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With a rapidly expanding global population placing an ever growing demand on
freshwater resources, an increased focus onirrigation techniques tailored to the
specific needs of plant appears as one solution to minimize overall freshwater
consumption. Precision irrigation methods seek to realize an acceptable
compromise between vyield and irrigation water consumption through
control of the timing and quantity of water supplied to plants. The goal is to
maintain the water content of the soil, achieve specific water use efficiency with
regard to yield or maintain the physiological response of the plant to water
stress within predetermined limits. Reliance on soil moisture measurements to
establish irrigation water demand inadequately addresses heterogenous
distribution of water in soil. Growing research interest is observed detailing
the determination of plant water status directly from physiological responses.
This paper reviews irrigation control approaches based on different plant water
status assessment techniques. A distinct focus is made on application scale of
the discussed control approaches, an aspect that has not been considered
intensively enough in previous discussions of irrigation control approaches. A
discussion of the observed strengths and shortcomings and technological
advances supporting the various methods used to quantify plant water status
extends the review. Emerging trends that are likely to have an impact on plant
water status determination and optimal timing and quantification of irrigation
water requirements are integrated to show latest results. A peek into the future
of precision irrigation foresees greater reliance on plant-based signals, both in
characterization of the control variable, namely the plant water status, and in
generation of controller outputs in terms of quantity and timing.
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1 Introduction

As the world advances further into the 21st century, a rapidly
growing global population continues to exert greater demand on
agricultural food production (van Dijk et al., 2021). The effects of
climate change provide an additional challenge to traditional
rain- and reservoir-based crop production, making the case for
use of irrigation either exclusively throughout the growing
season, or as a supplement to natural precipitation (Wada
et al., 2013; Rosa et al., 2020). Maintaining crop yields from
the available land area, using a diminishing quantity of the
required freshwater for irrigation is a delicate balancing act
that has acted as a motivation for extensive research in
precision irrigation approaches, with the overall goal of
maximizing water use efficiency of irrigated crops, while
simultaneously meeting the rising global food demand.

While water treatment and desalination provide alternatives
to cover the freshwater need, existing techniques are costly and
energy intensive, particularly at low to medium scale (Arborea
et al., 2017; Hagenvoort et al, 2019; Arena et al, 2020;
Oubelkacem et al., 2020; Ofori et al., 2021). Concerns about
the safety of treated wastewater, even with application of
advanced treatment methods, have resulted in a call to more
rigorous regulation and combination of treatment processes
(Rizzo et al, 2020). Freshwater generation via atmospheric
water harvesting (Tu et al, 2018; Lu et al., 2022) offers a
novel, but energy intensive alternative which is currently
limited to smaller production units (LaPotin et al., 2021). As a
conclusion optimization of crop irrigation appears to be the most
suitable solution to achieve a sustainable compromise between
increasing freshwater demand for food production and the
associated energy and environmental costs to realize adequate
global food supply.

In the history of mankind, adequate food production has
been a fundamental requirement in the growth and advancement
of human society. As early as 5000 BC, early agricultural
civilizations in Egypt and Mesopotamia had come upon the
idea of expanding the extent of arable land through use of
irrigation, making use of the floodwaters of the Nile, Tigris,
and Euphrates which was diverted into arable farmlands
bordering the rivers through an extensive network of canals
(Bazza, 2007). Through the use of intricate systems of canals,
with later additions of reservoirs, dikes, and overflow canals,
flooding could be mitigated (Grenfell et al., 1900; Westermann,
1919). Similar implementation of surface irrigation was also
recorded in ancient China, Crete, India, and Persia (Biswas,
1970). Irrigation control in this case was focused on direction
of irrigation water to specific locations, regulation of irrigation
duration and mitigation of flooding. Surface irrigation methods
involving use of flooded basins, furrows, dykes, dams, and
artificial reservoirs remain the predominant form of irrigation
to date (Jagermeyr et al., 2015). Control methods aimed at more
efficient use of irrigation water have been targeted at regulating
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the timing, duration, and frequency of supply to the fields
through control of gates, sluices, valves, and pumps.

Introduction of new methods of water application to
plants in the field, namely through sprinklers and drip
lines, provided new opportunities for more accurate control
of irrigation water supply, allowing the regulation of water
supply down to the individual plant level. These developments
on the actuation side of irrigation have been accompanied by
corresponding developments in sensing and control
approaches.

The incorporation of spatial variability in the management of
irrigation is a key concept in distinguishing between traditional
irrigation and precision irrigation (Sadler et al., 2005; Smith and
Baillie, 2009). In Smith et al. (Smith et al., 2010), a distinction is
made between traditional definitions of precision irrigation,
which focus on maximizing efficiency through precise
determination of volume, location and timing of irrigation,
with uniform application over the entire system, and an
updated definition that incorporates spatial and temporal
variation in irrigation treatment. The focus is shifted from
field level to management zones within the field (Gonzalez-
Dugo et al, 2014; Ferndndez, 2017), or to individual plant
level (Kizer et al., 2018; Klein et al, 2018). Camp et al.
describe  precision irrigation as  “site-specific  water
management, specifically the application of water to a given
site in a volume and at a time needed for optimum crop
production, profitability, or other management objectives at
that specific site” (Camp et al, 2006). In this review, the
supporting technologies are considered with regard to their
flexibility in allowing variable precision irrigation of individual
plants or zones, rather than achieving efficiency through
generation of uniform irrigation schedules.

Traditional definitions of precision irrigation consider the
“precise amount” of water to be applied to be the full amount of
water required to meet the plant demand, which has commonly
been determined based on the relationship between crop
evapotranspiration and environmental factors (Morillo et al.,
2015; Morales et al., 2016). Current irrigation practices that
explore the cultivation of irrigated crops under regulated
water deficit provide a new Frontier for precision irrigation,
where the required amount to be delivered is determined with a
goal of avoiding irreversible water stress damage, without
necessarily fully matching evapotranspiration-based plant
demands. This provides further avenues for improvement of
water use efficiency. Deficit irrigation-based applications of
precision irrigation approaches have been employed in control
of both pre- and post-harvest yield quality (Pérez-Pastor et al.,
2007; Lipan et al., 2019; Venturi et al., 2021). The observed effect
of deficit irrigation approaches on crop maturation (Zegbe-
Dominguez et al, 2003; Cui et al, 2008) is an additional
research target, with the possibility to enhance economic
outcomes for the farmer by matching harvest timing to
periods of greatest market demand. In this review, precision
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irrigation control approaches incorporating regulated water
deficit are emphasized.

in the
irrigation approaches have addressed model-based and

Previous contributions review of precision
sensor-based monitoring (Adeyemi et al., 2017; Liang et al.,
2020; Plag¢ak et al., 2021; Bwambale et al., 2022), specific
control algorithms applied in irrigation scheduling (Romero
et al., 2012; Abioye et al., 2022), and technological advances
supporting future development in precision irrigation control
(Neupane and Guo, 2019; Bodkhe et al., 2020; Han et al.,
2020). This review similarly provide a comprehensive
summary of monitoring, control, and actuation approaches
applied in precision irrigation control. Additionally, the
implementability of deficit irrigation-based strategies for
increased water use efficiency is addressed, allowing the
extension of achievable water savings thus contributing to
sustainable expansion of global food production without
exhausting available freshwater resources.

2 Precision irrigation control
approaches

Control techniques are broadly classified as open or closed
loop, defining the existence of any kind of calculated or otherwise
technically realized feedback (output to the input of the system
considered). Open loop precision irrigation control relies on an
accurate understanding (in the best case: a model) of plant water
requirements, while closed loop methods include sensing
mechanisms to dynamically adjust the control input to the
irrigation system based on measured values.

The performance of precision irrigation control approaches
depends on the definition of plant water requirements. The
characterization of plant water demand and the subsequent
responses to the water application is described in Kogler
(Kogler and Soffker, 2017) along a soil-plant-atmosphere
continuum. This paper similarly groups approaches in
precision irrigation into soil-based, plant-based, and
atmosphere-based approaches. Further distinction is made
between approaches targeted at enhancing precise delivery at
field level, within irrigation management zones and at individual

plant level.

2.1 Soil-based approaches

Growing plants obtain water required for their growth from
the soil. The soil moisture content has therefore been applied as a
measure of the water status of the plant, with a plant-specific
lower limit describing the minimum moisture content required
to maintain the plant above wilting point (Briggs and Shantz,
1911) and a soil-specific maximum water holding capacity, also
referred to as the field capacity (Veihmeyer and Hendrickson,
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1931). The main goal of traditional irrigation methods is to
maintain soil moisture content at field capacity during the
growth phases, with scheduling of irrigation events based on
plant growth models such as FAO Aquacrop (Steduto et al., 2009)
or multivariable models simulating soil moisture, plant growth,
and evapotranspiration such as DSSAT (Hoogenboom et al.,
2019).

Model-based predictive control approaches applied in
precision irrigation allow the integration of soil moisture
which
forecasting of moisture content and update of control actions

models in a predictive control scheme, allows
based on measured variables. Spatial and temporal variability is
accounted for using regression models (Hedley C. and Yule L,
2009), a predictive model with weekly measurement-based
updates performing online optimization (Nahar et al.,, 2019),
employment of Kalman filters (Roy, 2014), and application of
deep belief networks and macroscopic cellular automata, with
dynamic environmental measurements providing additional data
for prediction (Song et al.,, 2016).

The learning capabilities of neural networks allows the
adaptation of plant growth models for the design of precision
irrigation controllers. Specific neural-network based approaches
allow online updating of control decisions based on measured
real-time conditions, resulting in more accurate behavior. These
capabilities are utilized by Capraro et al. (Capraro et al., 2008) in
the development of an adaptive closed loop controller that allows
for modification of control actions when environmental
perturbations such as rainfall or extreme temperatures cause a
change in irrigation requirements. Long short term memory
neural networks are employed for prediction of soil moisture
content (Adeyemi et al., 2018) or soil matric potential Jimenez
et al. (2020) with varying performance, both in terms of water
savings and prediction accuracy. These are attributed to soil
characteristics and duration of the prediction window. Difference
in performance of neural network-based predictive models are
also reported by (Gu et al., 2021), with larger estimation errors
observed at lower soil moisture content levels, affecting
performance of the precision irrigation scheduling system.

A major challenge in the use of model-based methods for
precision irrigation is that the control performance is limited by
the accuracy of prediction or estimation achieved by the model.
Incorporation of soil moisture data into irrigation management
decisions offers a significant performance improvement in soil-
based precision irrigation approaches. Sensor readings have been
used to calibrate and refine model output, as described in (Tseng
et al., 2018), where soil moisture measurements are used in
labelling images acquired from an unmanned aerial vehicle for
training a deep learning-based predictive algorithm. Conversely,
application of predictive models can be integrated in sensor-
based control approaches to reduce the quantity of sensor
readings required to make an accurate assessment of soil
water content, as proposed in (De Benedetto et al, 2013b)
and (Andugula et al.,, 2017).
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Soil-based closed loop control methods integrate soil
moisture measurements in the control loop. On/off switching
algorithms triggered by designated soil moisture sensors with
preset static thresholds have been employed in precision
irrigation control by Xiao et al. (Xiao et al, 2010). Use of
dynamic switching thresholds allows real-time response to
field conditions, with the adaptation of the thresholds
accomplished in Capraro et al. (Capraro et al, 2008) by
neural networks, and numerical simulation employed by Egea
et al. (Egea et al, 2017). An alternative approach involves
placement of sensors at varying depths to track infiltration
rate, allowing anticipatory switching (Benzekri and Refoufi,
2006; Zhao et al., 2007; Liu and Xu, 2018).

Development of a large variety of soil moisture sensors with
greater accuracy and reliability has facilitated the precision
control of irrigation based on real-time conditions. A major
challenge to implementation of sensor-based control approaches
has been the unit cost of sensors, which limits the economic
viability of field scale application of appropriately accurate and
precise sensors. New low-cost soil moisture sensors have been
developed in recent times based on sensing approaches
commonly used in commercially available sensors, including
frequency domain reflectometry (FDR) (Xiao et al, 2010),
2013),
impedance spectroscopy (Umar and Setiadi, 2015), and

time domain reflectometry (TDR) (Wei et al,

capacitance-based methods (Kojima et al, 2016; Gao et al,
2018). Novel approaches in the measurement of soil moisture
content have also been developed in recent times, such as a time-
domain multiplexing approach described in Saeed et al. (Saeed
et al, 2019) and a high frequency double-resonance tuning
approach developed by Qinglan et al. (Qinglan et al., 2020).
Ding and Chandra introduce a Wi-Fi-based measurement
system that relies on radio-frequency propagation (Ding and
Chandra, 2019). Development of more precise calibration
techniques and incorporation of fault detection mechanisms
generates an opportunity for improvement of measurement
accuracy and flexibility of application in both novel and
existing soil moisture sensors (Oates et al, 2016; Chen L.
et al, 2019; Gonzalez-Teruel et al, 2019; Nagahage et al,
2019). Additionally, dynamically variable irrigation thresholds
based on plant growth requirements can be incorporated through
calibration based on plant measurements. This is employed in
Lou et al. (Lou et al,, 2016) to generate a set of soil potential
thresholds that allows precision irrigation through different plant
growth stages.

Location and distribution of moisture sensors within the field
has traditionally relied on expert knowledge from manufacturers
or farmers. Approaches for optimizing the spatial distribution of
soil moisture sensors for improved mapping of water content
include use of clay percentile (Zhao W. et al., 2017), analysis of
soil elevation maps combined with measurement of electrical
conductivity (Adamchuk et al., 2010), and application of graph-
theoretical methods (Roy, 2014).
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Field level precision irrigation based on soil moisture content
relies on accurately modeling and/or measurement of soil water
dynamics, incorporating the effects of precipitation, irrigation,
leaching, run-off, and drainage to establish the moisture available
within the root zone of the plant. Precision irrigation control
approaches are therefore employed primarily to address accuracy
of moisture content measurement and monitoring, and the
scheduling the timing and quantity of field-level irrigation
events. Remote sensing techniques capable of extracting soil
moisture characteristics with increasing precision and more
frequent intervals is a key factor in the further development
of soil-based precision irrigation at field level. Electromagnetic
surveys have been applied in (Hedley et al., 2013) to assess the
spatio-temporal dynamics of soil moisture and water table depth
for precision irrigation control. Satellite data are also used to
determine the soil water index, which is used as an indicator of
soil moisture content (Termite et al., 2019).

Zone level precision irrigation relies on accurate demarcation
of the field into homogeneous management zones based on
physical and chemical characteristics of the soil (Bazzi et al.,
2018; de Lara et al., 2018; Chen S. et al., 2019). Integration of
plant-related measurements to complement soil sensor
measurements has been explored in (Rojo et al.,, 2016; Ortuani
et al,, 2019; Vera et al., 2019; Serrano et al., 2020) for better zone
delineation as a means to increasing irrigation efficiency. Recent
research investigates the adoption of Bayesian maximum entropy
(Han et al,, 2020) and clustering approaches (Haghverdi et al.,
2015; Oldoni and Bassoi, 2016; Ohana-Levi et al., 2019; Javadi
et al,, 2022) for achievement of optional zoning. To address
challenges arising from static management zone delineation
based on spatial characterization, dynamic determination of
zone boundaries has been explored with integration of real-
time soil and plant sensor measurements (Scudiero et al,
2018; Fontanet et al, 2020) or use of deep learning
approaches (Song et al., 2016).

With regard to the current status of soil-based precision
irrigation control approaches summarized in Table 1, it can be
stated that the maintenance of soil moisture level between a user-
defined lower boundary related to the wilting point and an upper
boundary defined by the soil water capacity has been employed as
the basis for control decisions. Challenges related to soil water
dynamics arising from inherent hydraulic characteristics or
changes in the spatial envelope defining root-available water
have been addressed. Optimization of location and distribution
of soil moisture sensors to allow accurate mapping of soil
moisture distribution while minimizing the required number
of sensors is a potential area for further work in the
implementation of sensor-supported soil-based precision
irrigation control. Variations in the upper soil moisture
boundary during scheduling of irrigation quantity has not
been considered in literature, signifying a gap in the
application of soil-based precision irrigation methods to
deficit irrigation strategies. Additionally, a significant gap
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TABLE 1 Summary of soil-based precision irrigation control approaches.

Author Year Sensing/Measurement
Soil Plant Atm

Adeyemi et al. 2018 X X

Andugula et al. 2017 X

Bazzi et al. 2019 X

de Benedetto et al. 2018 X

Benzekri and Refoufi 2006 X X

Capraro et al. 2008 X

Chen et al. 2020

Egea et al. 2017 X

Gu et al. 2021 X X

Hedley and Yule 2009 X

Jimenez et al. 2020 X

Liu and Xu 2018 X

Lou et al. 2016 X X

Nahar et al. 2019 X X

Roy 2014 X

Song et al. 2016 X X

Termite et al. 2019 X X

Tseng et al. 2018 X

Wei et al. 2013 X

Xiao et al. 2010 X

Xiao et al. 2010 X

Zhao et al. 2007 X

exists in soil-based approaches applied at individual plant level.
Advancements in the field of wireless sensor networks, remote
sensing and machine learning approaches are expected to drive
future developments in soil-based precision irrigation control,
allowing for more localized decision support systems and greater
adaptability to individual plant water requirements.

2.2 Atmosphere-based approaches

Atmosphere-based precision irrigation control approaches
involve balancing the water supplied to the plant with the water
released to

the atmosphere through evapotranspiration.

Achievement of the high accuracy required in precision
by
evapotranspiration models for use in open loop control or by

irrigation is either  accomplished refining
incorporation of sensor feedback in closed loop control.
Common models of evapotranspiration incorporated into
precision irrigation include FAO’s Penman-Monteith model
(Allen, 1998; Fourati et al.,, 2014; Robinson et al, 2017;
2020), the model
(Hargreaves and Samani, 1985; Gordin et al, 2019; Pelosi

et al., 2019; Dominguez-Nino et al., 2020) and the Surface

Pereira et al, Hargreaves-Samani
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Modeling/Control
approach

Zone Plant

MPC with NN-based prediction
Gaussian process regression

Fuzzy C-means algorithm

Kriging with external drift
Anticipatory on/off control

on/off control with dynamic thresholds
Genetic algorithm

on/off control

NN-based on/off control

Daily prediction of soil water status
LSTM neural network

On/off control

On/off control

MPC with closed loop scheduling
MPC with stochastic receding horizon
Deep belief network (DBN)
Feedforward NN; ANFIS

Deep convolutional neural network
On/off control

on/off control

on/off control

On/off, Time control and fuzzy hybrid control

Energy Balance model (SEBAL) (Bastiaanssen et al., 1998;
Gobbo 2019). Both the Penman-Monteith and
Hargreaves-Samani models generate an estimated reference

et al.,

evapotranspiration rate, which is multiplied by a crop-specific
coefficient to predict the actual evapotranspiration rate of the
crop. The Hargreaves-Samani model provides a simpler
approach due to its ability to provide an estimate based solely
on temperature values, as compared to the Penman-Monteith
approach, where several environmental, geographic and soil-
related variables are required. Better temporal stability in
evapotranspiration prediction accuracy using the Hargreaves-
Samani approach has also been reported in (Lorite et al., 2015),
making it a more reliable option for control approaches
integrating longer prediction windows. The SEBAL approach
directly computes the actual evapotranspiration rate from
thermal imagery without requiring specific soil- or crop-
related coefficients, making it more readily applicable to new
or inadequately researched crop varieties for which physiological
coefficients are yet to be established.

Machine learning approaches have more recently been
applied in estimation of evapotranspiration, and hence plant
water requirements, based on weather data (Sidhu et al., 2020;
Farooque et al., 2021). Linker et al. use temperature forecasts to
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TABLE 2 Summary of atmosphere-based precision irrigation control approaches.

Author Year  Sensing/ Application scope Modeling/Control
Measurement approach
Soil Plant Atm Field Zone Plant
Barker et al. 2018 X X X VRI with remote sensing-based water balance model
Bhatti et al. 2019 X satellite and airborne imagery-based VRI
Dominguez-Nino et al. 2020 X X X model-predictive control (IRRIX software)
Farooque et al. 2021 X deep learning model-based ET prediction
Fourati et al. 2014 b'e X X X FAO56 ET model-based on/off control
Gobbo et al. 2019 X X X VRI with dynamic zone delineation
Gordin et al. 2019 X X X X Hargreaves-Samani ET model-based on-off control
Incrocci et al. 2014 X X X X Soil moisture-based vs. ET-based automated drip irrigation
Linker et al. 2018 X X MPC with real-time multi-objective optimization
Lorite et al. 2015 X X weather forecast-based on/off irrigation control
Lozoya et al. 2016 X X X X model-predictive control with soil moisture measurement
Ma et al. 2017 X X X weather forecast-derived ET-based deficit irrigation
Pelosi et al. 2019 X X X calibrated Hargreaves-Samani for ET modeling
Robinson 2017 X X X plant-specific Penman-Monteith model-based control
Roy 2014 X X X X stochastic receding horizon approach
Sidhu et al. 2020 X X Regression-based on/off scheduling
Tsakmakis et al. 2016 X X X X interoperable model coupling for irrigation scheduling (IMCIS)

estimate evapotranspiration values, which are applied in
precision scheduling of irrigation to achieve targeted optimal
combinations of yield and irrigation amount selected by the
farmer (Linker et al., 2018). Estimation of evapotranspiration
using remote sensing data is employed in Barker et al. (Barker
et al., 2018) for variable rate irrigation control. In Ma et al,, the
Root Zone Water Quality Model is calibrated using lysimeter
measurements for estimation of plant evapotranspiration, which
is then applied in irrigation scheduling (Ma et al., 2017). The
authors suggest further improvement of irrigation scheduling by
inclusion of weather forecasting data. Improvements in water use
efficiency are observed in this case. However, due to the
of
evapotranspiration values play no role in the decision-making,

implementation an  open-loop control, real-time
making the system susceptible to environmental variations. For
greenhouse-based applications (Incrocci et al., 2014), developed a
data-driven evapotranspiration model for precision irrigation
control, achieving a 45% reduction in seasonal water use.

An alternative atmospheric-based approach relies on
prediction of precipitation rather than evapotranspiration
(Roy, 2014; Tsakmakis et al, 2016). Roy introduces a
stochastic ~weather forecasting module for predicting
precipitation (Roy, 2014) using publicly available weather
forecasts. Tsakmakis et al. use a weather prognostics model
based on the air pollution model (Hurley, 2005), which

predicts precipitation by solving given scalar equations.
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Irrigation scheduling is adjusted based on predicted timing
and quantities of precipitation.

Hybrid approaches combining ET estimation with soil
moisture sensing (Lozoya et al, 2016; Nocco et al, 2019
Bhatti et al., 2020) or plant-based methods (Tsakmakis et al.,
2016; Gobbo et al,, 2019) have also been used to achieve greater
These
of weather-related disturbances

allow
the
evapotranspiration model by integrating the dynamic behavior

accuracy in  precision irrigation control.

compensation to
of soil moisture or of the plant. However their reliability depends
on the accuracy of crop coefficients used in determination of
actual evapotranspiration.

A major challenge in atmospheric-based precision irrigation
approaches arises from the difficulty in differentiating between
evaporation (from the soil surface) and transpiration (from the
plants), requiring dynamic adjustment of irrigation control
algorithms as plant cover increases during the growth season.
A recent approach described by Chen et al. (Chen et al., 2020)
involves the partitioning of evapotranspiration values into its two
components through machine learning techniques. This could
provide a key to achieving greater accuracy in precision irrigation
control, allowing the focusing of water delivery to meet actual
plant demand rather than maintaining constant soil moisture
levels, including in areas where no plant growth is present. A
summary of existing atmosphere-based control approaches is
provided in Table 2.
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2.3 Plant-based approaches

To alleviate the gaps inherent in soil-based and atmospheric-
based precision control approaches, plant-based precision
irrigation control has been widely seen as the best approach
in accurately determining and meeting plant water requirements
(Jones, 2004). The timing and quantity of irrigation is based on
the plant physiological response to lack of water, which results in
changes in leaf surface temperature, water potential, or turgor
(Ayars and Phene, 2007).

Canopy temperature-based crop water stress indices (CWSI),
both based on theoretical (Idso et al., 1981) and experimental
models (Jackson et al.,, 1981) have been employed in irrigation
scheduling since the early 1980s. Due to their reliance on canopy
temperature measurements taken at a specific time of day
(typically midday), they are constrained in their adaptability
to dynamically varying stress conditions. Applications of
CWSI in precision irrigation control are described in
O’Shaughnessy et al. (O’Shaughnessy et al., 2012b), where a
threshold  is the

determination of irrigation timing, and in Osroosh et al.

cumulative  time incorporated  in
(Osroosh et al, 2015), where a dynamic threshold is
implemented to account for changes in water stress thresholds
at different growing stages. A recent approach described by
Andrade et al. (Andrade et al., 2018) is the implementation of
machine learning algorithms for forecasting of crop water stress
indices based on historic data.

Advancements in canopy temperature measurements have
contributed greatly to the development of plant-based precision
irrigation approaches. High resolution satellite thermal images
have been used for mapping of plant water stress levels for site-
specific irrigation scheduling, with the capability to replace
locally obtained leaf water potential (LWP) measurements
(Meron et al, 2010). At a local level, thermal imagery
obtained from unmanned aerial vehicles (UAVs) (Gonzalez-
Dugo et al., 2013; Martinez et al., 2016; Matese et al., 2018) or
all-terrain vehicles moving within the irrigated field (Gutiérrez
et al, 2018) has been used in mapping of plant water
requirements for generation of irrigation management zones.
At plant level, surface temperature sensors mounted on
individual leaves have been applied to allow continuous
monitoring of stress status (Rojo et al., 2016; Kizer et al., 2018).

Determination of plant water status by measurement of water
potential in a pressure chamber was first described by Dixon and
Joly in 1895 (Dixon and Joly, 1895). Various approaches have
been developed for determination of water potential, with
measurements taken either from the leaves or from the stem
(SWP). Water potential measurement is done either directly on
the plant (Mirds-Avalos et al., 2016; Blanco-Cipollone et al.,
2017) or estimated from multispectral imagery (Baluja et al.,
2012; Zhao T. et al., 2017; Beeri et al., 2018; Helman et al., 2018;
Tung et al., 2018). Precision irrigation control approaches based
on use of plant water potential-based thresholds for triggering of
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irrigation events are described by (Acevedo-Opazo et al., 2010;
Bellvert et al., 2015; Mirds-Avalos et al., 2016) and (Ruiz-
Sanchez et al,, 2018). The application of machine learning
approaches enables integration of historical water potential
measurements to predict spatial variations in water
requirements, as described in (Pogas et al, 2020). An
alternative method involves the use of water potential
thresholds as the

measurement approaches, such as trunk diameter shrinkage

standard for calibration of other
and growth rate (Livellara et al, 2011). Near infra-red
spectroscopy measurements have also been applied in
precision irrigation control, as described by (Diago et al., 2018).

Water is required for the maintenance of turgor pressure
in plants. Plant water status can therefore be monitored or
measured through measurement of turgor. Developments
leaf
in precision

related to turgor measurements and potential

application irrigation are described in
(Martinez-Gimeno et al., 2016; Rodriguez-Dominguez et al.,
2019). A novel approach employing ultrasonic sensing
techniques for determination of leaf water content as
related to turgor pressure is described in (Alvarez-Arenas
et al, 2016), allowing for non-contact application of
turgor-based precision irrigation control.

Other emerging methods of assessing plant water status that
could provide useful feedback for precision irrigation control
include measurement of leaf thickness (Seelig et al., 2011), trunk
diameter (Conejero et al., 2011; Meng et al., 2017), leaf reflectance
(Katsoulas et al., 2016) and various applications of image analysis
(Hendrawan and Murase, 2009; Chen et al., 2018; Mateo-Aroca
et al, 2019; Xu et al, 2020). The demarcation of irrigation
management zones based on plant-based sensors is also a
potential area of exploration (Bazzi et al,, 2018), allowing the
realization of zone-based irrigation control that better matches
the plant water requirements.

In general, while plant-based approaches (summarized in
Table 3) provide the closest match to plant water requirements,
there still exist open questions regarding the determination of
the of

physiological responses to water stress from other stresses,

appropriate irrigation quantity, distinguishing
and the dynamic adaptation of irrigation control to account
for physiological coping mechanisms employed by plants in
response to water stress.

The interaction between the soil, plant and atmosphere
provides a broad spectrum of combinations for precision
irrigation control approaches. Selection of a suitable approach
depends on the specific soil, plant and environmental
characteristics under consideration, as well as the desired scale
of application. While significant progress has been made in
development of field-level and zone-based precision irrigation
applications using all three approaches, there remains a
significant gap in plant-level precision irrigation control,
which has the potential to further improve the efficiency of

irrigation water supply to meet actual plant demand.
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TABLE 3 Summary of plant-based precision irrigation control approaches.
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Author Year  Sensing/ Application scope Modeling/Control
Measurement approach
Soil Plant Atm  Field Zone Plant
Acevedo-Opazo et al. 2010 X X X SWP-based regulated deficit irrigation
Andrade et al. 2018 X X X X ANN-based model predictive control
Bellvert et al. 2015 X X regulated deficit irrigation with dynamic management zones
Blanco-Cipollone et al. 2017 X X X deficit irrigation with on/off control and static thresholds
Gonzalez-Dugo et al. 2013 X X X X canopy-air temperature differential-based CWSI thresholding
Gutierrez et al. 2018 X X X reduced error pruning tree-based VRI
Kizer et al. 2018 X X X CWSI- and stem water potential-based VRI
Livellara et al. 2011 X X X variable rate drip irrigation
Martinez et al. 2016 X X X X IR image-based deficit irrigation
Matese et al. 2018 b X X stem water potential-based on/off control
Meron et al. 2010 X X X inverse distance-weighted interpolation of CWSI data
Miras-Avalos et al. 2016 X X X X SWP-based regulated deficit irrigation
O’Shaughnessy et al. 2012 X X X b'e CWSI- and time threshold-based on/off control
Osroosh et al. 2015 X X X X b'e X adaptive on/off control with dynamic threshold
Pocas et al. 2020 X X Bayesian and Tree-based regression algorithms
Rojo et al. 2016 X X X unsupervised fuzzy classification-based VRI
Ruiz-Sanchez et al. 2018 X X X X Takagi-Sugeno-Kang fuzzy inference system
Tung et al. 2018 X X X Modified partial least squares regression-based LWP modeling

3 Advances in precision irrigation

The development of precision irrigation control has benefited
from technological advances in various fields. In this section, the
technological advances contributing to precision irrigation
control are discussed under three main categories: sensor
development and data acquisition, data processing and control
approaches, and actuating devices. Specific elements of Industry
4.0 are directly addressed in each section.

3.1 Advances in sensing

3.1.1 Remote sensing

Greater availability of satellite data has provided a significant
boost to integration of remote sensor data in precision irrigation
applications. The soil moisture and ocean salinity (SMOS)
satellite (Kerr et al,, 2010) launched by the European Space
Agency and the soil moisture active and passive (SMAP)
(Entekhabi et al., 2010) satellite by NASA have in particular
been instrumental in furthering research on remote
measurement and monitoring of soil water content. Drought
assessment using soil water deficit indices derived from SMOS
Martinez-Ferndndez et al. (2016) and SMAP (Zhu et al., 2019)
enables the tracking of changes in soil moisture content over

time, enabling precision irrigation management. In (Brocca et al.,
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2018), satellite data are used to quantify amount of irrigation
water supplied at various sites, demonstrating the potential of
applying remote sensing data to monitoring and control tasks
The of
downscaling regional scale satellite data for local application,

associated with precision irrigation. challenge
such as in precision irrigation, is presented in (Peng et al., 2017),
with a discussion of satellite-based, geoinformation-based, and
model-base approaches. A key limitation of microwave satellites
is that soil moisture information describes the surface condition
rather than root zone characteristics. The Global Land
Evaporation Amsterdam Model (GLEAM) (Martens et al,
2017) provides a set of algorithms allowing estimation of
root-zone soil moisture and evaporation from satellite data,
allowing for incorporation into precision irrigation strategies.
Termite et al. (Termite et al., 2019) describe the harnessing of
machine learning capabilities in analysis of satellite imagery to
predict soil moisture dynamics for application in irrigation
decision support systems.

3.1.2 Wireless sensor networks

Advancements in wireless sensor network technology have
led to improved collection and analysis of sensor data for high
resolution mapping of soil moisture (Zhao et al., 2007; Xiao
et al,, 2010; Hedley et al,, 2013). Real-time communication
between sensors, actuators, and human users is easily
achievable available telecommunications

over locally
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infrastructure and interfaces can be implemented on mobile
hand-held devices (Isik et al., 2017). An expansion of sensor
networking has seen the rise of Internet-of-Things-based
sensing applied for monitoring of plant water requirements,
whether via soil-based, atmosphere-based, or plant-based
measurements (Vasisht et al., 2017; Goap et al., 2018; Munir
et al., 2018). Integration of wireless sensor networks has also
found application in dynamic delineation of irrigation
management zones for

zone-based precision irrigation

control in Sapna et al. (Sapna et al., 2020).

3.2 Advances in data processing and
control

3.2.1 Big data

The vast quantities of data generated from networked sensors
generate a need for expanded processing and storage capabilities.
In this respect, cloud computing approaches provide a viable
solution, finding application in monitoring of real-time irrigation
status (Lopez-Riquelme et al., 2017; Vaishali et al., 2017) and
modeling of plant water requirements for soil-based (Raikar
et al,, 2018; Mezouari et al., 2020), plant-based (Roopaei et al.,
2017), and atmosphere-based (Bendre et al, 2015) precision
irrigation control approaches. Data analysis techniques applied
on Big Data applications are also proving beneficial in
management of precision irrigation control systems (Zhang
et al.,, 2017).

3.2.2 Machine learning and artificial intelligence

Machine learning involves generation of self-modifying
or adapting algorithms whose performance accuracy
Machine
learning techniques have been crucial in development of
of

learning capabilities. Applications in the area of precision

increases with experience (Marsland, 2014).

dynamic control approaches through integration
irrigation are primarily in predictive modeling of soil
moisture dynamics (Hinnell et al., 2010; Adeyemi et al,
2018) and optimized irrigation scheduling (Jimenez et al.,
2018; Murthy et al., 2019). Recent research involves
application of Machine learning algorithms to identify new
parameters that can be employed in characterization of plant
water content, primarily through image analysis (Hendrawan

and Murase, 2009).

3.2.3 Multi-agent systems

Multi-agent systems expand the capabilities of artificial
intelligence by introducing multiple autonomous intelligent
agents capable of interacting with each other. Multi-agent
systems have been employed in simulation of plant growth
response to multiple

irrigation  strategies,

selection of optimal precision irrigation approaches for

allowing the

specific conditions (Isern et al., 2012; Belaqziz et al, 2013;
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Zaryouli et al, 2020). With the incorporation of real-time

sensed variables describing plant response to water

application, multi-agent systems have additionally been

proposed  for
algorithms (Villarrubia et al.,, 2017; Wanyama and Far, 2017;
Gonzélez-Briones et al,, 2019), allowing for constant adaptation

dynamic tuning of irrigation

scheduling

of water supply to plant needs. Further research in incorporation
of artificial intelligence in plant-based precision irrigation control
could be useful in enabling further individualization of plant
water requirement estimation, resulting in precision irrigation
control applications that more closely meet individual plant
needs.

An emerging field in precision irrigation control is the
modeling of irrigation-related parameters using hybrid

automata. Here, plant, soil, and atmosphere-related
parameters are modeled using finite state-machines, with
individual states described using simple linear models,
enabling the modeling and control of complex dynamic
systems, as described in Lozoya et al. (Lozoya et al., 2019) and
Jihin et al. (Jihin et al., 2019). Future work in this area would
involve integration of the generated plant models in precision
irrigation control algorithms, with the aim of predicting plant
water requirements

and adaptively adjusting irrigation

scheduling based on plant response.

3.3 Advances in actuation

Delivery of irrigation water involves control of suitable
individual or combinations of pumps, valves, gates, and drip
lines through connected actuators in the form of motors,
mechanisms, and/or linkages. To ensure that the required
amount of irrigation water is delivered in a timely manner to
the required location, improvements at the delivery end play a
significant role. A common unifying factor is uniform supply of
irrigation water, with precision control approaches mainly
concerned with on/off switching of actuators to accomplish
scheduling and determine irrigation quantity.

3.3.1 Variable rate irrigation

The achievement of precision irrigation requires variable
delivery of water to different locations, based on localized
requirements. The development of variable rate irrigation is
described in Mulla and Khosla (Mulla and Khosla, 2015) as
one of the major contributors to the widespread adoption of
precision agriculture. In variable rate irrigation, the amount of
water delivered by individual nozzles or groups of nozzles is
independently adjustable, allowing for delineation of a field into
different irrigation management zones. This is a widely used
approach in cases where variations in scheduling or frequency of
irrigation for different zones within the field may not be desired.
Implementation of variable rate irrigation has been achieved by a
number of researchers through modification of commercially
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available sprinkler irrigation systems to supply preset quantities
of water under the control of a programmable system (McCann
et al, 1997; Camp et al, 1998; Chavez et al., 2009) or
development of new systems with variable rate irrigation
capabilities (Han et al., 2009). With hardware capable of
supplying different amounts of water, precision irrigation
control is transformed into a zoning/mapping operation, with
regions requiring similar quantities of irrigation water (based on
soil properties or plant requirements) clustered together.
has
accomplished through measurement of soil properties at

Delineation of irrigation management zones been
different locations within the area under irrigation to generate
databases that are used to determine location-specific irrigation
settings (Hedley C. B. and Yule I. J., 2009; Chavez et al., 2009;
Moral et al., 2010; Nahry et al., 2011; Liakos et al., 2015; Boluwade
et al, 2016). Aggregation of on-site sensor measurements with
satellite data to develop decision support and zone management
systems for use in precision irrigation control is described by
multiple researchers as well (Zhang et al., 2009; Jiang et al., 2011;
De Benedetto et al., 2013a; Barker et al., 2018).

Variable

characterization of soil properties for zoning result in

rate  irrigation  approaches relying on
generation of prescription maps for precision irrigation
applications. Such approaches, however, fail to respond to the
dynamics of plant water requirements. Recent approaches
incorporate plant-based measurements to dynamically update
zoning maps generated from soil properties. O’Shaughnessy et al.
use real-time plant water stress readings taken during irrigation
events to dynamically update the zoning maps used for precision
2012a). In

Goumopoulos et al, a wireless sensor network integrating

irrigation control (O’Shaughnessy et al,
measurements from soil, plant, and atmosphere is applied in
generation of irrigation management zones and used for control
of a wireless actuator network for precision irrigation within a

greenhouse (Goumopoulos et al., 2014).

3.3.2 Agricultural robots

Introduction of robotic agents in automation of irrigation
water delivery is an emerging area of research interest. With
appropriate path planning and field preparation, greater
flexibility in geographical location of irrigation heads is
achievable, and the role of such robots is easily expandable to
include multiple functions, such as sensing of soil and plant
characteristics, collection of samples, and delivery of agricultural
chemicals. Jafari et al. introduce an autonomously guided vehicle
for relocation of sprinkler heads within an irrigated field (Jafari
et al., 2013). The replacement of manual labour with robotic
actuation improves on accuracy and speed of irrigation, as well as
minimizes wastage of water. Gealy et al. develop a hand-held
robotic device used for fine-tuning emitter settings in a modified
drip irrigation system (Gealy et al., 2016). Water delivery can be
set to match individual plant requirements by adjustment of flow
settings at each emitter. Thayer et al. introduce a routing
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algorithm to allow a similar robotic device for precision
adjustment of emitter settings to operate autonomously within
a vineyard (Thayer et al., 2018). Developments in collaborative
robotics provide further opportunities for integration of robotic
actuation in precision irrigation. Dusadeerungsikul et al.
(Dusadeerungsikul et al., 2019) discuss the development of a
collaborative control protocol which integrates robotic agents
into a smart greenhouse to create a cyber-physical system that
includes human and robotic agents. The described system
primarily serves a monitoring and detection role with
response provided by human operators. The system however
is an indicator of the potential application of collaborative robots
in a precision irrigation scenario, whether in sensing or actuation.

Current research involving collaborating robotic fleets,
otherwise described as swarm robotics, is an emerging area of
interest that could further influence future developments in
precision irrigation control. The scalability, flexibility, and
robustness in solution of complex tasks could be employed in
tailoring precision control decisions to allow more individually
adapted irrigation on larger scale (Albani et al., 2017). This is
facilitated by having specialized functions distributed among a
larger number of robots, which can then be deployed as and when
needed with coordinated communication (Emmi et al., 2014). Of
particular interest are swarms composed of aerial and ground
robots, which could integrate airborne sensing capabilities with
ground-based application tasks, allowing real-time, closed-loop
precision irrigation control (Grassi et al., 2017; Vu et al., 2017;
Potena et al., 2019).

4 Challenges and opportunities

Irrigation control has targeted at

minimization of water consumption at the expense of yield, or

primarily  been

maximization of yield at the expense of water consumption.
Research on the effect of targeted water stress during specific
growth periods however indicates that it is possible to achieve
equivalent or even greater yield while reducing water
consumption through strategic alternation of moderate
drought stress and recovery periods (Blum et al, 1990; Cui
et al., 2009; Niu et al,, 2018). With the ongoing depletion of
global freshwater supplies, minimization of water consumption
will remain an overarching target of precision irrigation, with
advancements in technology increasingly targeting more efficient
use of every applied drop of water. An emerging Frontier that
presents interesting research questions is the individualized
direct control of plant growth and development by targeted
application of environmental stresses, such as is accomplished
through deficit irrigation. This has been suggested in various
research works (Hunt and Nicholls, 1986; Kang and Wang, 2017;
Sanchez-Blanco et al., 2019). Kégler and Softker compare such
targeted growth control based on precise irrigation sequencing to
sports training (Kogler and Soffker, 2020). Development of more
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efficient precision irrigation technology and more accurate
models representing the complex relationship between plant
growth and irrigation water supply is necessary to achieve
this. More direct targeting of irrigation application to the
specific plants that require it, with quantity and timing
selected to just avoid the region of drought stress within
which physiological damage or yield reduction occurs, could
result in significant water savings and more reliable projection of
irrigation water use throughout the growing season.
Integration of networking and remote access into precision
irrigation solutions has led to a new set of challenges related to
data security. Wireless sensor networks, Internet-of-Things
enabled devices, and cloud-based systems can be particularly
vulnerable to cyber security threats such as distributed denial of
service (DDoS) attacks, integration into malicious botnets
(Antonakakis et al, 2017) and exploitation by ransomware
creators. This creates an additional layer of considerations to
be included in design of precision irrigation control systems.
Legal challenges stemming from ambiguity in regulatory
frameworks governing implementation of new technology
could be a setback in some precision irrigation applications,
such as those involving robotic actors and artificial intelligence.
Progress has been made in enacting legislation to govern
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operation of unmanned aerial vehicles within the European

Union (European Commission, Directorate-General for

2019a;
Directorate-General for Mobility and Transport, 2019b). Social

Mobility and Transport, European Commission,
and ethical issues stemming from implementation of artificial
intelligence and autonomous robotic agents are also a cause of
concern, with questions arising regarding data privacy,
accountability in decisions involving human interaction and
accessibility of criteria applied in decision-making (Miiller,
2020).

Despite existing challenges, a wealth of opportunities
abounds in precision irrigation research and implementation.
Recent advances in high resolution remote sensing technology
could also play an important role in precision irrigation. In
particular, the use of satellite data to infer soil moisture is
particularly practicable in introduction of precision irrigation
principles in decision support systems for large scale irrigation
platforms. Termite et al. apply machine learning techniques to
infer soil moisture status from satellite imagery, providing crucial
information for irrigation management at a municipality level
(Termite et al., 2019).

Further opportunities exist in application of cloud-based data
storage and processing, allowing for reduction in setup and
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operational costs through remote sharing of data and processing
power. Enhanced accumulation of soil, plant, and environmental
data facilitated by networked devices expands available agricultural
data from which new models and control approaches can be
generated and tested. On the actuation front, assistive technologies
such as subsurface water retention technology (SWRT) (Roy et al,,
2019), which uses an impermeable membrane to extend the
duration of water availability to plants, could be integrated into
precision irrigation scheduling approaches.

What then, does the future hold for precision irrigation
control? The incorporation of elements of Industry 4.0 in
agricultural applications (also referred to as Agriculture 4.0)
provides a guiding framework (see Figure 1). Plant-level
sensors would give individual plants or plant monitoring units
the ability to communicate their needs in real time. This
information would be collected and processed in real time in
an interconnected network of devices and agents. Artificial
intelligence would then interpret the collected data and
with
encompassing specific scenarios with regard to exactly how

combine it accurate, dynamic growth models
much water should be consumed during the entire growth
season, what yield is to be produced from each sector, by
which  date
developmental stages (including targeted harvest dates), and
additional

information to tailor the prescription to each field, growing

the crops should be arriving at specific

employing soil-specific and  weather-specific
season, and set of user preferences. A robust, adaptable
controller would then generate a database containing the
specific irrigation needs of each individual, and delivery of
water would be implemented by opening of irrigation valves
at the individual plant level, activated either remotely from a
cloud-connected platform, or on site by swarms of mobile robots,
each responsible for specific zones within the field. After all, the
best-placed entity to answer the question “how much water is too
much water” is the individual plant, communicating its needs in
real time and determining when it wishes to be watered, how
much water it requires, and how much thirst it can take before
compromising the final expected yield.

References

Abioye, E. A, Hensel, O., Esau, T ], Elijah, O., Abidin, M. S. Z., Ayobami, A. S, et al.
(2022). Precision irrigation management using machine learning and digital farming
solutions. AgriEngineering 4, 70-103. doi:10.3390/agriengineering4010006

Acevedo-Opazo, C., Ortega-Farias, S., and Fuentes, S. (2010). Effects of
grapevine (vitis vinifera 1.) water status on water consumption, vegetative
growth and grape quality: An irrigation scheduling application to achieve
regulated deficit irrigation. Agric. Water Manag. 97, 956-964. doi:10.1016/j.
agwat.2010.01.025

Adamchuk, V. I, Pan, L, Marx, D., and Martin, D. (2010). “Locating
soil monitoring sites using spatial analysis of multilayer data,” in
Proceedings of the 19th World Congress of Soil Science: Soil solutions for a
changing world, Brisbane, Australia (Vienna: International Union of Soil
Sciences).

and Norton, T.
soil  moisture

Peets, S., Domun, Y.,
network modelling of

Adeyemi, O., Grove, I,
(2018). Dynamic neural

Frontiers in Control Engineering

12

10.3389/fcteq.2022.982463

Author contributions

The contribution of the authors to the work is as follows:
Conceptualization, DS and LO; Resources, DS; Data Curation,
LO; Writing—Draft preparation, Review and Editing, LO and
DS; Proofreading—DS; Supervision, DS; Project Administration,
DS; Funding Acquisition, DS.

Funding

This publication was made possible through the financial
support of the Open Access Fund of the University of Duisburg-
Essen.

Acknowledgments

The authors wish to acknowledge the support provided the
Deutscher Akademischer Austauschdienst (DAAD) and the
Kenya National Research Fund (NRF) by means of a
scholarship covering the research period.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

content for predictive irrigation scheduling. Sensors 18, 3408. doi:10.3390/
s18103408

Adeyemi, O., Grove, L, Peets, S., and Norton, T. (2017). Advanced monitoring
and management systems for improving sustainability in precision irrigation.
Sustainability 9, 353. doi:10.3390/su9030353

Albani, D., IJsselmuiden, J., Haken, R., and Trianni, V. (2017). “Monitoring and
mapping with robot swarms for agricultural applications,” in 2017 14th IEEE
International Conference on Advanced Video and Signal Based Surveillance
(AVSS), 1-6. doi:10.1109/AVSS.2017.8078478

Allen, R. G. (1998). Crop evapotranspiration : Guidelines for computing crop water
requirements- FAO irrigation and drainage paper 56, 300. Rome: Food and
Agriculture Organization of the United Nations).

Alvarez-Arenas, T. G., Gil-Pelegrin, E., Cuello, J. E., Farifias, M., Sancho-Knapik,
D., Burbano, D. C, et al. (2016). Ultrasonic sensing of plant water needs for
agriculture. Sensors 16, 1089. doi:10.3390/s16071089

frontiersin.org


https://doi.org/10.3390/agriengineering4010006
https://doi.org/10.1016/j.agwat.2010.01.025
https://doi.org/10.1016/j.agwat.2010.01.025
https://doi.org/10.3390/s18103408
https://doi.org/10.3390/s18103408
https://doi.org/10.3390/su9030353
https://doi.org/10.1109/AVSS.2017.8078478
https://doi.org/10.3390/s16071089
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

Owino and Soffker

Andrade, M. A, Evett, S. R., and O’Shaughnessy, S. A. (2018). “Machine learning
algorithms applied to the forecasting of crop water stress indicators,” in Technical
session proceedings (Fairfax, VA: Irrigation Show). (Long Beach, California:
Irrigation Association).

Andugula, P., Durbha, S. S., Lokhande, A., and Suradhaniwar, S. (2017).
“Gaussian process based spatial modeling of soil moisture for dense soil
moisture sensing network,” in 2017 6th International Conference on Agro-
Geoinformatics, 1-5. doi:10.1109/Agro-Geoinformatics.2017.8047014

Antonakakis, M., April, T., Bailey, M., Bernhard, M., Bursztein, E., Cochran, J.,
etal. (2017). “Understanding the mirai botnet,” in Proceedings of the 26th USENIX
Security Symposium (Vancouver, BC, Canada: USENIX Association), 1093-1110.

Arborea, S., Giannoccaro, G., de Gennaro, B., Tacobellis, V., and Piccinni, A.
(2017). Cost-benefit analysis of wastewater reuse in puglia, southern Italy. Water 9,
175. doi:10.3390/w9030175

Arena, C., Genco, M., and Mazzola, M. R. (2020). Environmental benefits and
economical sustainability of urban wastewater reuse for irrigation—A cost-benefit
analysis of an existing reuse project in puglia, Italy. Water 12, 2926. doi:10.3390/
w12102926

Ayars, J. E,, and Phene, C. J. (2007). 7. Automation. In developments in
agricultural engineering (elsevier). Microirrigation Crop Prod. Des. Operation
Manag., 259-284. doi:10.1016/50167-4137(07)80010-2

Baluja, J., Diago, M. P., Balda, P., Zorer, R., Meggio, F., Morales, F,, et al. (2012).
Assessment of vineyard water status variability by thermal and multispectral
imagery using an unmanned aerial vehicle (UAV). Irrig. Sci. 30, 511-522.
doi:10.1007/s00271-012-0382-9

Barker, J. B., Heeren, D. M., Neale, C. M., and Rudnick, D. R. (2018). Evaluation of
variable rate irrigation using a remote-sensing-based model. Agric. Water Manag.
203, 63-74. doi:10.1016/j.agwat.2018.02.022

Bastiaanssen, W., Menenti, M., Feddes, R., and Holtslag, A. (1998). A remote
sensing surface energy balance algorithm for land (SEBAL). 1. formulation.
J. Hydrology 212-213, 198-212. doi:10.1016/50022-1694(98)00253-4

Bazza, M. (2007). Overview of the history of water resources and irrigation
management in the near east region. Water Supply 7, 201-209. doi:10.2166/ws.2007.023

Bazzi, C. L., Schenatto, K., Upadhyaya, S., Rojo, F., Kizer, E., and Ko-Madden, C.
(2018). Optimal placement of proximal sensors for precision irrigation in tree crops.
Precis. Agric. 20, 663-674. doi:10.1007/s11119-018-9604-3

Beeri, O., May-tal, S., Raz, Y., Rud, R, and Pelta, R. (2018). “Detecting variability
in plant water potential with multi-spectral satellite imagery,” in Proceedings of the
14th International Conference on Precision Agriculture, Montreal, Canada
(Monticello, IL: International Society of Precision Agriculture).

Belaqziz, S., Fazziki, A. E., Mangiarotti, S., Page, M. L., Khabba, S., Raki, S. E., et al.
(2013). An agent based modeling for the gravity irrigation management. Procedia
Environ. Sci. 19, 804-813. doi:10.1016/j.proenv.2013.06.089

Bellvert, J., Zarco-Tejada, P., Marsal, J., Girona, J., Gonzalez-Dugo, V., and
Fereres, E. (2015). Vineyard irrigation scheduling based on airborne thermal
imagery and water potential thresholds. Aust. J. Grape Wine Res. 22, 307-315.
doi:10.1111/ajgw.12173

Bendre, M. R., Thool, R. C,, and Thool, V. R. (2015). “Big data in precision
agriculture: Weather forecasting for future farming,” in 2015 1st International
Conference on Next Generation Computing Technologies, Dehradun, India
(Piscataway, NJ: IEEE), 744-750. doi:10.1109/NGCT.2015.7375220

Benzekri, A., and Refoufi, L. (2006). “Design and implementation of a
microprocessor-based interrupt-driven control for an irrigation system,” in 2006
1ST IEEE International Conference on E-Learning in Industrial Electronics, 68-73.
doi:10.1109/ICELIE.2006.347214

Bhatti, S., Heeren, D. M., Barker, J. B., Neale, C. M., Woldt, W. E., Maguire, M. S.,
et al. (2020). Site-specific irrigation management in a sub-humid climate using a
spatial evapotranspiration model with satellite and airborne imagery. Agric. Water
Manag. 230, 105950. doi:10.1016/j.agwat.2019.105950

Biswas, A. (1970). History of hydrology. Amsterdam New York: North-Holland
Publishing Company American Elsevier Publishing Company.

Blanco-Cipollone, F., Lourengo, S., Silvestre, J., Concei¢io, N., Mofino, M., Vivas,
A, et al. (2017). Plant water status indicators for irrigation scheduling associated
with iso- and anisohydric behavior: Vine and plum trees. Horticulturae 3,47. doi:10.
3390/horticulturae3030047

Blum, A., Ramaiah, S., Kanemasu, E., and Paulsen, G. (1990). Wheat recovery
from drought stress at the tillering stage of development. Field Crops Res. 24, 67-85.
doi:10.1016/0378-4290(90)90022-4

Bodkhe, U., Tanwar, S., Bhattacharya, P., and Kumar, N. (2020). Blockchain for
precision irrigation: Opportunities and challenges. Trans. Emerg. Tel. Tech. doi:10.
1002/ett.4059

Frontiers in Control Engineering

13

10.3389/fcteq.2022.982463

Boluwade, A., Madramootoo, C., and Yari, A. (2016). Application of
unsupervised clustering techniques for management zone delineation: Case
study of variable rate irrigation in southern alberta, Canada. J. Irrig. Drain. Eng.
142, 05015007. doi:10.1061/(asce)ir.1943-4774.0000936

Briggs, L. J., and Shantz, H. L. (1911). A wax seal method for determining
the lower limit of available soil moisture. Bot. Gaz. 51, 210-219. doi:10.1086/
330474

Brocca, L., Tarpanelli, A., Filippucci, P., Dorigo, W., Zaussinger, F., Gruber, A.,
et al. (2018). How much water is used for irrigation? A new approach exploiting
coarse resolution satellite soil moisture products. Int. J. Appl. Earth Observation
Geoinformation 73, 752-766. doi:10.1016/j.jag.2018.08.023

Bwambale, E., Abagale, F. K, and Anornu, G. K. (2022). Smart irrigation
monitoring and control strategies for improving water use efficiency in
precision agriculture: A review. Agric. Water Manag. 260, 107324. doi:10.1016/j.
agwat.2021.107324

Camp, C. R, Sadler, E. J,, Evans, D. E,, Usrey, L. J., and Omary, M. (1998).
Modified center pivot system for precision management of water and nutrients.
Appl. Eng. Agric. 14, 23-31. doi:10.13031/2013.19362

Camp, C. R, Sadler, J. E,, and Evans, R. G. (2006). “Chap. Precision water
management: Current realities, possibilities and trends,” in Handbook of precision
agriculture. Editor A. Srinivasan (Binghamton, New York: Haworth Press),
153-183.

Capraro, F., Patino, D., Tosetti, S., and Schugurensky, C. (2008). “Neural
network-based irrigation control for precision agriculture,” in 2008 IEEE
International Conference on Networking, Sensing and Control, 357-362. doi:10.
1109/ICNSC.2008.4525240

Chévez, J. L., Pierce, F. J., Elliott, T. V., and Evans, R. G. (2009). A remote
irrigation monitoring and control system for continuous move systems. Part a:
Description and development. Precis. Agric. 11, 1-10. doi:10.1007/s11119-009-
9109-1

Chen, A, Orlov-Levin, V., and Meron, M. (2018). “Applying high-resolution
visible-channel aerial scan of crop canopy to precision irrigation management,” in
Proceedings of the 2nd International Electronic Conference on Remote Sensing,
335. doi:10.3390/ecrs-2-051482

Chen, H., Huang, J. J, and McBean, E. (2020). Partitioning of daily
evapotranspiration using a modified shuttleworth-wallace model, random forest
and support vector regression, for a cabbage farmland. Agric. Water Manag. 228,
105923. doi:10.1016/j.agwat.2019.105923

Chen, L., Zhangzhong, L., Zheng, W., Yu, J., Wang, Z., Wang, L., et al.
(2019a). Data-driven calibration of soil moisture sensor considering impacts of
temperature: A case study on FDR sensors. Sensors 19, 4381. doi:10.3390/
519204381

Chen, S., Wang, S., Shukla, M. K., Wu, D., Guo, X,, Li, D,, et al. (2019b).
Delineation of management zones and optimization of irrigation scheduling
to improve irrigation water productivity and revenue in a farmland of
northwest China. Precis. Agric. 21, 655-677. d0i:10.1007/s11119-019-
09688-0

Conejero, W., Mellisho, C., Ortufio, M., Moriana, A., Moreno, F., and Torrecillas,
A. (2011). Using trunk diameter sensors for regulated deficit irrigation scheduling
in early maturing peach trees. Environ. Exp. Bot. 71, 409-415. doi:10.1016/j.
envexpbot.2011.02.014

Cui, N, Du, T., Kang, S., Li, F., Zhang, J., Wang, M., et al. (2008). Regulated deficit
irrigation improved fruit quality and water use efficiency of pear-jujube trees. Agric.
Water Manag. 95, 489-497. doi:10.1016/j.agwat.2007.11.007

Cui, N, Du, T,, Li, F,, Tong, L., Kang, S., Wang, M., et al. (2009). Response of
vegetative growth and fruit development to regulated deficit irrigation at different
growth stages of pear-jujube tree. Agric. Water Manag. 96, 1237-1246. doi:10.1016/
j.agwat.2009.03.015

De Benedetto, D., Castrignano, A., and Quarto, R. (2013b). A geostatistical
approach to estimate soil moisture as a function of geophysical data and soil
attributes. Procedia Environ. Sci. 19, 436-445. doi:10.1016/j.proenv.2013.
06.050

De Benedetto, D., Castrignano, A., Rinaldi, M., Ruggieri, S., Santoro, F., Figorito,
B., et al. (2013a). An approach for delineating homogeneous zones by using multi-
sensor data. Geoderma 199, 117-127. doi:10.1016/j.geoderma.2012.08.028

de Lara, A, Khosla, R, and Longchamps, L. (2018). Characterizing spatial
variability in soil water content for precision irrigation management. Agronomy
8, 59. doi:10.3390/agronomy8050059

Diago, M. P., Fernandez-Novales, J., Gutiérrez, S., Marafion, M., and Tardaguila,
J. (2018). Development and validation of a new methodology to assess the vineyard
water status by on-the-go near infrared spectroscopy. Front. Plant Sci. 9, 59. doi:10.
3389/fpls.2018.00059

frontiersin.org


https://doi.org/10.1109/Agro-Geoinformatics.2017.8047014
https://doi.org/10.3390/w9030175
https://doi.org/10.3390/w12102926
https://doi.org/10.3390/w12102926
https://doi.org/10.1016/s0167-4137(07)80010-2
https://doi.org/10.1007/s00271-012-0382-9
https://doi.org/10.1016/j.agwat.2018.02.022
https://doi.org/10.1016/s0022-1694(98)00253-4
https://doi.org/10.2166/ws.2007.023
https://doi.org/10.1007/s11119-018-9604-3
https://doi.org/10.1016/j.proenv.2013.06.089
https://doi.org/10.1111/ajgw.12173
https://doi.org/10.1109/NGCT.2015.7375220
https://doi.org/10.1109/ICELIE.2006.347214
https://doi.org/10.1016/j.agwat.2019.105950
https://doi.org/10.3390/horticulturae3030047
https://doi.org/10.3390/horticulturae3030047
https://doi.org/10.1016/0378-4290(90)90022-4
https://doi.org/10.1002/ett.4059
https://doi.org/10.1002/ett.4059
https://doi.org/10.1061/(asce)ir.1943-4774.0000936
https://doi.org/10.1086/330474
https://doi.org/10.1086/330474
https://doi.org/10.1016/j.jag.2018.08.023
https://doi.org/10.1016/j.agwat.2021.107324
https://doi.org/10.1016/j.agwat.2021.107324
https://doi.org/10.13031/2013.19362
https://doi.org/10.1109/ICNSC.2008.4525240
https://doi.org/10.1109/ICNSC.2008.4525240
https://doi.org/10.1007/s11119-009-9109-1
https://doi.org/10.1007/s11119-009-9109-1
https://doi.org/10.3390/ecrs-2-05148
https://doi.org/10.1016/j.agwat.2019.105923
https://doi.org/10.3390/s19204381
https://doi.org/10.3390/s19204381
https://doi.org/10.1007/s11119-019-09688-0
https://doi.org/10.1007/s11119-019-09688-0
https://doi.org/10.1016/j.envexpbot.2011.02.014
https://doi.org/10.1016/j.envexpbot.2011.02.014
https://doi.org/10.1016/j.agwat.2007.11.007
https://doi.org/10.1016/j.agwat.2009.03.015
https://doi.org/10.1016/j.agwat.2009.03.015
https://doi.org/10.1016/j.proenv.2013.06.050
https://doi.org/10.1016/j.proenv.2013.06.050
https://doi.org/10.1016/j.geoderma.2012.08.028
https://doi.org/10.3390/agronomy8050059
https://doi.org/10.3389/fpls.2018.00059
https://doi.org/10.3389/fpls.2018.00059
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

Owino and Soffker

Ding, J., and Chandra, R. (2019). “Towards low cost soil sensing using wi-fi,” in
The 25th Annual International Conference on Mobile Computing and Networking,
Los Cabos, Mexico (New York, NY: ACM). doi:10.1145/3300061.3345440

Dixon, H. H., and Joly, J. (1895). On the ascent of sap. Philosophical Trans. R. Soc.
Lond. B 186, 563-576.

Dominguez-Nifio, J. M., Oliver-Manera, J., Girona, J., and Casadests, J. (2020).
Differential irrigation scheduling by an automated algorithm of water balance tuned
by capacitance-type soil moisture sensors. Agric. Water Manag. 228, 105880. doi:10.
1016/j.agwat.2019.105880

Dusadeerungsikul, P. O., Nof, S. Y., Bechar, A., and Tao, Y. (2019). Collaborative
control protocol for agricultural cyber-physical system. Procedia Manuf. 39,
235-242. doi:10.1016/j.promfg.2020.01.330

Egea, G., Muniz, J., and Diaz-Espejo, A. (2017). Optimization of an automatic
irrigation system for precision irrigation of blueberries grown in sandy soil. Adv.
Animal Biosci. 8, 551-556. doi:10.1017/s204047001700005x

Emmi, L., de Soto, M. G., Pajares, G., and de Santos, P. G. (2014). New trends in
robotics for agriculture: Integration and assessment of a real fleet of robots. Sci.
World J., 1-21. doi:10.1155/2014/404059

Entekhabi, D., Njoku, E. G., O’Neill, P. E., Kellogg, K. H., Crow, W. T., Edelstein,
W.N, etal. (2010). The soil moisture active passive (SMAP) mission. Proc. IEEE 98,
704-716. doi:10.1109/jproc.2010.2043918

European Commission, Directorate-General for Mobility and Transport (2019b).
Commission delegated regulation (eu) 2019/945 of 12 march 2019 on unmanned
aircraft systems and on third-country operators of unmanned aircraft systems.
Official J. Eur. Union 62, 1-40.

European Commission, Directorate-General for Mobility and Transport (2019a).
Commission implementing regulation (eu) 2019/947 of 24 may 2019 on the rules
and procedures for the operation of unmanned aircraft (text with eea relevance.).
Official J. Eur. Union 62, 45-71.

Farooque, A. A, Afzaal, H., Abbas, F., Bos, M., Magsood, J., Wang, X, et al. (2021).
Forecasting daily evapotranspiration using artificial neural networks for sustainable
irrigation scheduling. Irrig. Sci. 40, 55-69. doi:10.1007/s00271-021-00751-1

Fernandez, J. (2017). Plant-based methods for irrigation scheduling of woody
crops. Horticulturae 3, 35. doi:10.3390/horticulturae3020035

Fontanet, M., Scudiero, E., Skaggs, T. H., Fernandez-Garcia, D., Ferrer, F.,
Rodrigo, G., et al. (2020). Dynamic management zones for irrigation scheduling.
Agric. Water Manag. 238, 106207. doi:10.1016/j.agwat.2020.106207

Fourati, M. A., Chebbi, W., and Kamoun, A. (2014). “Development of a web-
based weather station for irrigation scheduling,” IEEE international colloquium in
information science and technology. (CIST IEEE). doi:10.1109/cist.2014.7016591

Gao, Z., Zhu, Y., Liu, C,, Qian, H., Cao, W., and Ni, J. (2018). Design and test of a
soil profile moisture sensor based on sensitive soil layers. Sensors 18, 1648. doi:10.
3390/518051648

Gealy, D. V., McKinley, S., Guo, M., Miller, L., Vougioukas, S., Viers, J., et al.
(2016). “Date: A handheld co-robotic device for automated tuning of emitters to
enable precision irrigation,” in IEEE International Conference on Automation
Science and Engineering, Fort Worth, TX (Piscataway, NJ: IEEE), 922-927. doi:10.
1109/COASE.2016.7743501

Goap, A., Sharma, D., Shukla, A., and Krishna, C. R. (2018). An IoT based smart
irrigation management system using machine learning and open source
technologies. Comput. Electron. Agric. 155, 41-49. doi:10.1016/j.compag.2018.
09.040

Gobbo, P.,, Panunzi, M., and Berti, M. (2019). Integrating SEBAL with in-field
crop water status measurement for precision irrigation applications—A case study.
Remote Sens. 11, 2069. doi:10.3390/rs11172069

Gonzélez-Briones, A., Castellanos-Garzon, J. A., Mezquita-Martin, Y., Prieto, J.,
and Corchado, J. M. (2019). “A multi-agent system framework for autonomous
crop irrigation,” in 2019 2nd International Conference on Computer Applications
Information Security (ICCAIS), 1-6. doi:10.1109/CAIS.2019.8769456

Gonzalez-Dugo, V., Goldhamer, D., Zarco-Tejada, P. J., and Fereres, E. (2014).
Improving the precision of irrigation in a pistachio farm using an unmanned
airborne thermal system. Irrig. Sci. 33, 43-52. doi:10.1007/500271-014-0447-z

Gonzalez-Dugo, V., Zarco-Tejada, P., Nicolas, E., Nortes, P. A., Alarcén, J. ],
Intrigliolo, D. S., et al. (2013). Using high resolution UAV thermal imagery to assess
the variability in the water status of five fruit tree species within a commercial
orchard. Precis. Agric. 14, 660-678. doi:10.1007/s11119-013-9322-9

Gonzalez-Teruel, J., Torres-Sinchez, R., Blaya-Ros, P., Toledo-Moreo, A.,
Jiménez-Buendia, M., and Soto-Valles, F. (2019). Design and calibration of a
low-cost SDI-12 soil moisture sensor. Sensors 19, 491. doi:10.3390/s19030491

Gordin, L. C., de Almeida, C. D. G. C,, Junior, J. A. S., de Franga e Silva, E. F.,
Almeida, A. C. D. S,, and da Silva, G. S. N. (2019). Irrigation scheduling techniques

Frontiers in Control Engineering

14

10.3389/fcteq.2022.982463

and irrigation frequency on capsicum growth and yield. DYNA 86, 42-48. doi:10.
15446/dyna.v86n211.77678

Goumopoulos, C., O’Flynn, B., and Kameas, A. (2014). Automated zone-specific
irrigation with wireless sensor/actuator network and adaptable decision support.
Comput. Electron. Agric. 105, 20-33. doi:10.1016/j.compag.2014.03.012

Grassi, R, Rea, P., Ottaviano, E., and Maggiore, P. (2017). “Application of an
inspection robot composed by collaborative terrestrial and aerial modules for an
operation in agriculture,” in Advances in service and industrial robotics (Springer
International Publishing), 539-546. doi:10.1007/978-3-319-61276-8_56

Grenfell, B. P., Hunt, A. S., Hogarth, D. G., and Milne, J. G. (1900). Fayiim towns
and their papyri. London: Egypt: exploration fund: Graeco-Roman branch.

Gu, Z., Zhu, T., Jiao, X., Xu, J., and Qi, Z. (2021). Neural network soil moisture
model for irrigation scheduling. Comput. Electron. Agric. 180, 105801. doi:10.1016/
j.compag.2020.105801

Gutiérrez, S., Diago, M. P., Fernandez-Novales, J., and Tardaguila, J. (2018).
Vineyard water status assessment using on-the-go thermal imaging and machine
learning. PLOS ONE 13, €0192037. doi:10.1371/journal.pone.0192037

Hagenvoort, J., Ortega-Reig, M., Botella, S., Garcia, C., de Luis, A., and Palau-
Salvador, G. (2019). Reusing treated waste-water from a circular economy
perspective—The case of the real acequia de moncada in valencia (Spain).
Water 11, 1830. doi:10.3390/w11091830

Haghverdi, A., Leib, B. G., Washington-Allen, R. A., Ayers, P. D, and
Buschermohle, M. J. (2015). Perspectives on delineating management zones for
variable rate irrigation. Comput. Electron. Agric. 117, 154-167. doi:10.1016/j.
compag.2015.06.019

Han, L., Wang, C,, Liu, Q,, Wang, G., Yu, T,, Gu, X,, et al. (2020). Soil moisture
mapping based on multi-source fusion of optical, near-infrared, thermal infrared,
and digital elevation model data via the bayesian maximum entropy framework.
Remote Sens. 12, 3916. doi:10.3390/rs12233916

Han, Y. J., Khalilian, A., Owino, T. O., Farahani, H. J., and Moore, S. (2009).
Development of clemson variable-rate lateral irrigation system. Comput. Electron.
Agric. 68, 108-113. doi:10.1016/j.compag.2009.05.002

Hargreaves, G. H., and Samani, Z. A. (1985). Reference crop evapotranspiration
from temperature. Appl. Eng. Agric. 1, 96-99. doi:10.13031/2013.26773

Hedley, C. B., and Yule, I. J. (2009b). Soil water status mapping and two
variable-rate irrigation scenarios. Precis. Agric. 10, 342-355. doi:10.1007/s11119-
009-9119-z

Hedley, C., Roudier, P., Yule, I, Ekanayake, J., and Bradbury, S. (2013). Soil
water status and water table depth modelling using electromagnetic surveys for
precision irrigation scheduling. Geoderma 199, 22-29. doi:10.1016/j.geoderma.
2012.07.018

Hedley, C., and Yule, I. (2009a). A method for spatial prediction of daily soil water
status for precise irrigation scheduling. Agric. Water Manag. 96, 1737-1745. doi:10.
1016/j.agwat.2009.07.009

Helman, D., Bahat, 1., Netzer, Y., Ben-Gal, A., Alchanatis, V., Peeters, A., et al.
(2018). Using time series of high-resolution planet satellite images to monitor
grapevine stem water potential in commercial vineyards. Remote Sens. 10, 1615.
doi:10.3390/rs10101615

Hendrawan, Y., and Murase, H. (2009). Precision irrigation for sunagoke moss
production using intelligent image analysis. Environ. Control Biol. 47, 21-36. doi:10.
2525/ecb.47.21

Hinnell, A. C., Lazarovitch, N., Furman, A., Poulton, M., and Warrick, A. W. (2010).
Neuro-drip: Estimation of subsurface wetting patterns for drip irrigation using neural
networks. Irrig. Sci. 28, 535-544. doi:10.1007/s00271-010-0214-8

Hoogenboom, G., Porter, C. H., Boote, K. J., Shelia, V., Wilkens, P. W., Singh, U,,
etal. (2019). “The DSSAT crop modeling ecosystem,” in Advances in crop modelling
for a sustainable agriculture (Cambridge: Burleigh Dodds Science Publishing),
173-216. doi:10.19103/a5.2019.0061.10

Hunt, R,, and Nicholls, A. O. (1986). Stress and the coarse control of growth and
root-shoot partitioning in herbaceous plants. Oikos 47, 149. doi:10.2307/3566039

Hurley, P. (2005). The air pollution model (TAPM) version 3. Aspendale,
VictoriaCSIRO Atmospheric Research.

Idso, S., Jackson, R., Pinter, P., Reginato, R., and Hatfield, J. (1981). Normalizing
the stress-degree-day parameter for environmental variability. Agric. Meteorol. 24,
45-55. doi:10.1016/0002-1571(81)90032-7

Incrocci, L., Incrocci, G., di Vita, A., Pardossi, A., Bibbiani, C., Marzialetti, P., et al.
(2014). Scheduling irrigation in heterogeneous container nursery crops. Acta
Hortic. 193, 193-200. doi:10.17660/actahortic.2014.1034.23

Isern, D., Abelld, S., and Moreno, A. (2012). Development of a multi-agent system
simulation platform for irrigation scheduling with case studies for garden irrigation.
Comput. Electron. Agric. 87, 1-13. d0i:10.1016/j.compag.2012.04.007

frontiersin.org


https://doi.org/10.1145/3300061.3345440
https://doi.org/10.1016/j.agwat.2019.105880
https://doi.org/10.1016/j.agwat.2019.105880
https://doi.org/10.1016/j.promfg.2020.01.330
https://doi.org/10.1017/s204047001700005x
https://doi.org/10.1155/2014/404059
https://doi.org/10.1109/jproc.2010.2043918
https://doi.org/10.1007/s00271-021-00751-1
https://doi.org/10.3390/horticulturae3020035
https://doi.org/10.1016/j.agwat.2020.106207
https://doi.org/10.1109/cist.2014.7016591
https://doi.org/10.3390/s18051648
https://doi.org/10.3390/s18051648
https://doi.org/10.1109/COASE.2016.7743501
https://doi.org/10.1109/COASE.2016.7743501
https://doi.org/10.1016/j.compag.2018.09.040
https://doi.org/10.1016/j.compag.2018.09.040
https://doi.org/10.3390/rs11172069
https://doi.org/10.1109/CAIS.2019.8769456
https://doi.org/10.1007/s00271-014-0447-z
https://doi.org/10.1007/s11119-013-9322-9
https://doi.org/10.3390/s19030491
https://doi.org/10.15446/dyna.v86n211.77678
https://doi.org/10.15446/dyna.v86n211.77678
https://doi.org/10.1016/j.compag.2014.03.012
https://doi.org/10.1007/978-3-319-61276-8_56
https://doi.org/10.1016/j.compag.2020.105801
https://doi.org/10.1016/j.compag.2020.105801
https://doi.org/10.1371/journal.pone.0192037
https://doi.org/10.3390/w11091830
https://doi.org/10.1016/j.compag.2015.06.019
https://doi.org/10.1016/j.compag.2015.06.019
https://doi.org/10.3390/rs12233916
https://doi.org/10.1016/j.compag.2009.05.002
https://doi.org/10.13031/2013.26773
https://doi.org/10.1007/s11119-009-9119-z
https://doi.org/10.1007/s11119-009-9119-z
https://doi.org/10.1016/j.geoderma.2012.07.018
https://doi.org/10.1016/j.geoderma.2012.07.018
https://doi.org/10.1016/j.agwat.2009.07.009
https://doi.org/10.1016/j.agwat.2009.07.009
https://doi.org/10.3390/rs10101615
https://doi.org/10.2525/ecb.47.21
https://doi.org/10.2525/ecb.47.21
https://doi.org/10.1007/s00271-010-0214-8
https://doi.org/10.19103/as.2019.0061.10
https://doi.org/10.2307/3566039
https://doi.org/10.1016/0002-1571(81)90032-7
https://doi.org/10.17660/actahortic.2014.1034.23
https://doi.org/10.1016/j.compag.2012.04.007
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

Owino and Soffker

Isik, M., Sonmez, Y., Yilmaz, C., Ozdemir, V., and Yilmaz, E. (2017). Precision
irrigation system (PIS) using sensor network technology integrated with I0S/
android application. Appl. Sci. 7, 891. doi:10.3390/app7090891

Jackson, R. D., Idso, S. B., Reginato, R. J., and Pinter, P. J. (1981). Canopy
temperature as a crop water stress indicator. Water Resour. Res. 17, 1133-1138.
doi:10.1029/wr017i004p01133

Jafari, S., Barenji, R. V., and Hashemipour, M. (2013). Towards an automated
guided vehicle (AGV) in sprinkler irrigation. Int. J. Environ. Sci. Dev. 456, 456-460.
doi:10.7763/ijesd.2013.v4.393

Jagermeyr, J., Gerten, D., Heinke, J., Schaphoff, S, Kummu, M., and Lucht, W.
(2015). Water savings potentials of irrigation systems: Global simulation of processes
and linkages. Hydrol. Earth Syst. Sci. 19, 3073-3091. doi:10.5194/hess-19-3073-2015

Javadi, S. H., Guerrero, A., and Mouazen, A. M. (2022). Clustering and smoothing
pipeline for management zone delineation using proximal and remote sensing.
Sensors 22, 645. do0i:10.3390/s22020645

Jiang, Q., Fu, Q.,, and Wang, Z. (2011). “Study on delineation of irrigation
management zones based on management zone analyst software,” in Computer and
computing technologies in agriculture IV (Springer Berlin Heidelberg), 419-427.
doi:10.1007/978-3-642-18354-6_50

Jihin, R., Kogler, F., and Soffker, D. (2019). “Data driven state machine model for
industry 4.0 lifetime modeling and identification of irrigation control parameters,”
in 2019 global IoT summit (GIoTS), 1-6. doi:10.1109/GIOTS.2019.8766393

Jimenez, A.-F., Ortiz, B. V., Bondesan, L., Morata, G., and Damianidis, D. (2020). Long
short-term memory neural network for irrigation management: A case study from
southern Alabama, USA. Precis. Agric. 22, 475-492. doi:10.1007/s11119-020-09753-z

Jimenez, A. F., Herrera, E. F., Ortiz, B. V., Ruiz, A., and Cardenas, P. F. (2018).
“Inference system for irrigation scheduling with an intelligent agent,” in Advances
in intelligent systems and computing (Springer International Publishing), 1-20.
doi:10.1007/978-3-030-04447-3_1

Jones, H. G. (2004). Irrigation scheduling: Advantages and pitfalls of plant-based
methods. J. Exp. Bot. 55, 2427-2436. doi:10.1093/jxb/erh213

Kang, M., and Wang, F.-Y. (2017). From parallel plants to smart plants:
Intelligent control and management for plant growth. IEEE/CAA J. Autom. Sin.
4, 161-166. doi:10.1109/jas.2017.7510487

Katsoulas, N., Elvanidi, A., Ferentinos, K. P., Kacira, M., Bartzanas, T., and Kittas, C.
(2016). Crop reflectance monitoring as a tool for water stress detection in greenhouses:
A review. Biosyst. Eng. 151, 374-398. doi:10.1016/j.biosystemseng.2016.10.003

Kerr, Y. H., Waldteufel, P., Wigneron, J.-P., Delwart, S., Cabot, F., Boutin, J., et al.
(2010). The SMOS mission: New tool for monitoring key elements ofthe global
water cycle. Proc. IEEE 98, 666-687. doi:10.1109/jproc.2010.2043032

Kizer, E., Ko-Madden, C., Drechsler, K., Meyers, ], Jiang, C., de S. Santos, R,, et al.
(2018). Precision irrigation in almonds based on plant water status. Amaz. Jour.
Plant Resear. 2, 113-116. doi:10.26545/ajpr.2018.b00015x

Klein, L. J., Hamann, H. F., Hinds, N., Guha, S., Sanchez, L., Sams, B., et al. (2018).
Closed loop controlled precision irrigation sensor network. IEEE Internet Things J.
5, 4580-4588. doi:10.1109/ji0t.2018.2865527

Kogler, F., and Soffker, D. (2020). State-based open-loop control of plant growth
by means of water stress training. Agric. Water Manag. 230, 105963. doi:10.1016/j.
agwat.2019.105963

Kogler, F., and Softker, D. (2017). Water (stress) models and deficit irrigation:
System-theoretical description and causality mapping. Ecol. Model. 361, 135-156.
doi:10.1016/j.ecolmodel.2017.07.031

Kojima, Y., Shigeta, R,, Miyamoto, N., Shirahama, Y., Nishioka, K., Mizoguchi,
M, et al. (2016). Low-cost soil moisture profile probe using thin-film capacitors and
a capacitive touch sensor. Sensors 16, 1292. doi:10.3390/s16081292

LaPotin, A., Zhong, Y., Zhang, L., Zhao, L., Leroy, A., Kim, H., et al. (2021). Dual-
stage atmospheric water harvesting device for scalable solar-driven water
production. Joule 5, 166-182. doi:10.1016/j.joule.2020.09.008

Liakos, V., Vellidis, G., Tucker, M., Lowrance, C., and Liang, X. (2015). “A
decision support tool for managing precision irrigation with center pivots,” in
Precision agriculture ’15 (Wageningen Academic Publishers), 677-684. doi:10.3920/
978-90-8686-814-8_84

Liang, Z., Liu, X, Xiong, J., and Xiao, J. (2020). Water allocation and integrative
management of precision irrigation: A systematic review. Water 12, 3135. doi:10.
3390/w12113135

Linker, R., Sylaios, G., Tsakmakis, I., Ramos, T., Simionesei, L., Plauborg, F., et al.
(2018). Sub-optimal model-based deficit irrigation scheduling with realistic weather
forecasts. Irrig. Sci. 36, 349-362. doi:10.1007/s00271-018-0592-x

Lipan, L., Martin-Palomo, M. J., Sinchez-Rodriguez, L., Cano-Lamadrid, M., Sendra,
E., Hernandez, F., et al. (2019). Almond fruit quality can be improved by means of deficit
irrigation strategies. Agric. Water Manag. 217, 236-242. doi:10.1016/j.agwat.2019.02.041

Frontiers in Control Engineering

15

10.3389/fcteq.2022.982463

Liu, Z., and Xu, Q. (2018). Precision irrigation scheduling using ECH20 moisture
sensors for lettuce cultivated in a soilless substrate culture. Water 10, 549. doi:10.
3390/w10050549

Livellara, N., Saavedra, F., and Salgado, E. (2011). Plant based indicators for
irrigation scheduling in young cherry trees. Agric. Water Manag. 98, 684-690.
doi:10.1016/j.agwat.2010.11.005

Lopez-Riquelme, J., Pavon-Pulido, N., Navarro-Hellin, H., Soto-Valles, F., and Torres-
Sénchez, R. (2017). A software architecture based on FIWARE cloud for precision
agriculture. Agric. Water Manag. 183, 123-135. doi:10.1016/j.agwat.2016.10.020

Lorite, 1. J., Ramirez-Cuesta, J. M., Cruz-Blanco, M., and Santos, C. (2015). Using
weather forecast data for irrigation scheduling under semi-arid conditions. Irrig. Sci.
33, 411-427. doi:10.1007/s00271-015-0478-0

Lou, Y., Miao, Y., Wang, Z., Wang, L., Li, J., Zhang, C,, et al. (2016).
Establishment of the soil water potential threshold to trigger irrigation of
kyoho grapevines based on berry expansion, photosynthetic rate and
photosynthetic product allocation. Aust. . Grape Wine Res. 22, 316-323.
doi:10.1111/ajgw.12208

Lozoya, C., Favela-Contreras, A., Aguilar-Gonzalez, A., and Orona, L. (2019). A
precision irrigation model using hybrid automata. Trans. ASABE 62, 1639-1650.
doi:10.13031/trans.13357

Lozoya, C., Mendoza, C., Aguilar, A., Roman, A., and Castelld, R. (2016). Sensor-
based model driven control strategy for precision irrigation. J. Sensors 2016, 1-12.
doi:10.1155/2016/9784071

Lu, H., Shi, W., Guo, Y., Guan, W., Lei, C., and Yu, G. (2022). Materials
engineering for atmospheric water harvesting: Progress and perspectives. Adv.
Mater. 34, 2110079. doi:10.1002/adma.202110079

Ma, L., Qi, Z,, Shen, Y., He, L., Xu, S., Kisekka, L, et al. (2017). Optimizing et-
based irrigation scheduling for wheat and maize with water constraints. Trans.
ASABE 60, 2053-2065. doi:10.13031/trans.12363

Marsland, S. (2014). Machine learning. Taylor & Francis.

Martens, B, Miralles, D. G., Lievens, H., van der Schalie, R, de Jeu, R. A. M.,
Fernandez-Prieto, D., et al. (2017). GLEAM v3: Satellite-based land evaporation and root-
zone soil moisture. Geosci. Model Dev. 10, 1903-1925. doi:10.5194/gmd-10-1903-2017

Martinez, J., Egea, G., Agiiera, J., and Pérez-Ruiz, M. (2016). A cost-effective
canopy temperature measurement system for precision agriculture: A case study on
sugar beet. Precis. Agric. 18, 95-110. doi:10.1007/s11119-016-9470-9

Martinez-Fernandez, J., Gonzdlez-Zamora, A., Sdnchez, N., Gumuzzio, A., and
Herrero-Jiménez, C. (2016). Satellite soil moisture for agricultural drought
monitoring: Assessment of the SMOS derived soil water deficit index. Remote
Sens. Environ. 177, 277-286. doi:10.1016/j.rse.2016.02.064

Martinez-Gimeno, M. A,, Castiella, M., Riiger, S., Intrigliolo, D. S., and Ballester,
C. (2016). Evaluating the usefulness of continuous leaf turgor pressure
measurements for the assessment of persimmon tree water status. Irrig. Sci. 35,
159-167. d0i:10.1007/500271-016-0527-3

Mateo-Aroca, A., Garca-Mateos, G., Ruiz-Canales, A., Molina-Garcfa-Pardo, J. M.,
and Molina-Martinez, J. M. (2019). Remote image capture system to improve aerial
supervision for precision irrigation in agriculture. Water 11, 255. doi:10.3390/w11020255

Matese, A., Baraldi, R., Berton, A., Cesaraccio, C., Gennaro, S. D., Duce, P., et al.
(2018). Estimation of water stress in grapevines using proximal and remote sensing
methods. Remote Sens. 10, 114. do0i:10.3390/rs10010114

McCann, I. R, King, B. A,, and Stark, J. C. (1997). Variable rate water and
chemical application for continuous-move sprinkler irrigation systems. Appl. Eng.
Agric. 13, 609-615. doi:10.13031/2013.21649

Meng, Z., Duan, A., Chen, D., Dassanayake, K. B., Wang, X., Liu, Z., et al. (2017).
Suitable indicators using stem diameter variation-derived indices to monitor the
water status of greenhouse tomato plants. PLOS ONE 12, e0171423. doi:10.1371/
journal.pone.0171423

Meron, M., Tsipris, J., Orlov, V., Alchanatis, V., and Cohen, Y. (2010). Crop water
stress mapping for site-specific irrigation by thermal imagery and artificial reference
surfaces. Precis. Agric. 11, 148-162. doi:10.1007/s11119-009-9153-x

Mezouari, A. E., Najib, M., and Fazziki, A. E. (2020). “Towards a smart irrigation
scheduling system through massive data and predictive models,” in Advances in
intelligent systems and computing (Springer International Publishing), 375-384.
doi:10.1007/978-3-030-36664-3_42

Miras-Avalos, ]. M., Pérez-Sarmiento, F., Alcobendas, R., Alarcén, J. J., Mounzer,
0., and Nicolds, E. (2016). Using midday stem water potential for scheduling deficit
irrigation in mid-late maturing peach trees under mediterranean conditions. Irrig.
Sci. 34, 161-173. doi:10.1007/s00271-016-0493-9

Moral, F., Terrén, J., and da Silva, J. M. (2010). Delineation of management zones
using mobile measurements of soil apparent electrical conductivity and multivariate
geostatistical techniques. Soil Tillage Res. 106, 335-343. doi:10.1016/j.5till.2009.
12.002

frontiersin.org


https://doi.org/10.3390/app7090891
https://doi.org/10.1029/wr017i004p01133
https://doi.org/10.7763/ijesd.2013.v4.393
https://doi.org/10.5194/hess-19-3073-2015
https://doi.org/10.3390/s22020645
https://doi.org/10.1007/978-3-642-18354-6_50
https://doi.org/10.1109/GIOTS.2019.8766393
https://doi.org/10.1007/s11119-020-09753-z
https://doi.org/10.1007/978-3-030-04447-3_1
https://doi.org/10.1093/jxb/erh213
https://doi.org/10.1109/jas.2017.7510487
https://doi.org/10.1016/j.biosystemseng.2016.10.003
https://doi.org/10.1109/jproc.2010.2043032
https://doi.org/10.26545/ajpr.2018.b00015x
https://doi.org/10.1109/jiot.2018.2865527
https://doi.org/10.1016/j.agwat.2019.105963
https://doi.org/10.1016/j.agwat.2019.105963
https://doi.org/10.1016/j.ecolmodel.2017.07.031
https://doi.org/10.3390/s16081292
https://doi.org/10.1016/j.joule.2020.09.008
https://doi.org/10.3920/978-90-8686-814-8_84
https://doi.org/10.3920/978-90-8686-814-8_84
https://doi.org/10.3390/w12113135
https://doi.org/10.3390/w12113135
https://doi.org/10.1007/s00271-018-0592-x
https://doi.org/10.1016/j.agwat.2019.02.041
https://doi.org/10.3390/w10050549
https://doi.org/10.3390/w10050549
https://doi.org/10.1016/j.agwat.2010.11.005
https://doi.org/10.1016/j.agwat.2016.10.020
https://doi.org/10.1007/s00271-015-0478-0
https://doi.org/10.1111/ajgw.12208
https://doi.org/10.13031/trans.13357
https://doi.org/10.1155/2016/9784071
https://doi.org/10.1002/adma.202110079
https://doi.org/10.13031/trans.12363
https://doi.org/10.5194/gmd-10-1903-2017
https://doi.org/10.1007/s11119-016-9470-9
https://doi.org/10.1016/j.rse.2016.02.064
https://doi.org/10.1007/s00271-016-0527-3
https://doi.org/10.3390/w11020255
https://doi.org/10.3390/rs10010114
https://doi.org/10.13031/2013.21649
https://doi.org/10.1371/journal.pone.0171423
https://doi.org/10.1371/journal.pone.0171423
https://doi.org/10.1007/s11119-009-9153-x
https://doi.org/10.1007/978-3-030-36664-3_42
https://doi.org/10.1007/s00271-016-0493-9
https://doi.org/10.1016/j.still.2009.12.002
https://doi.org/10.1016/j.still.2009.12.002
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

Owino and Soffker

Morales, R., Lozoya, C., Mendoza, C., Aguilar, A., Romén, A., and Castelld, R.
(2016). Sensor-based model driven control strategy for precision irrigation.
J. Sensors 2016, 9784071-9784112. doi:10.1155/2016/9784071

Morillo, J. G., Martin, M., Camacho, E., Diaz, J. A. R,, and Montesinos, P. (2015).
Toward precision irrigation for intensive strawberry cultivation. Agric. Water
Manag. 151, 43-51. doi:10.1016/j.agwat.2014.09.021

Mulla, D., and Khosla, R. (2015). “Historical evolution and recent advances in
precision farming,” in Advances in soil science (Boca Raton, FLCRC Press), 1-36.
doi:10.1201/b18759-2

Miiller, V. C. (2020). “Ethics of artificial intelligence and robotics,” in The
stanford encyclopedia of philosophy. Editor E. N. Zalta. edn (Metaphysics
Research Lab, Stanford University). Summer 2020.

Munir, M. S., Bajwa, L. S., Naeem, M. A,, and Ramzan, B. (2018). Design and
implementation of an IoT system for smart energy consumption and smart
irrigation in tunnel farming. Energies 11, 3427. doi:10.3390/en11123427

Murthy, A., Green, C.,, Stoleru, R,, Bhunia, S., Swanson, C., and Chaspari, T.
(2019). “Machine learning-based irrigation control optimization,” in Proceedings of
the 6th ACM International Conference on Systems for Energy-Efficient Buildings,
Cities, and Transportation (ACM). doi:10.1145/3360322.3360854

Nagahage, E. A. A. D., Nagahage, L. S. P., and Fujino, T. (2019). Calibration and
validation of a low-cost capacitive moisture sensor to integrate the automated soil
moisture monitoring system. Agriculture 9, 141. doi:10.3390/agriculture9070141

Nahar, ], Liu, S., Mao, Y., Liu, J., and Shah, S. L. (2019). Closed-loop scheduling
and control for precision irrigation. Ind. Eng. Chem. Res. 58, 11485-11497. doi:10.
1021/acs.iecr.8b06184

Nahry, A. E,, Ali, R, and Baroudy, A. E. (2011). An approach for precision
farming under pivot irrigation system using remote sensing and GIS techniques.
Agric. Water Manag. 98, 517-531. doi:10.1016/j.agwat.2010.09.012

Neupane, J., and Guo, W. (2019). Agronomic basis and strategies for precision
water management: A review. Agronomy 9, 87. doi:10.3390/agronomy9020087

Niu, J., Zhang, S., Liu, S., Ma, H., Chen, J., Shen, Q., et al. (2018). The
compensation effects of physiology and yield in cotton after drought stress.
J. Plant Physiology 224-225, 30-48. doi:10.1016/j.jplph.2018.03.001

Nocco, M. A, Zipper, S. C., Booth, E. G., Cummings, C. R., Loheide, S. P., and
Kucharik, C. J. (2019). Combining evapotranspiration and soil apparent electrical
conductivity mapping to identify potential precision irrigation benefits. Remote
Sens. 11, 2460. doi:10.3390/rs11212460

Qates, M. ., Gonzélez, M. G., Ruiz-Canales, A., Molina-Martinez, J]. M., and de
Leon, A. L. V. (2016). “Automatic fault detection in a low cost fdr based soil
moisture sensor,” in Il Simposio Nacional de Ingenieria Horticola Automatizacién
y Tics en Agricultura (Almeria: Sociedad Espanola de Ciencias Horticolas),
107-111.

Ofori, S., Puskacovd, A., Ruzickova, L., and Wanner, J. (2021). Treated wastewater
reuse for irrigation: Pros and cons. Sci. Total Environ. 760, 144026. doi:10.1016/j.
scitotenv.2020.144026

Ohana-Levi, N., Bahat, I, Peeters, A., Shtein, A., Netzer, Y., Cohen, Y., et al.
(2019). A weighted multivariate spatial clustering model to determine irrigation
management zones. Comput. Electron. Agric. 162, 719-731. doi:10.1016/j.compag.
2019.05.012

Oldoni, H., and Bassoi, L. H. (2016). Delineation of irrigation management zones
in a quartzipsamment of the brazilian semiarid region. Pesq. Agropec. Bras. 51,
1283-1294. doi:10.1590/s0100-204x2016000900028

Ortuani, B., Sona, G., Ronchetti, G., Mayer, A., and Facchi, A. (2019). Integrating
geophysical and multispectral data to delineate homogeneous management zones
within a vineyard in northern Italy. Sensors 19, 3974. doi:10.3390/519183974

O’Shaughnessy, S. A, Evett, S. R., Colaizzi, P. D., and Howell, T. A. (2012b). A
crop water stress index and time threshold for automatic irrigation scheduling of
grain sorghum. Agric. Water Manag. 107, 122-132. doi:10.1016/j.agwat.2012.
01.018

O’Shaughnessy, S. A., Evett, S. R,, Colaizzi, P. D., and Howell, T. A. (2012a).
“Automating prescription map building for vri systems using plant feedback,” in
Irrigation Association Conference ProceedingsOrlando, Florida.

Osroosh, Y., Peters, R. T., Campbell, C. S., and Zhang, Q. (2015). Automatic
irrigation scheduling of apple trees using theoretical crop water stress index with an
innovative dynamic threshold. Comput. Electron. Agric. 118, 193-203. doi:10.1016/
j.compag.2015.09.006

Oubelkacem, A., Scardigno, A., and Choukr-Allah, R. (2020). Treated wastewater
reuse on citrus in Morocco: Assessing the economic feasibility of irrigation and
nutrient management strategies. Integr. Environ. Assess. Manag. 16, 898-909.
doi:10.1002/ieam.4314

Pelosi, A., Chirico, G. B., Bolognesi, S. F., De Michele, C., and D’Urso, G. (2019).
“Forecasting crop evapotranspiration under standard conditions in precision

Frontiers in Control Engineering

16

10.3389/fcteg.2022.982463

farming,” in 2019 IEEE International Workshop on Metrology for Agriculture
and Forestry (MetroAgriFor), 174-179. doi:10.1109/MetroAgriFor.2019.8909263

Peng, J., Loew, A., Merlin, O., and Verhoest, N. E. C. (2017). A review of spatial
downscaling of satellite remotely sensed soil moisture. Rev. Geophys. 55, 341-366.
doi:10.1002/2016rg000543

Pereira, L., Paredes, P., and Jovanovic, N. (2020). Soil water balance models for
determining crop water and irrigation requirements and irrigation scheduling
focusing on the FAO56 method and the dual ke approach. Agric. Water Manag.
241, 106357. doi:10.1016/j.agwat.2020.106357

Pérez-Pastor, A., Ruiz-Sédnchez, M. C., Martinez, J. A., Nortes, P. A., Artés, F., and
Domingo, R. (2007). Effect of deficit irrigation on apricot fruit quality at harvest and
during storage. J. Sci. Food Agric. 87, 2409-2415. doi:10.1002/jsfa.2905

Plag¢ak, I, Jurigi¢, M., Radocaj, D., Vuji¢, M., and Zimmer, D. (2021). An
overview of precision irrigation systems used in agriculture. Teh. Glas. 15, 546-553.
doi:10.31803/tg-20210416103500

Pogas, I, Tosin, R., Gongalves, 1., and Cunha, M. (2020). Toward a
generalized predictive model of grapevine water status in douro region
from hyperspectral data. Agric. For. Meteorology 280, 107793. doi:10.1016/j.
agrformet.2019.107793

Potena, C., Khanna, R., Nieto, J., Siegwart, R, Nardi, D., and Pretto, A. (2019).
AgriColMap: Aerial-ground collaborative 3d mapping for precision farming. IEEE
Robot. Autom. Lett. 4, 1085-1092. doi:10.1109/1ra.2019.2894468

Qinglan, S., Yujiao, S., Xiaochen, L., Shuli, M., and Lei, F. (2020). A high-
sensitivity multilayer soil moisture monitoring sensor based on a double high-
frequency tuning detection circuit. Int. J. Distributed Sens. Netw. 16,
155014772090782. doi:10.1177/1550147720907826

Raikar, M. M., Desai, P., Kanthi, N., and Bawoor, S. (2018). “Blend of cloud and
internet of things (iot) in agriculture sector using lightweight protocol,” in
2018 International Conference on Advances in Computing, Communications
and Informatics, Bangalore, India (Piscataway, NJ: IEEE), 185-190. doi:10.1109/
ICACCI.2018.8554406

Rizzo, L., Gernjak, W., Krzeminski, P., Malato, S., McArdell, C. S., Perez, J. A. S.,
et al. (2020). Best available technologies and treatment trains to address current
challenges in urban wastewater reuse for irrigation of crops in EU countries. Sci.
Total Environ. 710, 136312. doi:10.1016/j.scitotenv.2019.136312

Robinson, T., Lakso, A., Lordan, J., Francescatto, P., Dragoni, D., DeGaetano, A.,
etal. (2017). Precision irrigation management of apple with an apple-specific penman-
monteith model. Acta Hortic. 245, 245-250. doi:10.17660/actahortic.2017.1150.34

Rodriguez-Dominguez, C., Hernandez-Santana, V., Buckley, T., Ferndndez, J.,
and Diaz-Espejo, A. (2019). Sensitivity of olive leaf turgor to air vapour pressure
deficit correlates with diurnal maximum stomatal conductance. Agric. For.
Meteorology 272-273, 156-165. doi:10.1016/j.agrformet.2019.04.006

Rojo, F,, Kizer, E., Upadhyaya, S., Ozmen, S., Ko-Madden, C., and Zhang, Q.
(2016). A leaf monitoring system for continuous measurement of plant water status
to assist in precision irrigation in grape and almond crops. IFAC-PapersOnLine 49,
209-215. doi:10.1016/j.ifacol.2016.10.039

Romero, R., Muriel, J., Garcia, 1., and de la Pefia, D. M. (2012). Research on
automatic irrigation control: State of the art and recent results. Agric. Water Manag.
114, 59-66. doi:10.1016/j.agwat.2012.06.026

Roopaei, M., Rad, P., and Choo, K. R. (2017). Cloud of things in smart agriculture:
Intelligent irrigation monitoring by thermal imaging. IEEE Cloud Comput. 4, 10-15.
doi:10.1109/MCC.2017.5

Rosa, L., Chiarelli, D. D., Sangiorgio, M., Beltran-Penia, A. A., Rulli, M. C., D’Odorico,
P, et al. (2020). Potential for sustainable irrigation expansion in a 3 °c warmer climate.
Proc. Natl. Acad. Sci. U. S. A. 117, 29526-29534. doi:10.1073/pnas.2017796117

Roy, P. C., Guber, A., Abouali, M., Nejadhashemi, A. P., Deb, K., and Smucker, A.
J. M. (2019). “Simulation optimization of water usage and crop yield using precision
irrigation,” in  Evolutionary multi-criterion optimization. Editors K. Deb,
E. Goodman, C. A. Coello Coello, K. Klamroth, K. Miettinen, S. Mostaghim,
et al. (Cham: Springer International Publishing), 695-706.

Roy, S. (2014). “Feedback control of soil moisture in precision-agriculture
systems: Incorporating stochastic weather forecasts,” in 2014 American Control
Conference, 2694-2698. doi:10.1109/ACC.2014.6858834

Ruiz-Sanchez, M. C., Abrisqueta, I., Conejero, W., and Vera, J. (2018). “Deficit
irrigation management in early-maturing peach crop,” in Water scarcity and

sustainable agriculture in semiarid environment (Elsevier), 111-129. doi:10.1016/
b978-0-12-813164-0.00006-5

Sadler, E., Evans, R, Stone, K., and Camp, C. (2005). Opportunities for
conservation with precision irrigation. J. Soil Water Conservation 60, 371-378.

Saeed, I A, Qinglan, S, Wang, M., Butt, S. L., Zheng, L., Tuan, V. N,, et al. (2019).
Development of a low-cost multi-depth real-time soil moisture sensor using time division
multiplexing approach. IEEE Access 7, 19688-19697. doi:10.1109/access.2019.2893680

frontiersin.org


https://doi.org/10.1155/2016/9784071
https://doi.org/10.1016/j.agwat.2014.09.021
https://doi.org/10.1201/b18759-2
https://doi.org/10.3390/en11123427
https://doi.org/10.1145/3360322.3360854
https://doi.org/10.3390/agriculture9070141
https://doi.org/10.1021/acs.iecr.8b06184
https://doi.org/10.1021/acs.iecr.8b06184
https://doi.org/10.1016/j.agwat.2010.09.012
https://doi.org/10.3390/agronomy9020087
https://doi.org/10.1016/j.jplph.2018.03.001
https://doi.org/10.3390/rs11212460
https://doi.org/10.1016/j.scitotenv.2020.144026
https://doi.org/10.1016/j.scitotenv.2020.144026
https://doi.org/10.1016/j.compag.2019.05.012
https://doi.org/10.1016/j.compag.2019.05.012
https://doi.org/10.1590/s0100-204x2016000900028
https://doi.org/10.3390/s19183974
https://doi.org/10.1016/j.agwat.2012.01.018
https://doi.org/10.1016/j.agwat.2012.01.018
https://doi.org/10.1016/j.compag.2015.09.006
https://doi.org/10.1016/j.compag.2015.09.006
https://doi.org/10.1002/ieam.4314
https://doi.org/10.1109/MetroAgriFor.2019.8909263
https://doi.org/10.1002/2016rg000543
https://doi.org/10.1016/j.agwat.2020.106357
https://doi.org/10.1002/jsfa.2905
https://doi.org/10.31803/tg-20210416103500
https://doi.org/10.1016/j.agrformet.2019.107793
https://doi.org/10.1016/j.agrformet.2019.107793
https://doi.org/10.1109/lra.2019.2894468
https://doi.org/10.1177/1550147720907826
https://doi.org/10.1109/ICACCI.2018.8554406
https://doi.org/10.1109/ICACCI.2018.8554406
https://doi.org/10.1016/j.scitotenv.2019.136312
https://doi.org/10.17660/actahortic.2017.1150.34
https://doi.org/10.1016/j.agrformet.2019.04.006
https://doi.org/10.1016/j.ifacol.2016.10.039
https://doi.org/10.1016/j.agwat.2012.06.026
https://doi.org/10.1109/MCC.2017.5
https://doi.org/10.1073/pnas.2017796117
https://doi.org/10.1109/ACC.2014.6858834
https://doi.org/10.1016/b978-0-12-813164-0.00006-5
https://doi.org/10.1016/b978-0-12-813164-0.00006-5
https://doi.org/10.1109/access.2019.2893680
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

Owino and Soffker

Sénchez-Blanco, M., Ortufio, M., Bafion, S., and Alvarez, S. (2019). Deficit
irrigation as a strategy to control growth in ornamental plants and enhance
their ability to adapt to drought conditions. J. Hortic. Sci. Biotechnol. 94,
137-150. doi:10.1080/14620316.2019.1570353

Sapna Pattanaik, K., and Trivedi, A. (2020). A dynamic distributed boundary
node detection algorithm for management zone delineation in precision agriculture.
J. Netw. Comput. Appl. 167, 102712. doi:10.1016/j.jnca.2020.102712

Scudiero, E., Teatini, P, Manoli, G., Braga, F., Skaggs, T., and Morari, F. (2018).
Workflow to establish time-specific zones in precision agriculture by spatiotemporal
integration of plant and soil sensing data. Agronomy 8, 253. doi:10.3390/agronomy8110253

Seelig, H.-D., Stoner, R. J., and Linden, J. C. (2011). Irrigation control of cowpea
plants using the measurement of leaf thickness under greenhouse conditions. Irrig.
Sci. 30, 247-257. doi:10.1007/s00271-011-0268-2

Serrano, J., Shahidian, S., da Silva, J. M., Paixdo, L., Moral, F., Carmona-Cabezas, R.,
et al. (2020). Mapping management zones based on soil apparent electrical conductivity
and remote sensing for implementation of variable rate irrigation—Case study of corn
under a center pivot. Water 12, 3427. doi:10.3390/w12123427

Sidhu, R. K, Kumar, R., and Rana, P. S. (2020). Machine learning based crop
water demand forecasting using minimum climatological data. Multimedia Tools
Appl. 79. d0i:10.1007/s11042-019-08533-w

Smith, R. J., Baillie, J., McCarthy, A., Raine, S., and Baillie, C. (2010). Review of
precision irrigation technologies and their application. Darling Heights, Queensland:
Australian National Centre for Engineering in Agriculture.

Smith, R. J., and Baillie, J. N. (2009). “Defining precision irrigation: A new
approach to irrigation management,” in Irrigation Australia 2009: Irrigation
Australia Irrigation and Drainage Conference: Irrigation Today - Meeting the
Challenge (Australia: Swan Hill).

Song, X., Zhang, G., Liu, F,, Li, D., Zhao, Y., and Yang, J. (2016). Modeling spatio-
temporal distribution of soil moisture by deep learning-based cellular automata
model. J. Arid. Land 8, 734-748. doi:10.1007/s40333-016-0049-0

Steduto, P., Hsiao, T. C., Raes, D., and Fereres, E. (2009). AquaCrop-the FAO
crop model to simulate yield response to water: I. Concepts and underlying
principles. Agron. J. 101, 426-437. doi:10.2134/agronj2008.0139s

Termite, L. F., Garinei, A., Marini, A., Marconi, M., and Biondi, L. (2019). “Combining
satellite data and machine learning techniques for irrigation decision support systems,” in
2019 IEEE International Workshop on Metrology for Agriculture and Forestry
(Piscataway, NJ: IEEE), 291-296. doi:10.1109/MetroAgriFor.2019.8909279

Thayer, T. C., Vougioukas, S., Goldberg, K., and Carpin, S. (2018). “Routing algorithms
for robot assisted precision irrigation,” in 2018 IEEE International Conference on
Robotics and Automation (ICRA), 2221-2228. doi:10.1109/ICRA.2018.8461242

Tsakmakis, I., Kokkos, N., Pisinaras, V., Papaevangelou, V., Hatzigiannakis, E.,
Arampatzis, G., et al. (2016). Operational precise irrigation for cotton cultivation
through the coupling of meteorological and crop growth models. Water Resour.
manage. 31, 563-580. doi:10.1007/s11269-016-1548-7

Tseng, D., Wang, D., Chen, C., Miller, L., Song, W., Viers, J., et al. (2018).
“Towards automating precision irrigation: Deep learning to infer local soil moisture
conditions from synthetic aerial agricultural images,” in 2018 IEEE 14th
International Conference on Automation Science and Engineering, Munich,
Germany (Piscataway, NJ: IEEE), 284-291. doi:10.1109/COASE.2018.8560431

Tu, Y., Wang, R, Zhang, Y., and Wang, J. (2018). Progress and expectation of
atmospheric water harvesting. Joule 2, 1452-1475. doi:10.1016/j.joule.2018.07.015

Tung, K.-C., Tsai, C.-Y., Hsu, H.-C,, Chang, Y.-H., Chang, C.-H., and Chen, S.
(2018). Evaluation of water potentials of leafy vegetables using hyperspectral
imaging. IFAC-PapersOnLine 51, 5-9. doi:10.1016/j.ifacol.2018.08.052

Umar, L, and Setiadi, R. N. (2015). Low cost soil sensor based on impedance spectroscopy
for in-situ measurement. Melville, NY: AIP Publishing LLC. doi:10.1063/1.4917112

Veihmeyer, F. J., and Hendrickson, A. H. (1931). The moisture equivalent as a
measure of the field capacity of soils. Soil Sci. 32, 181-194. doi:10.1097/00010694-
193109000-00003

Vaishali, S., Suraj, S., Vignesh, G., Dhivya, S., and Udhayakumar, S. (2017). “Mobile
integrated smart irrigation management and monitoring system using iot,” in

2017 International Conference on Communication and Signal Processing, Wuhan,
China (Piscataway, NJ: IEEE), 2164-2167. doi:10.1109/ICCSP.2017.8286792

van Dijk, M., Morley, T., Rau, M. L., and Saghai, Y. (2021). A meta-analysis of
projected global food demand and population at risk of hunger for the period
2010-2050. Nat. Food 2, 494-501. doi:10.1038/s43016-021-00322-9

Vasisht, D., Kapetanovic, Z., Won, J,, Jin, X., Chandra, R., Kapoor, A, et al.
(2017). “Farmbeats: An iot platform for data-driven agriculture,” in Proceedings of

Frontiers in Control Engineering

17

10.3389/fcteq.2022.982463

the 14th USENIX Symposium on Networked Systems Design and Implementation,
Boston, MA, USA (Berkeley, CA: USENIX), 515-529.

Venturi, M., Manfrini, L., Perulli, G. D., Boini, A., Bresilla, K., Grappadelli, L. C,,
et al. (2021). Deficit irrigation as a tool to optimize fruit quality in abbé fetél pear.
Agronomy 11, 1141. doi:10.3390/agronomy11061141

Vera, J., Conejero, W., Conesa, M., and Ruiz-Sanchez, M. (2019). Irrigation factor
approach based on soil water content: A nectarine orchard case study. Water 11,
589. doi:10.3390/w11030589

Villarrubia, G., Paz, J. F. D,, Iglesia, D. H. D. L., and Bajo, J. (2017). Combining
multi-agent systems and wireless sensor networks for monitoring crop irrigation.
Sensors 17, 1775. doi:10.3390/s17081775

Wada, Y., Wisser, D., Eisner, S., Florke, M., Gerten, D., Haddeland, I, et al.
(2013). Multimodel projections and uncertainties of irrigation water demand under
climate change. Geophys. Res. Lett. 40, 4626-4632. doi:10.1002/grl.50686

Wanyama, T., and Far, B. (2017). Multi-agent system for irrigation using fuzzy
logic algorithm and open platform communication data access. doi:10.5281/
ZENODO.1130676

Wei, Y., Wang, Z., Wang, T., and Liu, K. (2013). Design of real time soil moisture
monitoring and precision irrigation systems. Nongye Gongcheng Xuebao/Transactions
Chin. Soc. Agric. Eng. 29, 80-86. doi:10.3969/j.issn.1002—6819.2013.17.011

Westermann, W. L. (1919). The development of the irrigation system of Egypt.
Class. Philol. 14, 158-164. doi:10.1086/360222

Xiao, K., Xiao, D., and Luo, X. (2010). Smart water-saving irrigation system in
precision agriculture based on wireless sensor network. Trans. Chin. Soc. Agric. Eng.
26, 170-175.

Xu, C, Qu, J. J, Hao, X,, Cosh, M. H,, Zhu, Z., and Gutenberg, L. (2020).
Monitoring crop water content for corn and soybean fields through data fusion of
MODIS and landsat measurements in Iowa. Agric. Water Manag. 227, 105844.
doi:10.1016/j.agwat.2019.105844

Zaryouli, M., Fathi, M. T., and Ezziyyani, M. (2020). “Data collection based on
multi-agent modeling for intelligent and precision farming in lokoss region
Morocco,” in 2020 1st International Conference on Innovative Research in
Applied Science, Engineering and Technology (IRASET), 1-6. doi:10.1109/
TRASET48871.2020.9092214

Zegbe-Dominguez, J., Behboudian, M., Lang, A., and Clothier, B. (2003). Deficit
irrigation and partial rootzone drying maintain fruit dry mass and enhance fruit
quality in ‘petopride’ processing tomato (lycopersicon esculentum, mill.). Sci.
Hortic. 98, 505-510. doi:10.1016/S0304-4238(03)00036-0

Zhang, P., Zhang, Q. Liu, F, Li, J., Cao, N, and Song, C. (2017). “The
construction of the integration of water and fertilizer smart water saving
irrigation system based on big data,” in 22017 IEEE International Conference
on Computational Science and Engineering (CSE) and IEEE International
Conference on Embedded and Ubiquitous Computing (EUC IEEE). doi:10.1109/
cse-euc.2017.258

Zhang, X., Shi, L, Jia, X,, Seielstad, G., and Helgason, C. (2009). Zone mapping
application for precision-farming: A decision support tool for variable rate
application. Precis. Agric. 11, 103-114. doi:10.1007/s11119-009-9130-4

Zhao, T., Chen, Y., Ray, A, and Doll, D. (2017a). “Quantifying almond water
stress using unmanned aerial vehicles (UAVs): Correlation of stem water potential
and higher order moments of non-normalized canopy distribution,” in 13th ASME/
IEEE International Conference on Mechatronic and Embedded Systems and
Applications (American Society of Mechanical Engineers ASME). doi:10.1115/
detc2017-68246

Zhao, W, Li, ], Yang, R, and Li, Y. (2017b). Determining placement criteria of
moisture sensors through temporal stability analysis of soil water contents for a
variable rate irrigation system. Precis. Agric. 19, 648-665. doi:10.1007/s11119-017-
9545-2

Zhao, Y., Bai, C., and Zhao, B. (2007). “An automatic control system of precision
irrigation for city greenbelt,” in 2007 2nd IEEE Conference on Industrial Electronics
and Applications, 2013-2017. doi:10.1109/ICIEA.2007.4318763

Zhu, Q., Luo, Y., Xu, Y.-P., Tian, Y., and Yang, T. (2019). Satellite soil moisture
for agricultural drought monitoring: Assessment of SMAP-derived soil water
deficit index in Xiang river basin, China. Remote Sens. 11, 362. doi:10.3390/
rs11030362

Vu, Q., Nguyen, V., Solenaya, O., Ronzhin, A., and Guzey, H. M. (2017).
Algorithms for joint operation of service robotic platform and set of uavs in
agriculture tasks. In 2017 5th IEEE Workshop on Advances in Information,
Electronic and Electrical Engineering (AIEEE). 1-6. doi:10.1109/AIEEE2017.
8270525

frontiersin.org


https://doi.org/10.1080/14620316.2019.1570353
https://doi.org/10.1016/j.jnca.2020.102712
https://doi.org/10.3390/agronomy8110253
https://doi.org/10.1007/s00271-011-0268-2
https://doi.org/10.3390/w12123427
https://doi.org/10.1007/s11042-019-08533-w
https://doi.org/10.1007/s40333-016-0049-0
https://doi.org/10.2134/agronj2008.0139s
https://doi.org/10.1109/MetroAgriFor.2019.8909279
https://doi.org/10.1109/ICRA.2018.8461242
https://doi.org/10.1007/s11269-016-1548-7
https://doi.org/10.1109/COASE.2018.8560431
https://doi.org/10.1016/j.joule.2018.07.015
https://doi.org/10.1016/j.ifacol.2018.08.052
https://doi.org/10.1063/1.4917112
https://doi.org/10.1097/00010694-193109000-00003
https://doi.org/10.1097/00010694-193109000-00003
https://doi.org/10.1109/ICCSP.2017.8286792
https://doi.org/10.1038/s43016-021-00322-9
https://doi.org/10.3390/agronomy11061141
https://doi.org/10.3390/w11030589
https://doi.org/10.3390/s17081775
https://doi.org/10.1002/grl.50686
https://doi.org/10.5281/ZENODO.1130676
https://doi.org/10.5281/ZENODO.1130676
https://doi.org/10.3969/j.issn.1002-6819.2013.17.011
https://doi.org/10.1086/360222
https://doi.org/10.1016/j.agwat.2019.105844
https://doi.org/10.1109/IRASET48871.2020.9092214
https://doi.org/10.1109/IRASET48871.2020.9092214
https://doi.org/10.1016/S0304-4238(03)00036-0
https://doi.org/10.1109/cse-euc.2017.258
https://doi.org/10.1109/cse-euc.2017.258
https://doi.org/10.1007/s11119-009-9130-4
https://doi.org/10.1115/detc2017-68246
https://doi.org/10.1115/detc2017-68246
https://doi.org/10.1007/s11119-017-9545-2
https://doi.org/10.1007/s11119-017-9545-2
https://doi.org/10.1109/ICIEA.2007.4318763
https://doi.org/10.3390/rs11030362
https://doi.org/10.3390/rs11030362
https://doi.org/10.1109/AIEEE2017.8270525
https://doi.org/10.1109/AIEEE2017.8270525
https://www.frontiersin.org/journals/control-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fcteg.2022.982463

	How much is enough in watering plants? State-of-the-art in irrigation control: Advances, challenges, and opportunities with ...
	1 Introduction
	2 Precision irrigation control approaches
	2.1 Soil-based approaches
	2.2 Atmosphere-based approaches
	2.3 Plant-based approaches

	3 Advances in precision irrigation
	3.1 Advances in sensing
	3.1.1 Remote sensing
	3.1.2 Wireless sensor networks

	3.2 Advances in data processing and control
	3.2.1 Big data
	3.2.2 Machine learning and artificial intelligence
	3.2.3 Multi-agent systems

	3.3 Advances in actuation
	3.3.1 Variable rate irrigation
	3.3.2 Agricultural robots


	4 Challenges and opportunities
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References


