that, for gardens bigger than 1000m2, the use of drone is needed due to the time
consumed by the vehicle to cover the entire surface. Finally, we show the results of sending the image information after
processing it in different manners.

1. Introduction

Water is a scarce resource; less than 3% of the worldwide
water is freshwater, and only 1% is available in rivers,
lakes, and aquifers [1] and can be used for irrigation, indus-
try, and human use. However, the increase of water con-
sumers, the floods and droughts due to climate change, and
the water pollution endanger the continuity of the current
water use models. Efficiency in the use of water is nowadays
crucial. The Food and Agriculture Organization of the
United Nations (FAO) estimates that in 2050, there will be
enough water to ensure food production for the worldwide
population. However, poverty and food insecurity will
remain in several regions and countries [2]. Nevertheless,
water availability can diminish in some areas. For these
reasons, it is necessary to promote new techniques to ensure

water efficiency is maximized in as many areas as possible.
The optimization of irrigation techniques is a vital process
to improve sustainability and the rational use of the water
in agriculture. Many techniques have been developed for
different crops [3]. Most of these techniques are applied in
agricultural areas. Nevertheless, urban lawns demand high
amount of water, and no technique has been designed for this
special issue.

We can define the urban lawns as the group of green
areas in the city. These green areas include domestic or
private gardens, public gardens, recreational green areas
dedicated to sports, and roundabouts. Some of the urban
lawns can be only formed by grass while others can have
shrubs or trees. In this paper, we focused our efforts on the
grass classification for its irrigation, although the shrubs
and trees are irrigated by other methods. Thus, it is necessary
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to promote precision gardening in order to improve the sus-
tainability in water usage. The use of precision gardening
implies the use of information and communication technol-
ogy (ICT) for monitoring the plots and achieving a more sus-
tainable culture [4]. In smart cities, the monitoring of the
water requirements in urban lawns can be used to define
the irrigation process. Also, in these cities, many other
processes are monitored and it is possible to identify the best
moment to irrigate depending on the water and energy use in
the grid.

Different technologies can be used for monitoring the
grass. The main ones are based on remote sensing systems
and the use of drones and wireless sensor networks (WSNs).
The use of satellite images for remote sensing is useful for
monitoring the changes in the land coverages [5]. Neverthe-
less, the spatial resolution of the current available images is
too low. Nowadays, the highest spatial resolution is offered
by the WorldView-4 satellite sensor which has a precision
of 1.24m. This satellite has a period of 4.5 days [6]. However,
these characteristics do not fulfil with our needs. For a con-
tinuous grass monitoring, we need to monitor the state of
the grass at least once per day. In addition, we should con-
sider that some days, cloudy conditions may make the image
not useful. Mulla [7] indicates that the use of remote sensing
based on satellite images is not useful for precision garden-
ing. The second option is the use of drones with a camera
to take pictures of the whole garden. The spatial resolution
will depend on the camera’s characteristics and on the flight
height. In this case, the main disadvantages are that the drone
is not able to fly in windy days and the legislation in some
countries may limit flights in urban and inhabited areas.
The use of drones for monitoring purposes is increasing,
and they can be used even for emergency rescue systems
[8]. The last option for grass monitoring is the use of wireless
sensor networks (WSNs) with RGB sensors [9]. The system is
based on one small automated vehicle (SAW) that moves
along the garden taking data about the grass coverage with
the RGB sensors. However, it is necessary to evaluate the time
consumed to cover the garden and estimate the required time
in different gardens and its viability. The use of a WSN for
environmental monitoring is widely used, and many exam-
ples can be found in [10]. For our objectives, satellite remote
sensing cannot be used because we need daily control and
more precision than the current satellites can offer. The use
of soil moisture sensors will not indicate when the grass
needs to be replanted. In order to know when it is neces-
sary to plant, we must use sensors that measure the elec-
tromagnetic radiation (cameras). The use of sensors
based on fixed cameras means that many must be placed,
which leads to a bigger cost. For this reason, we need to
place the sensors in a vehicle. An airplane is discarded
due to high cost of daily flights. Another option is the
use of SAW, but this may damage the grass. Therefore,
the only option left is the use of a drone.

This paper presents a smart system able to monitor the
state of the grass and to decide the irrigation and planting
needs. The system is capable of classifying the grass into dif-
ferent categories, that is, high coverage, low coverage, and
very low coverage. The proposed system is composed of an

Arduino node with a CMOS sensor. Our system is based on
the idea developed by [9]. We will verify this system and will
compare it with the proposed solution based on a drone. This
proposal is part of a bigger study where the images will be
locally processed by the drones, and they will only send the
tag for a specific area. Thus, this paper will present the design,
implementation, and verification of the drone operation and
how it collects the pictures. After collecting the images, they
will be processed to analyze the color composition, and
finally our designed algorithm will classify them. In the next
step of our study, it has been planned to add some moisture
soil sensors to help us decide the irrigation regime. Our pro-
posal will include the deployment of two moisture sensors
placed at 5 meters to the east and west of each sprinkler.
The number of used moisture sensors will depend on the size
of the monitored area. Each pair of moisture sensors will be
connected to a wireless node. The wireless node will be in
charge of sending the data gathered by the moisture sensors
to the base station via WiFi connection. In order to ensure
that all the nodes can reach the base station, or the sink, a
multihop protocol is proposed. With the moisture soil sen-
sors, it is possible to monitor the remaining water in the soil,
and with the CMOS sensor, it is possible to identify the grass
coverage using the green histograms of the obtained pictures.
Further studies will integrate these functions.

The main beneficiaries of the system proposed in this
paper are the cities that can use this proposal to plan the irri-
gation of their urban lawns.

The rest of the paper is structured as follows. Section 2
shows a different work, similar to our system, as well as
presents the material and methods. In Section 3, the entire
proposal is detailed. The verification of the proposed system
to classify the grass coverage with the camera pictures is
performed in Section 4. Section 5 presents the results of our
proposal applied at different garden sizes. Finally, conclusion
and future work are shown in Section 6.

2. Related Works

This section presents some of the current systems focused on
monitoring gardens and crops.

Many authors proposed different solutions for monitor-
ing the needs of gardens and crops. Firstly, we will talk about
the WSN. Tripathy et al. [11] proposed a system with
temperature, light, and water sensors for urban gardens. This
system required the deployment of different sets of sensors
for monitoring big areas, that is, to detect a small area with
needs of replantation inside a bigger area. Due to this, a large
number of sensors would be required.

There are some other systems that include the use of
cameras along with other sensors. Macedo-Cruz et al. [12]
used a picture taken with a CCD-based technology camera.
These authors used a combination of three thresholding
strategies (the Otsu method, the isolate algorithm, and the
fuzzy thresholding method) for determining the frost dam-
age. Lloret et al. [13] designed a WSN based on the use of
cameras for detecting unusual status in the leaves of
vineyards. The camera took images, and the sensor node
processed them for detecting anomalies and reported them
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to the farmer. These studies are based on the use of cameras
on the soil. Therefore, we can conclude that our system pre-
sents the same problem as we explained in the case of the
WSN. For monitoring a big area, we will require the use of
aerial pictures.

There are three alternatives in remote sensing; these are
the use of unmanned aerial vehicles (UAVs), aircraft, and
satellite images. Matese et al. [14] compared the use of UAVs,
aircraft, and satellite images in vineyards. They concluded
that the economic breakeven exists between 5 and 50ha in
the case of UAVs versus the other systems studied. Moreover,
the different systems provided comparable results in coarse
vegetation gradients and large vegetation clusters, but on
the opposite situation, the satellite images fail. Torres et al.
[15] used the analysis of satellite pictures captured by Quick-
Bird. The different wavelength images are used to obtain the
green vegetation indexes, near-infrared spectroscopy (NIR),
normalized difference vegetation index (NDVI), panchro-
matic index, and ratio vegetation index (RVI). These indexes
are used to characterize the size and potential of each olive.
Xu et al. [16] used moderate resolution imaging spectroradi-
ometer (MODIS) for determining the production of grass-
lands in China, and they measured the NDVI of different
areas of China. In the case of the satellite images, this
technology has different gaps. The cost of satellite images is
expensive, and as we mentioned earlier, it is only econom-
ically viable in large areas. Another problem is the period-
icity of images that prevents a daily control of the area
that we want to monitor. In addition, the satellite image
has low resolution.

To solve the problem of monitoring big areas and the
needs of better resolution than satellite remote sensing,
different authors proposed the uses of UAVs and aircrafts.
Yang [17] designed an airborne multispectral digital imaging
system. This system is based on 4 cameras that capture
images in blue (430–470 nm), green (530–570nm), red
(630–670nm), and near-infrared (NIR, 810–850 nm). The
results confirmed that this system is suitable for monitoring
crop pests and growing conditions, mapping invasive weeds,
and assessing wetland ecosystems. Mutanga and Skidmore
[18] studied the variation of N in the grass of the Kruger
National Park, in South Africa. They used the images
obtained from HYMAPMKII scanner (a type of spectropho-
tometer in an aircraft) and a neural network for classifying
the images. They concluded that the 60% of variation can
be explained by the image of their system.

The use of drones is currently a very popular method to
obtain aerial images since it is an economical option (in areas
smaller than 5ha [14]) and easier to manage than an aircraft.
Candiago et al. [19] used a drone equipped with a Tetracam
ADCMicro camera for acquiring images in the red (R), green
(G), and near-infrared (NIR) bands, allowing to calculate the
NDVI, the green normalized difference vegetation index
(GNDVI), and the soil adjusted vegetation index (SAVI).
Cambra et al. [20] proposed another system with the use of
drones. This system consists of a network made up of a drone
and a pressure sprayer. The videos captured by drones are
transferred to a PC which will perform an analysis of them
through the OpenCV library. The system enables a set of

sprayers in a determined area with weeds. We can observe
in these cases that the UAVs can be used for monitoring an
area smaller than 5ha.

Finally, Kumar et al. [21] presented a smart autonomous
gardening rover that is able to identify and classify different
species of plants using extraction algorithms and a neural
network. Once the plant is identified, the rover introduces
its arm containing the sensors, and according to the measure-
ments, it takes its spray water and fertilizers from this arm. In
this case, the author does not use aerial vehicles. For our
proposal, we cannot use terrestrial vehicles because they
could damage the grass and flowers of gardens which are
more sensitive than grass.

As a summary, the use of a WSN is not the best
option for monitoring big areas since many sets of sensors
are required to identify problems in smaller areas within.
The use of cameras on soil presents the same problem
because it is not possible to take pictures of big areas with
the necessary resolution. For solving this problem, we can
use remote sensing. Satellite imaging has important gaps,
and the use of this technology is not possible in our case
(low precision and high round-trip time to the same point
[7]). Aircrafts present the best resolution and the periodic-
ity of taking pictures is better than satellite. However, the
cost of this alternative is very high for monitoring small
areas. Finally, in this paper, we present a drone that has
a camera to measure the reflectance of grass, and our
algorithm allows a way of identifying those areas that
present low coverage of grass or require water. Addition-
ally, our system stores information in a database for statis-
tical analysis and further uses.

3. Scenario and System Description

This section details the employed material, including the veg-
etal species and the electronic elements that compose our
designed and developed sensor. The methodology followed
to process the data is also presented.

3.1. Vegetal Material to Verify the Grass Coverage
Classification. In this subsection, we are going to describe
the vegetal material used to verify the proposed classification
system [9] in the previous work.

The vegetal material has been obtained from a country
estate called El Encín. This space is placed in the IMIDRA
research center where the agrifood and agroenvironmental
research projects of the Community of Madrid (Spain) are
carried out. It is located in Alcalá de Henares, Madrid (Spain)
(see Figure 1). Currently, IMIDRA is developing a study of
the water demand of different grass species. The plots of these
experiments are employed to find a relation between the cov-
erage and the response of our developed device. Different
combinations of grass species are used in the plots. Each plot
has a surface of 1.5m2.

3.2. Scenarios Used to Test the Developed System. This subsec-
tion shows the description of the gardens used to test the sys-
tem. The aim of using different sizes of gardens is to evaluate
the feasibility of using a type of system or another to monitor
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each garden, as well as the required energy consumption and
consumed bandwidth for each scenario.

In order to test our system, four different gardens
have been used. The selected gardens do not have any
inclination or irregularities in the terrain. The smallest
garden has a surface of 180m2, and the biggest one has
a surface of 160,000m2. The rest of the gardens have a
surface of 900, 4600, and 7000m2, respectively. All of
them are covered with only grass, that is, there are no
trees nor shrubs. The gardens of 900, 4600, and 7000m2

have a rectangular shape, and the other two gardens have
an “L” shape. The selected gardens have good grass coverage
in the entire area.

3.3. System for Image Capturing. In order to gather the differ-
ent images of grass, we have developed a camera-based
system which will be installed on the drone. The system for
image capturing is composed of an Arduino module and
an OV7670 camera able to take pictures with a resolution
of 640× 480 VGA. It presents a high sensitivity for low-
light operation and requires a low operating voltage which
makes the OV7670 camera module suitable for embedded
portable applications.

Figure 2 shows a basic schematic diagram of the camera
connection. The camera module works with a single +3.3V
power supply. This camera needs an external oscillator to
generate the clock signal (XCLK pin) of the camera. We
can select different communication protocols, although the
use of the I2C protocol is recommended. Through the I2C
bus, we can control and update both the pixel clock signals
(PCLK) and the camera data (data (9:0)). If integrated cam-
era modules are selected, such as MCU STM32F2 or
STM32F4 series, no additional module is required. For hosts
that do not have a camera interface, additional hardware is
needed to store a complete file before reading them with
low-speed MCUs.

The system for capturing the images of grass must be
installed in a drone, so we should choose modules of small
sizes but capable of performing the tasks of image capturing
and processing. The final goal of our system is to perform the
processing of images in the drone, while it is covering the
trip. There are different devices specially designed for the
development of integrated systems and Internet of Things
(IoT) deployments. In our case, we are going to use an

Arduino model. Arduino is an open-source platform that
provides both hardware solutions and its own integrated
development environment (IDE). Arduino modules are
characterized by their simplicity in programming and sys-
tem management. Table 1 shows a comparison of charac-
teristics of some of its simplest and most used modules
that would suit our needs. In our case, we are going to
select an Arduino UNO Rev. 3 module. Arduino Uno is
an electronic platform based on the ATmega328 processor.
It has 14 digital pin inputs/outputs (6 analog inputs, a
16MHz crystal oscillator). It allows programming through
its USB connection and can be powered through the USB
connection, from a PC or using a Li-ion battery. The rea-
son of selecting these modules is due to its weight and
price, which is the cheapest one available. This module is
the second with the smallest weight of 25 g. This is impor-
tant because when we work with drones, the total weight
of the system impacts the flight autonomy.

Additionally, we will provide our system with an ESP-01
wireless module which can be deactivated if we do not need
its use and a microSD memory module which allows us to
save data and even images, if needed. Figure 3(a) shows the
complete system and the main connections among them,
while Figure 3(b) shows the 3D design of the support to fix
the camera at the bottom part of the drone. The camera is
directed towards the ground.

4. Proposal

This section presents the proposed system to gather
information about the described grass. First, the sensor
and the node are described; the SAV and its components
are shown. Finally, the operation process of our system
is detailed.

4.1. General Description of the Architecture. The proposed
architecture is based on a programmed drone that crosses
the field to be analyzed (see Figure 4). The path must be pre-
viously designed using software compatible with the chosen
drone model.

At the same time the drone moves, it periodically takes
pictures of the lawn. For each image taken, the capture
system processes each image and decomposes it into its
3 RGB components. As a result of this process, 3 data
matrices are obtained, one per component, with data on
the red color information, green color information, and
blue color information values of each pixel that form each
picture. From each matrix, we can extract the histogram
from which we can determine the status of that parcel.
Finally, after applying our classification algorithm, each
picture will be labelled as a parcel of high coverage, a par-
cel of low coverage plot, or a parcel of very low coverage.
We can have a unique base from where the drone takes
off and lands. However, to optimize the battery lifetime,
we opted for a 2-base system. The first one will be the
base from which the drone will take off and the second
one will be the drone’s landing point.

On the other hand, to reduce battery consumption
caused by data transmission and possible packet loss due

Figure 1: Plots from where the vegetal material is obtained, in the
IMIDRA facilities.
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to the drone movement, the data related to parcel infor-
mation will be transmitted when arriving at the landing
base. That is, the system will take the images and will
locally process them, and after arriving to the landing
base, the data will be wirelessly transmitted through a
WiFi connection.

The information collected by each database will be sent to
a central server located in the cloud. Finally, the owners will
be able to see the status of their fields in real time.

4.2. Drone and Flight Planning. To implement our system, we
have selected a commercial drone with capacity to support
our small electronic device to collect the images. Table 2
summarizes the main features of some commercial models
that could be used to implement our proposal. To implement
our proposed system, we have selected the DJI Phantom 4
Pro which is considered as one of the widely used devices
for taking aerial images for semiprofessional purposes. This
model incorporates an advanced visual stereo positioning
system (VPS) that allows the drone performing a precise
stationary flight, even without satellite positioning, making
flights easier and safer.

Although the drone can be manually controlled, to mon-
itor the surfaces and collect the pictures, we have used a flight
planning software. To plan the flight of a drone, there are sev-
eral applications with support for different operating sys-
tems. In our case, we have selected free software specially
designed for Android devices. DroneDeploy [22] is a soft-
ware platform designed for drone flight planning. The Dro-
neDeploy application provides a simple interface for data
capture and automated flights that allows you to explore
and share high-quality interactive maps directly from our
mobile device. DroneDeploy allows you to generate high-
resolution maps and 3D models.

DroneDeploy is compatible with several commercial
drone models such as the following:

(i) Mavic Pro

(ii) Phantom 4 Pro

(iii) Phantom 4

(iv) Phantom 3 Pro

(v) Phantom 3 Advanced

RAM

MCU/FPGA/
DSP/

camera
interface

Host
(Arduino
module) 

Oscilator

Camera
module 

Buffer
controller 

XCLK

SCL, SDA

HREF, VSYNC

Data (0:9)

PCLK

PWDN

+3, 3 V, GND

Figure 2: Basic schematic diagram of the camera connection.

Table 1: Characteristics of different nodes.

Uno Mega 101 Wemos D1 Pro +Wifi

Revision R3 R3 R1 R2

CPU ATmega328 ATmega2560 Intel Curie Ensilica 32-bit RISC CPU Xtensa LX106

Flash memory 32KB 256KB 196KB 4Mbytes

Voltage 5.10V 5.10V 5.10V 3.3V

Power consumption 734mW 403mW 336mW 500mW

Clock speed 16Mhz 16Mhz 32Mhz 80MHz/160MHz

Power/speed 46mW/Mhz 26mW/Mhz 11mW/Mhz 6.25mW/MHz/3.125mW/MHz

Digital I/O pins 14 54 14 11

Analog in pins 6 16 4 1

Weight (g) 25 37 34 9.07

Cost (€) 2.82 11.20 37.60 5.60
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(vi) Inspire 1 e Inspire 1 Pro

(vii) Inspire

(viii) Matrice 100

(ix) Matrice 200

(x) Matrice 600

For drones equipped with cameras, the application allows
exploring interactive maps; measuring distance, area, and
volume; analyzing elevation and NDVI images; and sharing
maps and annotations through instant messaging applica-
tions. Figure 5 shows the example of a planned flight in a real
scenario, and Figure 6 shows the drone during a flight.

4.3. Control Algorithm. To start taking measurements by the
drone, we must consider that the device is going to move

from coordinator node 1 to coordinator node 2 which is
the one that has the possibility of transmitting the data to
the cloud or to a server. It is also important to consider that
the drone has to have enough autonomy to cover the entire
route. Therefore, these checks must autonomously be carried
out before starting the flight.

As shown in Figure 7, before starting the flight, the
drone should receive the data related to the field under
the study and check if its battery allows full field coverage.
If its energy autonomy allows it, the drone will take off
and will start taking pictures. For each image taken, the
drone analyzes the image and processes it in its RGB com-
ponents. After that, the drone keeps the green component
and saves the results with the relative position of the
extracted data from the flight plan. After taking the image,
the drone checks if it has reached the end of the route and
keeps moving forward for the next measurement. When

MicroSD card adapter
ESP-01 (WiFi module)

OV7670 camera

Arduino UNO module

(a)

(b)

Figure 3: System of camera: (a) complete system and the connections; (b) support for camera.
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the drone completes its flight, it lands on the base of the
coordinator node 2. When at the base, the drone wirelessly
connects to the coordinator node 2 and transmits all the
data obtained from the field. After finishing its function,
the drone will switch to standby mode.

On the other hand, after receiving the data of the flight
plan and the size of the field to be analyzed, the drone deter-
mines if it has energy enough to complete the route. If the
battery level is not high enough, the drone sends a message
to the user asking for flight acceptance. If the user does not
accept the flight, the drone will remain in standby mode in
the base of the coordinator node 1. However, if the user
accepts the flight, the drone will start flying and capturing

images. After each measure, the drone checks if its autonomy
is sufficient to take one more measurement and reach the
coordinator node 2. As long as this condition is maintained,
the path will be followed. When the condition is not kept, the
drone will leave the flight plan and will directly go to the base
of the coordinator node 2. After that, the drone will wirelessly
connect to the coordinator node 2 and will transmit all the
data obtained from the field as well as the position where it
left to take measures. After finishing its operation, the drone
will switch to standby mode.

4.4. Process to Analyze the Pictures. In this section, we present
the verification process to apply to the system developed by

Drone with a CMOS 
camera

Picture

�휇Processor to analyze
the picture

Picture decomposition
intoRGB components 

Cloud

Coordinator node 2Path followed by
the drone

Coordinator
node 1

0 50 100 150 200 250 300
0

50

100

150

200
250

Histogram

Math
n=0

N−1
−�휋ik

�훴

e

Figure 4: Proposed architecture.

Table 2: Characteristics of different commercial nodes.

Model Weight (g) Max. flight speed (km/h) Autonomy (min) Max. distance (m) Price (€)

Parrot Bebop 2 500 46 25 300 540

Parrot Disco FPV 500 80 40 Not applicable 499

DJI Phantom 2 1500 Not applicable 25 1000 622

DJI Phantom 4 Pro 1380 72 28 6000 1600

DJI Phantom 3 Pro 1280 57 23 2000 1080

DJI Phantom 3 Advanced 1280 57 23 Not applicable 1070

Syma X8C Venture 600 Not applicable 9 100 150

Parrot AR Drone 2.0 436 Not applicable 36 50 250

DJI Inspire 1 V2 2935 78 18 Not applicable 3399

DJI Mavic Pro 726 65 27 6000 1100

Yuneec Typhoon H Pro 2060 60 22 Not applicable 907

Syma X5C Explorers 960 20 8 50 68

Quadron Evo 839 Na 10 100 56

JJRC H20 200 Na 6 40 50
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[9]. In order to verify it, we used new grass plots, and using
the pictures obtained with the Arduino camera, we extracted
the desired values used to perform the comparison.

Different pictures were taken to the grass plots (see
Figure 8(a)). After obtaining the picture, it is cut in order
to extract the part related to the grass and ensure that the

Figure 5: Example of planned flight over a real scenario performed with DroneDeploy App.

Figure 6: Our drone during a flight with the developed system for gathering pictures.
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number of pixels of the pictures was 1500× 1000 pixels
(see Figure 8(b)). Then, the resolution of the picture was
reduced to 10%. The picture has consequently 150× 100
pixels (see Figure 8(c)).

Once we have the picture with a size of 100× 150
pixels, we can obtain the values of brightness from each
pixel. To obtain it, we use the MATLAB software (see
Algorithm 1).

An image can be understood as a matrix of row× col-
umn pixels. In order to analyze each pixel, we should go
through each row, accessing each cell that represents the
columns. There are several ways to do this task, but the
simplest one is to use 2 nested “FOR” loops, so that the
outer “FOR” loop locates the cursor at the beginning of

a row and the inner “FOR” loop allows the cursor to go
through all the squares of that row until reaching the last
column. Finally, we created a vector of 256 positions that
corresponds to the brightness levels of each color, and
for each level of brightness, we counted how many pixels
contain that brightness color. Finally, we saved the result
in the variable His_G that is used to store the results of
the histogram.

Once we have the matrix of the green component with
the values of brightness, it is possible to apply the methodol-
ogy described by [9]. So, firstly, we obtain the green histo-
grams shown in Figure 8. As we can see, all the new
histograms follow the trend of the mean histograms from dif-
ferent grass coverages. After that, we can obtain the number
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Figure 7: Control algorithm.

9Journal of Sensors



of pixels with brightness values between 40 and 60. We
selected this range based on the results shown by [9].

Finally, since the flight height of the drone is fixed with
respect of the ground, the focus of the camera is manually
set before the flight.

5. Results and Discussion

This section shows the results and the discussion about the
extracted values. First, the grassland classification method
for analyzing pictures instead of RGB sensors is presented.
Then, the results of the simulations to apply the proposed
system (with drone) or our previous system (with the
SAW) in 5 gardens with different sizes are evaluated. Finally,
a comparison between our system and the current proposals
is discussed.

5.1. Grassland Classification. In order to carry out our classi-
fication, we only need to sum the number of pixels with
brightness values between 40 and 60 in the green component
of the picture. Then, we will analyze the classification
assigned to each picture to check if the classification process
assigned the tags correctly.

After processing the pictures, the matrix with the data of
green brightness is used. The pictures were not previously
tagged according to their type of coverage; they are just
named as new samples (NS) 1 to 12. They are named based
on the summation of the pixels with brightness values
between 40 and 60.

In the previous work, the plots were assigned according
to three categories: high coverage (HC), low coverage (LC),
and very low coverage (VLC). Figure 9 represents the
obtained histograms of the NS 1 to NS 12 and the average
value of the obtained histograms of HC, LC, and LVC by
[9]. In solid colors, we can see the average value of the tagged
histograms: HC in green, LC in orange, and VLC in red. The
data from the NS 1 to NS 12 is shown with black dashes. It is
possible to see that all the histograms follow the same

behaviour of one of the average values from the previous
work. The summation of pixels with brightness values
between 40 and 60 is compared with the results obtained in
the previous work [9], and the ranges of values were set to
tag the different pictures. Results can be seen in Figure 10.
The HC plots, with good grass coverage, have a summation
lower than 500. Then, the plots named as NS 1 to NS 4 are
classified as HC plots. The NS 5 to 9 have a summation lower
than 1500 but higher than 500. They are classified as LC.
Finally, the NS 10 to 12, which have a summation higher than
1500, are classified as VLC. Taking into account the 12 pic-
tures under study, 4 of them were tagged as HC, 5 as LC,
and 3 as VLC.

The next step is to verify if the classification was correctly
done. Figure 11 shows the pictures and their classification
according to our proposed algorithm. The results show that
the classifications have been correctly done. The plots
tagged as HC present a grass coverage of 100% (see
Figures 11(a)–11(d)). On the other hand, the plots classi-
fied as LC present a lower grass coverage, and most of
the grass presents a yellowish color which indicates a poor
grass state. Those plots (see Figures 11(f)–11(i)) present
an irrigation deficit. Finally, the plots tagged as VLC (see
Figures 11(j)–11(l)) present a very low coverage, and most
of the plot has no grass, and only the brown soil is
observed. In those plots, the irrigation is not immediately
required. However, a seeding process will be necessary to
restore the grass coverage. Thus, we can indicate that the
methodology presented by [9] with RGB sensors can be
used to evaluate the grass state in the picture. This is
due to the fact that the operation of the sensors inside
the cameras and the image postprocessing is similar to
the operation of the RGB sensors.

The only limitation is that the system must operate
with matrices of 100× 150 values of brightness. However,
we can divide the summation of pixels and the total num-
ber of pixels. If the result is a value lower than 0.03, the
assigned category will be HC. The plots with values
between 0.03 and 0.1 will be tagged as LC. Finally, the
plots with values higher than 0.1 will be classified as
VLC. By following this process, it is possible to apply this
method with pictures of different sizes.

5.2. Study of Feasibility of Using This Method in Different
Garden Sizes. In this subsection, we are going to detail the
simulations of using our proposal (with a drone) in gardens
of different sizes that were presented in Section 2. The results
are compared with the simulation results of using a SAW.
The parameters evaluated are the time required to gather
the data from the entire garden and the volume of informa-
tion generated. The amount of gathered data, the number
of turns, and the total distance travelled are also considered
for these simulations.

To calculate the number of turns (P), it is necessary to
divide the shorter side (SS) of the field between the width of
each turn (WP) (1). On the one hand, the width of each turn
with the SAW (WPSAW) is the SAW width (WISAW). Sensors
are located covering the width of the vehicle (2). On the other
hand, the width of each turn in the case of the drone

%Read Picture.
x=imread (picture);
GREEN= x (:,:,3);
[Rows, Columns]= size (GREEN (:,:,1));
%calcule blue histogram

for f=1:256
h_G(f)=0;

end.
for g=1:Rows.
for h=1:Columns

V_Green= GREEN(g,h);
h_G(V_Green+1)= h_G(V_Green+1)+1;

end
end

%Vector of histogram component green.
His_G=h_G;

Algorithm 1: Part of MATLAB code to extract RGB components.
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(WPdrone) depends on the flight height (FH) and on the focal
aperture of the camera (FA) (see (3)). In our examples, the
WPSAW is 0.5m and the WPDRON is 6.6m. The area con-
tained in each picture gathered with the drone is
4.95× 6.6m. The FH must be set according to the required

resolution in the pictures, which, in our case, was 15m.
The values of P, for each garden, are shown in Table 3.
The P value for the drone is much lower than the P value
for the SAW because they have different WP.

P =
SS
WP

, 1

WPSAW =WISAW, 2

WPdrone = tan
FA
2

× FH × 2 3

Once the number of turns is calculated, the next indicator
is to calculate the total distance travelled to cover the field. In
order to simplify the simulation, the travelled distance (TD)
is calculated as the distance travelled in each turn (the
number of turns along the longer side (LS)) plus the distance
travelled to change from one turn to another (the number of
turns minus 1 and multiplied by the width of each turn) (4).
The TD for each garden can be seen in Table 3. The TD is
lower when using the drone as opposed to using a SAW.

(a) (b) (c)

Figure 8: Processing of pictures.
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Figure 9: Histogram of the different cases.
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The TD with the drone is lower than a tenth part than the TD
with a SAW.

WPdrone = tan
FA
2

× FH × 2 4

To complete the comparison, we need to calculate the
time consumed (TC) to collect the data from each garden.
The time consumed (5) is calculated as the travelled distance
at the mean velocity (MV) plus the lost time (LT) in the
deceleration and acceleration at the end and the beginning
of each turn, multiplied by the number of turns.

There are some considerations that must be taken into
account to select the mean velocity. The time that takes the
SAW to gather and process each recorded data (TGD) and
the area covered in each record (CA) must be considered to

calculate the mean velocity of the SAW (MVSAW) (6). To cal-
culate the mean velocity of the drone (MVDRONE) (7), we
should consider the pictures per second (PPS) that the cam-
era should take and the distance of the shortest side of each
picture (SSP). The shortest side of the picture is defined as

(a) Tagged as HC (b) Tagged as HC (c) Tagged as HC

(d) Tagged as HC (e) Tagged as LC (f) Tagged as LC

(g) Tagged as LC (h) Tagged as LC (i) Tagged as LC

(j) Tagged as VLC (k) Tagged as VLC (l) Tagged as VLC

Figure 11: Pictures used and their classification.

Table 3: The P and TD with the drone and with the SAW.

Garden number Size (m2)
P (number) TD (m)

Drone SAW Drone SAW

1 180 1 14 27 360

2 900 5 60 136 1800

3 4600 10 136 697 9200

4 7000 13 186 1061 14,000

5 162,000 61 800 24,545 324,000
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the number of pixels of the shortest side of the picture
(NPSSP) multiplied by the width of each turn divided between
the number of pixels of the longest side of the picture (NPLSP)
(see 8). The PPSmust be set by the user according to the cam-
era features. The consumed time for each garden is shown in
Figure 12. It is possible to see that the TCs with the SAW for
the gardens are much higher than the TCs with the drone. In
the biggest garden, the TC for the SAW is up to 180 h, while
for the drone is 25min and 30 sec. The SAW is only useful for
small gardens like garden 1 and garden 2 with a TC of 0.22 h
and 1.08 h, respectively. For gardens with more than 1000m2,
the SAW is not advisable due to the TC. The mean flying
time of the employed drone is 30 minutes; the largest space
that can be monitored by a single drone depends on the
shape of the area and the number of turns needed. To give
an example, a fully charged drone can cover an area of
200,000m2 with one side of 400m and the other of 500m.

TC = TD ×MV + LT × P, 5

MVSAW =
CA
TGD

, 6

MVdrone = PPS × SSP, 7

SSP =
NPSSP ×WPdrone

s
8

From this point, we will only continue with the simula-
tion for the case of using a drone. Finally, the number of pic-
tures (TP) can be calculated as the number of pictures per
second multiplied by the total distance and divided into the
mean velocity (see 9). The TP in the selected gardens are 5,
27, 139, 212, and 4909 for gardens 1 to 5, respectively. To cal-
culate the volume of information generated if we want to
send all the pictures (VIPIC), we should take into account
the number of pictures and the weight (in bytes) of each pic-
ture (WPi) (see 10). However, if we want to send the green
band of the picture (VIGPIC), we will transmit the matrix
with the values of the green band of the picture, that is, the
volume of useful data will be the third part of the volume
(11). Moreover, it is possible to send only the label

classification of each picture (VICPIC). That is, we will only
consider the number of pictures and the weight of each cate-
gory (WC) (see 12). Figure 13 shows the comparison between
the VIPIC, VIGPIC, and VICPIC in each garden. As expected,
the transmission of the VICPIC means lighter transmission.
Sending the VIGPIC leads to a reduction of two-thirds or
66.7% of the total volume of data compared to sending the
VIPIC. Sending the VICPIC supposes a reduction of 99.8% of
the data volume compared to sending the VIPIC. So, taking
into account our results, it is demonstrated that the best
option for data transmission is to only send the label of the
plot characteristics together with its plot identification or
position. Finally, this label is locally calculated by our system
and stored in the SD card in order to be wirelessly trans-
mitted to the landing base. Thus, the only information
transmitted from the drone to the base station is one label
per gathered picture. By doing this, we are reducing the
energy consumption as we do not keep the wireless
connection continuously enabled. In order to know the
position of each picture, we have included in the database
the route of each drone. Then, it is possible to relate the
label of each picture with the position of the drone
according to the number of the picture. In this case, the
GPS is not useful to identify the pictures due to the small
distance between the drone positions.

TP = PPS × TD
MV

, 9

VIPIC = TP ×WPi, 10

VIGPIC = TP ×
WPi
3

, 11

VICPIC = TP ×WC 12

5.3. Discussion and Comparison with Existing Systems. In
this section, we are going to analyze the gaps in our
system, and we will explain why our alternative is better
than the existing ones.
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Figure 12: The TC for different gardens with SAW and drone.
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Figure 13: Volume of information generated of each garden and
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Drone-based systems have three important issues: (I)
drones cannot fly in windy conditions; (II) some countries
have a more restrictive legislation in the use of drones; and
(III) there is a change of environment illumination.

Regarding the first issue, the number of windy days is
usually small compared to that of sunny days, although this
fact depends on the geographical region. In addition, the
changes in the grass are not usually so abrupt, and therefore
the fact of not performing the daily monitoring is not signif-
icant. In relation to the second problem, legislation regarding
the use of drones has been very restrictive because most
countries did not have previous legislation and they wanted
to avoid problems by limiting the use of drones. However,
they are currently adapting new laws to the evolution of
drones. Finally, the illumination can have negative effects
on the classification of grass. The illumination can change
because of (I) the sky covered with clouds; (II) the
shadows of buildings, trees, and so on; (III) the time of
day when the monitoring tasks are performed; and (IV)
the season of year when the monitoring tasks are
performed [23]. To reduce the problem with shadows,
we will fly the drone in a sunny noon to reduce the size
of the shadows, and in future works, we would like to
include a lux meter in the drone to include this parameter
in the classification algorithm as a correction factor.

Finally, we compared our system with other systems (see
Table 4). The needs of irrigation can be monitored with
remote sensing (satellite or airplane [24]), SAWs, smart
sprinkler (WSN with weather information for calculating
the evapotranspiration), and our system. Some existing solu-
tions include sensors to detect electromagnetic radiation to
determine the coverage of the vegetation. As we saw in
Section 2, the NDVI, NIR, and other indicators related to
the infrared can be used for monitoring the vegetation and
are very common in remote sensing. In this paper, we
demonstrated that the use of visible light waves can be used
without the need of an infrared camera.

All systems that use electromagnetic sensors will be
affected by the shadows and changes of environmental
light. In the case of satellite sensing, the clouds can cover
the image, and therefore it cannot be used to monitor the
urban lawns. This does not happen with airplanes and
drones because they fly below the clouds. Finally, remote
sensing cannot be used for daily monitoring due to the
low temporal resolution time, and we cannot have a
schedule to take pictures on a daily basis for an urban gar-
den. Due to these facts, we only have the option of SAWs
or drones for monitoring the grass. As we have previously
seen, the SAW requires a lot of time to cover a large sur-
face, and it is not recommended for urban lawns greater
than 1000m2.

To monitor the irrigation needs, we can use the smart
sprinkler (the use of remote sensing for managing irrigation
is not very common). The smart sprinklers are programmed
according to the moisture of the soil and the calculation of
the evapotranspiration of the plants by means of the meteo-
rological data. We decide to use moisture sensors because
they are cheaper than smart sprinklers. Finally, Table 4 shows
a summary of this discussion.

6. Conclusions

In this paper, the use of a drone equipped with an Arduino
module and a camera for urban lawn monitoring has been
evaluated. Prior to evaluating our proposal, we have used
the proposed methodology to classify the grass quality based
on RGB sensors explained in our previous work. The algo-
rithm proposed in the previous paper [9] obtained the
100% of hits. Besides, we have evaluated the performance of
employing a drone or a SAW to cover gardens of different
sizes. The results show that for gardens bigger than
1000m2, the use of SAW is not recommended. Finally, we
compare the possibilities of sending the entire picture to be
processed in a remote server, the green band of the picture,
or just the category of each picture. By sending only the cat-
egory of each picture instead of sending the entire picture, we
obtain a reduction in the volume of information of 99.8%.
The total cost of our system is €30 (not including the price
of the drone). The same system could be installed in cheaper
drones with lower flight autonomy but with similar results.

This proposal is part of a bigger study where the images
will be locally processed by drones, and they will only send
the tag for a specific area. Thus, this paper has presented
the design, implementation, and verification of the drone
operation and how it collects pictures. After collecting the
images, they will be processed to analyze the color composi-
tion, and finally our designed algorithm will classify them. As
a future work, further studies will integrate this function in
the drone in order to locally process them. It is also planned
to add moisture soil sensors to control the irrigation regime.
The moisture sensors will be connected to a wireless node.
The wireless node will be in charge of sending the data
gathered to the base station. With the moisture soil sen-
sors, it is possible to monitor the remaining water in the
soil, and with the CMOS sensor, it is possible to identify
the grass coverage using the green histograms of the
obtained pictures. Moreover, it will be interesting to test
the possibilities of detecting and classifying different plant
diseases. In addition, we pretend to extend this work
including the analysis of pictures of other plant species.
Finally and to solve the problems related to different light
conditions, we will include a light sensor in the drone and
perform several tests under different conditions in order to
have different ranges for different light conditions.
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