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Abstract

This doctoral research addresses the development of innovative sensors and inte-
grated systems for the direct assessment of plant water status, a key parameter in
precision agriculture and sustainable irrigation. The thesis is organized into three
main experimental parts, each addressing a different level of plant-based moni-
toring, from direct leaf sensing to whole-plant motion and irrigation automation.
Unlike conventional approaches that infer water availability indirectly from soil or
environmental measurements, this work focuses on plant-based sensing, enabling
real-time and non-invasive detection of water stress.

Four complementary approaches were investigated: (i) electrical impedance
spectroscopy (EIS) of leaf tissues to characterize physiological and structural changes
linked to hydration levels; (ii) optical sensing through near-infrared (NIR) spec-
troscopy, exploiting absorption variations related to leaf water content; (iii) mon-
itoring of petiole movements using low-power inertial measurement units (IMUs)
to capture circadian and stress-induced motion patterns; and (iv) the design and
validation of a smart irrigation platform (SPRITZ project) integrating soil and
environmental sensors, wireless communication, and automated control via cloud-
based IoT infrastructure.

Dedicated electronic boards, embedded firmware, and LoRa-based communi-
cation modules were developed to ensure reliable, energy-efficient data acquisition
under both controlled greenhouse and outdoor field conditions. Experimental cam-
paigns were carried out on multiple plant species, subjected to differentiated irri-
gation regimes, to evaluate sensor performance and their correlation with reference
physiological indicators such as relative water content (RWC).

Data processing combined statistical analysis, modeling, and machine learn-
ing algorithms to extract relationships between sensor outputs and plant water
dynamics. Results demonstrated the feasibility and the robustness of the pro-
posed sensing methods, showing that plant-centric measurements can effectively
discriminate between hydration levels and environmental treatments.

Overall, this research establishes a comprehensive framework for plant-based
[oT sensing, bridging physiological monitoring with automated irrigation control.

il



The proposed technologies provide a foundation for future multi-sensor fusion sys-
tems capable of predictive water management, thereby contributing to improved
water-use efficiency and the sustainability of modern agriculture.
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General Introduction

tainable use of groundwater resources, poses a serious threat to agricultural
sustainability [17]. This scarcity directly affects irrigation capacity, forc-
ing farmers to abandon traditional crops or switch to drought-tolerant varieties,
thereby threatening agricultural biodiversity [18, 19]. Climate change further in-
tensifies this challenge by amplifying the greenhouse effect, which accelerates evap-

T HE escalating global water crisis, driven by climate change and the unsus-

otranspiration and increases water demand even as available resources continue to
decline [20, 21]. In addition, global warming alters precipitation patterns, leading
to greater aridity in regions such as the Mediterranean basin and sub-Saharan
Africa [22, 23].

One of the most promising approaches to address this problem is precision agri-
culture, which uses advanced technologies to optimize the management of agricul-
tural resources. At the core of this concept is the development of sensing systems
capable of accurately quantifying plant water requirements, moving beyond indi-
rect indicators such as soil moisture [24].

However, a major challenge remains: the lack of reliable, plant-centered moni-
toring systems capable of directly assessing plant water status in real time. In par-
allel, the limited availability of integrated global agricultural databases represents
an additional barrier for large-scale resource planning and predictive analytics [25].

This thesis specifically addresses the first challenge by considering the plant
itself as the primary indicator of its water needs. It is based on the assumption that
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a solid understanding of plant structure and water physiology is fundamental to the
development of sensors capable of real-time health monitoring. Accordingly, this
research focuses on the design and validation of two complementary techniques:
electrical impedance spectroscopy and infrared spectroscopy, both applied directly
to plant leaves. By linking physiological knowledge with sensor technology, the
study contributes to the creation of intelligent irrigation systems that respond to
the actual physiological state of crops, promoting more resilient and sustainable
agricultural practices.

The manuscript is structured as follows:

chapter 2 introduces the fundamental principles that govern plant—water in-
teractions and reviews the main approaches for assessing plant water status.

chapter 3 describes the experimental setups, tools, and characterization tech-
niques used throughout this work.

chapter 4 presents the development of optical and electrical sensors for non-
invasive monitoring of plant water status.

chapter 5 details the design and testing of an innovative wireless IMU-based
sensor for real-time monitoring of plant movements.

chapter 6 illustrates the implementation of an IoT-based irrigation manage-
ment platform designed to enhance water-use efficiency and decision-making in
small- and medium-sized farming systems.

Overall, this thesis advances the field of precision agriculture by integrating
physiological understanding with technological innovation. It demonstrates how
the combination of plant-based sensing and IoT connectivity can improve irrigation
efficiency and support sustainable water management in the context of a changing
climate.



State of Art

2.1 Introduction

nological foundations essential for monitoring plant water status. It begins
by examining plant structure and internal water transport mechanisms,
with particular focus on leaf anatomy, stomatal regulation, and the concept of
water potential. This section also addresses how plants physiologically respond to

T HIS chapter provides a comprehensive overview of the biological and tech-

water stress.

The second part of the chapter introduces the main techniques used to assess
plant water status, which are broadly categorized into direct and indirect meth-
ods. Direct methods involve measurements closely linked to the plant’s internal
water potential, such as pressure chamber readings, psychrometric techniques, and
osmotic potential analysis, providing physiological and quantitative indicators of
plant hydration. Indirect methods, on the other hand, are based on observable
plant responses to water stress, including changes in stomatal conductance, leaf
temperature, stem diameter, and sap flow. While these techniques do not mea-
sure water potential directly, they offer valuable insights into how plants react to
drought or suboptimal irrigation.

The third section shifts toward advanced sensor-based approaches, which form
the core of the experimental work presented in this thesis. These include electri-
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cal impedance spectroscopy (EIS), infrared spectroscopy (NIRS), and the use of
inertial measurement units (IMUs) to track petiole orientation. Details on mea-
surement setups, data processing techniques, and modeling strategies are provided
to highlight the relevance of these methods for real-time, plant-based water stress
detection.

Finally, the chapter reviews the irrigation methods and infrastructures, which
cover both traditional surface irrigation and modern pressurized systems. Then,
it concludes with an overview of smart irrigation infrastructures, which inte-
grate wireless communication technologies with a focus on LoRaWAN communica-
tion and cloud computing platforms to enable data-driven irrigation management.
These innovations represent a key advancement in sustainable agriculture, aiming
to optimize water use while maintaining crop productivity.

2.2 Plant Structure and Water Physiology

2.2.1 Plant Structure
2.2.1.1 The Roots

Roots anchor the plant and absorb water and minerals from the soil. They can
adapt their growth based on water availability, for example by growing deeper in
response to drought. Water absorption is regulated by membrane proteins called
aquaporins [26], which help roots function effectively in both arid and nutrient-rich
environments. The absorbed water moves through the zylem vessels (a system of
interconnected tubes) toward the stem, leaves, and other organs [27, 28]. This
upward movement is driven by two main forces: root pressure, a positive pressure
generated by the active absorption of ions, and leaf transpiration, a suction effect
caused by water evaporation from the stomata [29].

The root is structured into several zones: a protective root cap that shields
the apical meristem during growth [30]; a meristematic zone, where active cell
division occurs; an elongation zone, where cells grow in length; and a maturation
zone, characterized by absorbent root hairs that increase the surface area for water
uptake [31, 32]. The root structure is illustrated in Figure 2.1a.

2.2.1.2 The Stem

The stem is a crucial part of the plant. It distributes nutrients, provides structural
support, and responds to environmental stressors such as drought and salinity [33,



State of Art 5

34, 35, 36]. The stem is composed of specialized tissues, including the zylem, which
transports water and minerals from the roots to the leaves; the phloem, which
carries photosynthetic products to growing organs; the cambium, which enables
secondary growth in thickness in woody plants; and the parenchyma, which stores
nutrients and contributes to gas exchange [33].

2.2.1.3 The Leaf

The leaf is an aerial organ of the plant that grows laterally from the stem at the
nodes where it is attached. Its development begins in the meristem, a growth zone
located at the tip of the stem [37, 38]. The position, orientation, and shape of
leaves are regulated by hormones, proteins, and genes [37, 38, 39, 40]. A leaf has
an upper side, called the ventral surface, and a lower side, known as the dorsal
surface. Its flat shape maximizes sunlight capture to support photosynthesis [41].
In this process, the leaf functions as a true laboratory, where raw sap is transformed
into elaborated sap through gas exchange with the surrounding environment [42].

A leaf typically consists of two main parts: the blade and the petiole. The
blade is the flat part responsible for most of the plant’s essential functions. It is
green in color and covered with stomata, which play a key role in regulating water
loss. Veins cross the blade, and its edge is known as the margin. The petiole has
a cylindrical shape, sometimes slightly flattened, and connects the blade to the
stem. In some species, the petiole is absent; in this case, the leaf is described as
sessile [43].

Stipules usually appear in pairs where the petiole attaches to the stem or at
the node, and they are particularly well developed in plants of the rose and legume
families. The veins, including the main central vein, extend through the blade.
All these components are illustrated in Figure 2.1b.

a) b) apex T
margin
lateral root . veins [-blade
= zone of maturation

primary root — midrib
root hairs L base _|

) - petiole

root tip %{ zone of elongation / -
H 0 0 .
root cap meristematic zone stipule

Figure 2.1: (a) Root structure; (b) Leaf structure.
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Plants can be classified based on their photosynthetic pathway and vascu-
lar structure. With respect to photosynthesis, there are three main types: C3
plants (e.g., wheat and rice), C4 plants (e.g., corn, maize, and sugarcane), and
CAM plants (e.g., cacti and pineapples), each adapted to different climatic con-
ditions. Structurally, plants are divided into vascular plants (with roots and
stems, such as ferns, conifers, and flowering plants) and non-vascular plants (such
as mosses). Some species exhibit specialized adaptations, including carnivorous
plants (e.g., Dionaea), parasitic plants (e.g., mistletoe), and aquatic plants (e.g.,
water lilies) [44, 45, 46].

Although this classification provides a general biological framework, the ex-
perimental investigations presented in this thesis focus on vascular, broad-leaf
plants belonging to specific photosynthetic categories, selected as representative
case studies rather than as an exhaustive coverage of all plant types.

The differences in leaf shape between C3, C4, and CAM plants are shown in
Figure 2.2.

Pineapple (CAM)

B —

Figure 2.2: Examples of leaf morphology in plants with different photosynthetic
pathways: (a) Rice (C3); (b) Maize (C4), and (c) Pineapple (CAM).

Maize (C4)

2.2.2 Leaf Anatomy

Despite differences in photosynthetic pathways, all leaves share a similar basic
anatomy [47, 48, 49, 50, 51]. As illustrated in Figure 2.3, both C3 and C4 leaves
have an outer epidermis covered by a waxy cuticle, which helps reduce water
loss. Beneath the epidermis are the mesophyll cells, where photosynthesis occurs,
and the vascular bundles, which transport water, nutrients, and photosynthetic
products. Stomata, mainly located on the lower surface, enable gas exchange
(absorption of CO5 and release of Oy) and facilitate transpiration.

C3 leaves typically have a homogeneous arrangement of mesophyll cells, as
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shown in Figure 2.3a. In contrast, C4 leaves contain additional bundle sheath
cells surrounding the vascular tissue, as demonstrated in Figure 2.3b, improving
the efficiency of carbon fixation in high-light and low-COy environments. CAM
plants (not shown) are also adapted to arid conditions, storing water and fixing
CO; during the night to conserve moisture.

Since leaves are rich in water and play a central role in transpiration and gas ex-
change, monitoring their hydration provides valuable and direct information about
plant water status and overall physiological condition. While plant water status
can also be assessed through other indicators, leaf-based measurements offer the
advantage of directly reflecting the plant’s physiological response to environmental
and irrigation conditions. Various techniques are available to measure leaf water
status, which will be discussed in the following sections.

b)

Stoma Vascular Bundle Mesophyll
tissue sheath cell
cell

Vascular Mesophyll
tissue cell

Bundle sheath cell

Stoma

Figure 2.3: Anatomical differences between (a) C3 and (b) C4 type leaves.

Stomata are generally formed by two sclerenchyma-type cells known as guard
cells. These cells have very thick cell walls [52, 49],which restrict uniform expan-
sion. When guard cells absorb water and increase their turgor pressure, they curve
outward, creating the stomatal opening [50] as shown in Figure 2.4a.

Stomatal movement is governed by a well-established osmotic mechanism driven
by changes in ion concentrations within guard cells, although the complete regu-
latory signaling pathways are still under investigation [51].

During daylight hours or under conditions of high humidity, when COs is re-
quired for photosynthesis and water loss is less critical, guard cells actively accumu-
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late potassium and other ions. This ion uptake promotes water influx by osmosis
into the guard cells, primarily into their vacuoles, increasing turgor pressure and
resulting in stomatal opening.

Under water-stress conditions, overall photosynthesis decreases due to reduced
leaf area and lower photosynthetic activity per unit leaf area. In such conditions,
roots release the hormone abscisic acid (ABA), which binds to receptors on guard
cell membranes, triggering ion efflux [52]. As ions exit the cytoplasm, water flows
out of the guard cells by osmosis, the vacuoles shrink, turgor pressure decreases,
and the cells become flaccid, leading to stomatal closure [51], as illustrated in
Figure 2.4b.

a)

epidermal cell

inner thick wall

stomatal
guard cells pore guard cells

Figure 2.4: Stomatal structure in two states: (a) open and (b) closed. Guard cells
control the pore opening to regulate gas exchange and water loss.

2.2.3 Water Movement Through the Plant (Water Poten-
tial Theory)

Water transport in higher plants occurs along a continuous pathway extending
from the soil, through the roots and vascular tissues, to the leaves and ultimately
to the atmosphere. This pathway is commonly referred to as the soil-plant—
atmosphere continuum (SPAC). Within this system, water movement is driven
by gradients in water potential (1), a thermodynamic quantity that describes the
free energy status of water relative to a reference state. Water naturally moves
from regions of higher (less negative) water potential to regions of lower (more
negative) water potential, enabling its upward transport against gravity.

Plants maintain water under tension within the xylem as a consequence of tran-
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spiration. When water evaporates from the leaf surface through the stomata, it
generates a negative pressure (suction force) that is transmitted downward through
the xylem vessels. This mechanism, often described by the cohesion—tension the-
ory, allows the plant to sustain a continuous flow of water from the roots to the
leaves [53].

The circulation of water within the plant is therefore governed by the total
water potential (1,,), which integrates several distinct physical components. These
components represent different forces acting on water in the soil and plant tissues,
and their relative contribution varies along the SPAC. According to the classical
formulation proposed by Papendick and Campbell [54] and Cowan [55], the total
water potential can be expressed as the sum of its individual components, as shown
in Equation 2.1.

¢w:¢m+¢s+¢p+% (21)

where 1, is the matrix potential, associated with capillary and adsorptive forces;
15 is the osmotic potential, related to solute concentration; 1, is the pressure
potential, reflecting hydrostatic or turgor pressure; and v, is the gravitational
potential, accounting for height differences within the plant.

The matrix potential can be expressed by Equation 2.2.

27 cost
e
where v is the surface tension of water (generally 0.0728 N/m at 20°C), 6 is the
water/soil contact angle (0° for hydrophilic soils), r is the soil pore radius (m),
and p,, is the density of water (1000 kg/m?).

In soil, 9, is always negative, dominates, and reflects capillary retention forces,
while the osmotic potential (¢)s) becomes significant in saline soils. It can be
formalized in Equation 2.3.

U (MPa) = (2.2)

s (MPa) = —iC' RT (2.3)

where 7 is the van’t Hoff coefficient (equal to 1 in the case of non-dissociation), C
is the molar concentration (mol/m?), R the gas constant (8.314 J/mol/K), and T
the absolute temperature (K).

Water is absorbed by the roots when the ), of the soil is higher than that of the
roots, then transported via the xylem where the pressure potential (1/,) becomes
negative under the effect of the tension created by transpiration. In leaves, the
water potential is determined by cell turgor, equal to the sum of ¢, and ,. A
drop in this potential (for example, during drought) triggers stomatal closure to
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limit water loss. The leaf water potential (¢1e.f) can therefore be expressed by
Equation 2.4.

ULear (MPa) = (=i C RT) + (P — Pm) (2.4)

where P and Py, represent hydrostatic and atmospheric pressure, respectively.
Because fruits are the richest source of water in the plant [56], during the
fruiting stage less water is allocated to the leaves, reducing water consumption,
particularly in treatments where water is limited [57].
The soil water potential integrates v, , 15, and 1,; its reduction decreases water
availability for the plant. The gravitational potential is given by Equation 2.5.

Vg =puwgh (2.5)
where g is gravitational acceleration (9.81 m/s?) and h is the height of the water
column (m).

These water transport mechanisms are illustrated in Figure 2.5, which shows
a comparison between well-watered and poorly-watered plants within the soil-
plant-atmosphere continuum. The diagram highlights the typical values of water
potential components (V,,) across different compartments (symplast and apoplas-
t/xylem). When water potential becomes too low, it restricts water flow to the
shoots and leaves, resulting in visible wilting and a reduction in crop yield.

H,0 Soil-Plant-Atmosphere Continuum
H,O
'~ [V =9,+ 9, + ¥u + ¥, |
High Water potential
cOo, N\ Low Water potential
CO2
Symplast /
v, =-0.7 MPa Symplast
v, =-1.2 MPa
v, =-1.0 MPa
V.= 0.3 MPa v, =-1.5 MPa
- v, = 0.3 MPa
Agggasg)_(ﬂem
= Apoplast/Xylem
Non 2.20:7MPR v, =-1.2 MPa
=-0.1 MP;
:II; 0.1 MP: O
v, = -0.5 MPa ¥, =-0.2MPa
» v, = -0.8 MPa
Well-Watered Poorly-Watered
Plant Plant

Figure 2.5: The diagram shows differences in water potential (¥,,) components
across the symplast and apoplast/xylem pathways for a well-watered versus poorly-
watered plant.
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2.2.4 Responses to Water Stress

Plants are remarkably resilient in the face of water stress. They activate various
natural defense mechanisms, including physiological adjustments and molecular
responses, to protect themselves. One key strategy is the closure of stomata,
which reduces water loss through transpiration. This response is regulated by the
stress hormone abscisic acid (ABA), which accumulates in the plant when the
roots detect low soil moisture [58, 52]. By conserving water in this way, plants can
preserve cellular integrity and better withstand drought conditions.

Plants also respond to water stress by altering the angle of their leaves [59],
stomatal conductance, and hydraulic conductance [60, 61, 62, 63, 64, 65, 66, 2, 4,
67, 68, 69]. Over time, they maintain a relatively stable water status by adjusting
the rates of leaf expansion and root growth [32, 70].

On a macroscopic scale, these disturbances manifest in visible symptoms such
as leaf wilting (due to loss of turgor), curling, or changes in pigmentation (yellow-
ing or reddening associated with chlorophyll degradation or anthocyanin accumula-
tion). These signs, which frequently indicate ongoing stress, reflect both structural
damage and adaptive strategies that enhance survival under water shortage.

Water stress has been shown to negatively affect plant growth and produc-
tivity [71]. Different indicators of water stress can be used to guide irrigation
scheduling in vegetable crops and emphasize the importance of accurate water
status monitoring [57]. Measuring plant water status is therefore essential for
optimizing irrigation strategies and improving water-use efficiency (WUE). The
following sections review the main methods used to assess plant water status.

2.3 Measurements of Plant Water Status

2.3.1 Direct Measurements of the Plant Water Status
2.3.1.1 Water Potential Measurement (v,,)

Psychrometer. Psychrometers estimate total water potential (1,,) by measur-
ing vapor pressure depression using the Kelvin equation [72, 1]. There are two
types of psychrometers: the field version and the laboratory version. Each model
has its own characteristics and specifications.

The field model is useful for leaf or in situ measurements and generally con-
sists of a ceramic shield or stainless-steel screen covering a fine-wire thermocouple
junction, as shown in Figure 2.6a. The “wet” sensor is surrounded by a wick
soaked in water. As the water evaporates, the temperature of the sensor drops
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because evaporation consumes latent heat. The temperature difference between
the two sensors can be used to calculate the relative humidity of the air or the
water potential of plant tissue.

The laboratory model is designed for high-precision measurements of soil sam-
ples under controlled conditions, as shown in Figure 2.6b. Its operating principle
is based on comparing the vapor pressure above pure water (the reference state,
where 1, = 0) with the vapor pressure above water in a soil sample, which is re-
duced due to matrix forces. This reduction in vapor pressure is related to relative
humidity (RH) and water potential through the Kelvin equation [1], as shown in
Equation 2.6:

where e is the vapor pressure above soil water, e is the vapor pressure above pure
water, R is the ideal gas constant, T is the absolute temperature, and M, is the
molecular weight of water.

Processor
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Figure 2.6: Psychrometer models: (a) Field model and (b) Laboratory model [1].

Pressure Chamber. The pressure chamber, also known as the pressure bomb, is
a widely used instrument for measuring plant water potential [73]. The technique
is based on the cohesion—tension theory, in which pressure is applied within the
chamber to counterbalance the tension in the xylem, allowing estimation of the
water potential. During the measurement, the leaf or shoot is placed inside the
chamber while the cut stem remains outside. Pressure is gradually increased until
sap appears at the cut surface, indicating equilibrium. This method is rapid,
reproducible, and suitable for both field and laboratory use [74, 75].

To obtain reliable readings, environmental conditions such as humidity, tem-
perature, and light should be stabilized before measurement [73]. Studies have
shown that plants reach a stable water potential after two days in a humidified
chamber and can maintain it for up to seven days, enabling precise investigations
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of water stress effects. Moreover, water potential gradients have been observed in
transpiring organs such as rose and wheat leaves; these gradients tend to dissipate
after equilibration during the night [76]. It should be noted that the pressure cham-
ber measures the highest water potential within the organ, typically in the xylem
near the cut surface, rather than providing an average value across all tissues.

Microtensiometer. The microtensiometer is a device employed for measuring
plant water potential. It can be placed in the trunk or xylem and operates on the
same principle as conventional tensiometers. The sensor comprises a hermetically
sealed pressure cell filled with water, connected to a porous membrane in direct
contact with the xylem. Under water-stress conditions, water molecules move
from the sensor into the plant tissues, inducing a pressure change detected by
an integrated pressure transducer, which converts it into a digital water potential
value.

As illustrated in Figure 2.7, FloraPulse Systems offers a widely used version
of the microtensiometer sensor. A recent study demonstrated its effectiveness for
continuous monitoring of stem water potential in fruit crops, identifying it as a
reliable alternative to the traditional Scholander pressure chamber [2].

The microchip sensor contains a water volume of 5-10 nLL and measures pressure
using a piezoresistive transducer embedded in an 8 mm-diameter cylindrical probe.
The sensing edge of the chip, which interfaces with xylem water, is exposed at the
tip of the device. Tests conducted on apple, almond, and grapevine plants showed
strong agreement with pressure chamber readings, although some species-specific
differences were observed due to anatomical variations.

The results revealed distinct diurnal patterns, with minimum stem water po-
tential typically occurring around 16:00 h, followed by partial recovery later in the
day. This real-time monitoring enables dynamic irrigation scheduling. However,
certain limitations were noted in crops like walnut, where high xylem transpiration
rates can reduce accuracy. Overall, this technology shows strong potential for ad-
vancing precision irrigation, although further refinement is needed for large-scale
deployment.
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 Sensing edge of
SLESensor chip

Figure 2.7: (a) Microtensiometer installed on a tree trunk, offered by FloraPulse
Systems; (b) Close-up of the microchip sensor showing the exposed sensing edge
for xylem contact [2].

2.3.1.2 Osmotic Potential Measurement (1))

Several methods have been developed to measure 5, among them:

Pressure—Volume (PV) Analysis. This method is based on the relationship
between water potential (1) and relative water content (RWC) in plant tissue.
Details of the RWC method will be described in the following section. In this
approach, a leaf is subjected to increasing pressure in a pressure chamber, and
the resulting water loss is measured to construct a pressure-volume (PV) curve.
By extrapolating the linear portion of the curve, it is possible to determine the
osmotic potential (¢)5) at full turgor and at the turgor-loss point. However, this
technique is not well suited for large-scale studies [60, 61].

Expressed Sap (ES) Osmometry. In this method, sap is extracted from plant
tissue by centrifugation or mechanical pressure, and its osmolality is measured
using an osmometer (either vapor-pressure or freezing-point type). The osmotic
potential is then calculated using the Equation 2.7 of Van't Hoff [61].

1/}8 = _gRT (27)

where n/V is the osmolality, R is the gas constant, and 7" is the absolute temper-
ature.
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The most commonly used instrument is the vapor-pressure osmometer (VPO) [63],
which is suitable for small samples, such as thawed leaf discs or expressed sap. It
operates based on the Peltier effect, cooling the sample to induce condensation,
and then measures the equilibrium vapor pressure, which is proportional to solute
concentration [63, 62, 64]. This method is rapid and efficient, requiring only a few
minutes per sample, and is applicable to a wide variety of plant tissues.

2.3.1.3 Leaf Turgor Pressure Sensors

Leaf turgor pressure sensors are used to monitor plant water stress by detecting rel-
ative changes in turgor pressure within the leaf tissue [77]. Turgor pressure reflects
the balance between water uptake by the roots, water loss through transpiration,
and the osmotic pressure inside cells [78, 79].

A prominent example is the non-invasive leaf patch clamp pressure probe (ZIM-
Probe) [80], which allows real-time monitoring of subtle fluctuations in leaf turgor
pressure. The ZIM-Probe consists of two opposing magnetic pads (stamps): one
includes a sensitive pressure sensor connected to a ZIM-transmitter and telemetry
unit, while the other applies a constant magnetic force via a threaded mechanism
to ensure reliable contact with the leaf [80, 3]. Its working principle is illustrated
in Figure 2.8.

threaded rod =
magnetc
movabletonc —>» “ %
magnet
Prossure sensor >
Iowertone —p
magnet magnetic
préessure
cableto ———>
Transmitter

Figure 2.8: Working principle of the ZIM-Probe. Magnetic pads apply pressure
on the leaf, and a pressure sensor records turgor variations, which are transmitted
in real-time [3].
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2.3.1.4 Relative Water Content Measurement

The relative water content (RWC) of a plant provides a quantitative measure of
the leaf’s water status relative to its maximum water-holding capacity. It reflects
both water potential and cellular osmotic adjustment [81, 82, 83, 84]. A drop
in RWC below 80% is typically associated with a decrease in water potential to
around 1.5 MPa [85].

This method is simple, low-cost, and does not require specialized instruments,
although it can be time-consuming [86]. RWC values are influenced by species-
specific traits (e.g., isohydric vs. anisohydric behavior), soil conditions, and envi-
ronmental factors. As a result, RWC alone cannot always identify the underlying
cause of water stress and may not be a universal indicator. However, in anisohy-
dric crop species, RWC can provide a relatively accurate estimation of water stress
under varying soil moisture levels when environmental conditions are stable [57].

2.3.2 Indirect Measurements of the Plant Water Status

2.3.2.1 Stomatal Conductance and Transpiration Rate as Indicators of
Plant Water Stress

Stomatal conductance and transpiration rate are complementary parameters that
provide valuable insights into how plants respond to environmental conditions
and water availability. Stomatal conductance regulates both the entry of carbon
dioxide for photosynthesis and the exit of water vapor through the stomata.

As discussed in subsection 2.2.2, when water levels in the plant are high, stom-
ata remain open, facilitating enhanced gas exchange and higher transpiration rates.
Conversely, under water-stress conditions, stomata partially or completely close to
minimize water losses, resulting in reduced transpiration. Consequently, stomatal
conductance is a crucial variable for evaluating gas exchange through leaf stomata,
particularly regarding carbon dioxide uptake and water loss through transpiration.

This parameter is determined using portable porometers [87], which allow
rapid assessment under field conditions, particularly in irrigation trials. A range
of instruments is available to measure conductance as a function of the mois-
ture gradient inside a closed chamber. Examples include steady-state porometers
(e.g., Decagon SC-1, PP Systems PMR-5) [4], dynamic diffusion porometers (e.g.,
Delta-T AP4) [67], viscous or mass-flow systems (e.g., Thermoline) [68], and zero-
equilibrium porometers (e.g., LICOR LI-1600) [69].

As shown in Figure 2.9, the Decagon SC-1 instrument is illustrated during
operation, displaying the result of a measurement.
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Figure 2.9: The Decagon SC-1 instrument [4].

For optimal reliability, measurements should be taken on fully developed, clean
leaves exposed to sufficient sunlight, ideally between 11:00 a.m. and 2:00 p.m.
Typical stomatal conductance values under irrigated conditions range between 300
and 700 mmol m~2 s~!, whereas under moderate water stress they range between
80 and 300 mmol m~2 s, These values can also indirectly estimate transpiration
rates, as high conductance is generally associated with increased transpiration and
improved canopy thermal regulation [4].

Recently, researchers at the Massachusetts Institute of Technology (MIT) have
developed an innovative sensor that leverages the natural function of stomata-
microscopic pores on leaf surfaces responsible for water evaporation and gas ex-
change. This sensor is fabricated by printing a carbon-nanotube-based conductive
ink directly onto the leaf surface, enabling real-time monitoring of stomatal dy-
namics [88, 89].

The sensor is placed directly over a stoma. When the stoma is closed, the
conductive path is complete, allowing current to flow. When the stoma opens, the
circuit is broken, interrupting the current. By tracking these current fluctuations
using a simple multimeter, stomatal behavior can be monitored in real time [5].
The sensor design and application are illustrated in Figure 2.10.



State of Art 18

Printed conductive ink

Contact pads

Plastic holder

Figure 2.10: Sensor system developed at MIT for monitoring stomatal behavior.
The printed carbon-nanotube ink forms a circuit that opens and closes in response
to stomatal movement [5].

2.3.2.2 Canopy Temperature as an Indicator of Plant Water Stress

Canopy temperature plays a critical role in plant metabolic activity and is primar-
ily regulated by transpiration. Through evaporation from leaf surfaces, transpira-
tion removes latent heat and cools the plant canopy [90, 91]. Under water-stress
conditions, reduced soil moisture leads to decreased transpiration, resulting in
elevated leaf and canopy temperatures.

Because of this, canopy temperature is closely correlated with plant water
status and serves as a sensitive indicator for detecting water stress. To quantify
this relationship, the Crop Water Stress Index (CWSI) was introduced, based on
the temperature difference between canopy and air (7.—1T;,) and the vapor pressure
deficit (VPD).

CWSI is defined between two baselines:

« alower baseline (T.—1T,) 1, representing a well-watered plant with maximum
transpiration (no stress), and

« an upper baseline (T.—7,)yr, corresponding to a non-transpiring plant under
maximum stress.
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The empirical formula for CWSI, as proposed by Idso et al. [81], is given by
Equation 2.8:

(TC - Ta) B (Tc - Ta)LL
(T, = To)ur — (Te — Tu) Lt
where T, is the canopy temperature and 7, is the ambient air temperature.
To measure leaf or canopy temperature, two types of instruments are commonly
used: infrared thermometers and thermal cameras [6, 92]. A comparison of these
approaches was carried out using a FLIR T335 thermal camera (for infrared ther-
mography) and an AG-42 handheld infrared thermometer (Telatemp), as shown

CWSI = (2.8)

in Figure 2.11.

Measurements performed on two wheat varieties subjected to drought, salin-
ity, and combined stress revealed strong correlations between canopy temperature
and leaf water potential, particularly under severe stress conditions. Tempera-
ture differences of up to 9°C were observed between treatments. Both infrared
thermography and thermometry effectively distinguished stress levels and cultivar
tolerance.

However, thermography provides additional advantages, such as image-based
visualization of spatial thermal variations across the plant. This allows for more
precise assessment by excluding soil interference and enabling whole-canopy tem-
perature mapping, particularly valuable when plant coverage is sparse.

b)

Figure 2.11: (a) AG-42 handheld infrared thermometer (Telatemp), and (b) FLIR
T335 thermal camera used for canopy temperature measurements [6].
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2.3.2.3 Sap Flow as an Indicator of Plant Water Stress

Sap flow measurement provides an important plant-based approach to quantifying
water stress [92]. Sap, the water transported through xylem tracheary elements,
reflects the transpiration stream. Since water stress reduces transpiration via
stomatal closure, sap flow decreases accordingly, making it a valuable indicator of
plant water status [93].

Technological advances, such as heat-pulse thermal sensors, have enabled ac-
curate sap flow measurements in plant stems, providing a useful tool for irrigation
scheduling [94, 95]. However, interpreting sap flow data requires caution, as it
is influenced by both internal and external factors. Internal factors include root
and stem hydraulic conductivity, canopy structure, and stomatal regulation, while
external factors include soil moisture, solar radiation, air temperature, and vapor
pressure deficit (VPD).

Sap flow typically shows a positive linear correlation with solar radiation, VPD,
and temperature, with solar radiation being the dominant driver. Under varying
environmental and soil conditions, it can be difficult to determine whether a de-
cline in sap flow is due to reduced soil water availability or increased atmospheric
evaporative demand [96].

As a result, uncalibrated use of sap flow data for irrigation control can lead
to under- or over-irrigation. Effective irrigation scheduling based on sap flow re-
quires species-specific calibration and appropriate threshold values [93, 94, 97, 96].
Despite these challenges, the automatic recording capability of sap flow sensors
makes this method promising for integration into automated irrigation systems,
provided that accurate crop-specific thresholds are established.

2.3.2.4 Leaf Thickness as an Indicator of Plant Water Stress

Leaf thickness sensors have emerged as promising tools for monitoring plant water
status, offering non-destructive and continuous measurement capabilities. These
sensors operate on the principle that leaf thickness varies with water content de-
creasing during dehydration and increasing with rehydration [7, 98].

The relationship between leaf thickness and water status is typically expressed
through relative water content (RWC). Studies have shown a distinct breakpoint
in the RWC—thickness curve, corresponding to the turgor-loss point (TLP), which
is a critical threshold for detecting water stress [7]. Modern magnetic-field-based
thickness sensors offer high precision (up to 1 pm) and can be automated for
real-time monitoring, making them suitable for irrigation scheduling and drought
research. The sensing principle is illustrated in Figure 2.12.
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Figure 2.12: Leaf-thickness sensor composition [7].

However, the relationship between thickness and water status is species-specific
and influenced by anatomical characteristics, leaf position, and environmental fac-
tors, requiring calibrated models for accurate interpretation [7, 98]. For exam-
ple, drought-tolerant species such as sorghum exhibit larger thickness breakpoints
than sensitive species like fava bean, reflecting differences in cell wall rigidity and
osmotic adjustment [7]. Despite their potential, challenges such as diurnal fluctu-
ations and environmental noise must be addressed for reliable field deployment.
Integrating leaf thickness data with other physiological indicators, such as water
potential and stomatal conductance, can improve the overall accuracy of water
status assessments [98].

2.3.2.5 Stem Diameter Variation as an Indicator of Plant Water Stress

Monitoring stem-diameter variation (SDV) has emerged as an effective approach
for assessing plant water status, particularly in vegetable crops. SDV reflects
the dynamic exchange of water between xylem and phloem tissues. Early in the
morning, root water uptake may be insufficient to meet the increasing atmospheric
demand caused by rising solar radiation, resulting in xylem tension and the mobi-
lization of stored phloem water to sustain transpiration. At night, phloem tissues
are rehydrated [99, 100].

These diurnal shrinkage—expansion cycles correspond to variations in xylem wa-
ter potential [99, 100]. Under water-stress conditions, greater daily stem shrinkage
is typically observed, which may eventually restrict stem growth [101]. Conse-
quently, SDV serves as a sensitive indicator of plant water availability.

Several indices have been developed to quantify SDV, including the Stem
Growth Rate (SGR), Mazimum Daily Stem Shrinkage (MDS), Minimum Stem
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Diameter (MNSD), and Mazimum Stem Diameter (MXSD). Among these, SGR
and MDS are the most widely used in research [101, 94, 102].

Despite its high sensitivity, applying SDV indices for automated irrigation
scheduling remains challenging. Nonetheless, SDV is a valuable tool for detect-
ing early signs of water stress and enhancing the understanding of plant-water
interactions.

2.4 Advanced Measurement Methods

2.4.1 Electrical Impedance Spectroscopy Method

Electrical impedance can provide a non-destructive, real-time assessment of leaf
water status [103]. Impedance reflects electrical properties linked to cell structure
and water content. Under water stress, reduced water content generally increases
tissue impedance, particularly at low frequencies [104, 105, 106, 107].

Definitions. Impedance Z is the ratio of applied voltage V (¢) to resulting cur-
rent I(t), as shown in Equation 2.9

z = (2.9)

For AC analysis with sinusoidal excitation, the voltage and current signals are
represented in Equation 2.10 and Equation 2.11, respectively.

V(t) = Vy sin(wt), (2.10)
I(t) = Iy sin(wt + ¢), (2.11)

where V; and [y are the voltage and current amplitudes, respectively, w = 27 f is
the angular frequency (with f being the frequency in hertz), and ¢ is the phase
shift between the voltage and current signals.

In complex notation, the frequency-dependent impedance is represented in

Equation 2.12.

Vo . )
Z(w) = Tsem = |Z]e%?, (2.12)

and the rectangular form is represented in Equation 2.13.

Z = R+jX, (2.13)
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where R is the resistance (dissipative part) and X is the reactance (energy-
storage part).
For ideal reactive elements, the reactances are defined in Equation 2.14.

Xc = — XL = wL, (214)

wC’
where X and X, represent the capacitive and inductive reactances, respectively,
w = 2n f is the angular frequency, C is the capacitance, and L is the inductance.

Evidence from controlled studies. In a study on Labisia pumila subjected
to evapotranspiration (ET) replacement levels of 100%, 75%, 50%, and 25%, leaf
impedance increased with water stress [107]. ECG-type electrodes were attached
to leaves and connected to a precision impedance converter/network analyzer.
Frequencies were set via a software interface. At higher frequencies (70-100 kHz),
impedance showed improved stability and better separation among stress levels.
By week 20, plants at 25% ET replacement had the highest impedance (up to
~ 150 k€2), consistent with reduced leaf water content. Impedance correlated with
standard leaf water status metrics, including leaf water potential and relative water
content (RWC), with a coefficient of determination R? ~ (0.78.

Similarly, in canola, EIS achieved near-perfect correlation with RWC where
the coefficient of determination is R? ~ 0.99 and a root mean square error of
~ 0.30% [108]. These findings suggest impedance-based sensing as a cost-effective,
real-time alternative to conventional measurements suitable for precision irrigation.
However, most results to date come from laboratory or greenhouse conditions; in
open-field settings, environmental variability and soil heterogeneity can reduce
stability and require additional calibration [108, 107].

Single- vs. multiple-frequency measurements. Single-frequency impedance
has been used in plant studies to probe specific physiological conditions by measur-
ing at a fixed frequency (typically ~1-100 kHz) [109]. Tt enables rapid screening
of plant water status or detection of cellular damage, since changes in extracellular
resistance correlate with tissue hydration and membrane integrity [110]. Single-
frequency readings are also sensitive to environmental stresses (e.g., drought, frost)
that alter membrane permeability, causing measurable impedance changes [8].
However, a single frequency provides limited insight into the distribution of elec-
trical pathways and cannot clearly separate contributions from different cellular
compartments [111].

Measuring impedance over a range of frequencies (impedance spectroscopy) re-
veals key physiological and structural features [109, 111]. At low frequencies (below
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~ 1 kHz) the capacitive cell membranes confine current mostly to the extracellular
space; as frequency increases, membranes are progressively bypassed and current
penetrates cells. Above ~ 100 kHz the response increasingly reflects intracellular
properties [112, 113].

From a physiological perspective, the frequency dependence of impedance mea-
surements is particularly relevant for assessing leaf water status. Low-frequency
responses are dominated by extracellular pathways and membrane polarization
effects, which are sensitive to changes in apoplastic hydration. At higher frequen-
cies, the reduced influence of cell membranes allows current to probe intracellular
compartments, whose electrical properties are affected by cytoplasmic conductivity
and vacuolar water content. As a result, multi-frequency impedance measurements
provide a means to separate and interpret hydration-related changes occurring in
different tissue compartments, forming the basis for the equivalent circuit models
introduced in the following sections.

Two-terminal (2T) The two-electrode (2T) configuration is the simplest setup
in impedance spectroscopy, but it is affected by electrode polarization, particularly
at low frequencies [114]. In plant tissues, 2T measurements include both the
tissue impedance and the electrode-tissue interface impedance, the latter often
dominating at low frequencies [115].

To mitigate this effect, higher excitation frequencies (typically above 1 kHz)
and surface treatments are commonly used to reduce polarization [116]. Despite its
limitations, the 2T configuration remains useful for rapid measurements or when
electrode placement is restricted, such as in small organs or delicate tissues [117].
The configuration is illustrated in Figure 2.13a.

Four-terminal (4T) configuration. For more precise measurements, the four-
electrode (4T) configuration, also known as the Kelvin method, is preferred, as it
separates current injection from voltage sensing, thereby minimizing the influence
of contact impedance [110, 118].

In plant studies, the 4T setup provides more reliable and accurate data, es-
pecially at low frequencies where cellular properties dominate the impedance re-
sponse [119]. This configuration is particularly useful for monitoring rapid phys-
iological responses, such as those triggered by cold shock or mechanical stimuli,
through time-resolved measurements [8]. The configuration is illustrated in Fig-
ure 2.13b.
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a)

CIC

Figure 2.13: (a) Two-electrode; (b) four-electrode impedance configurations [8].

2.4.1.1 Electrical Modelling Components

Cole model. The Cole model is widely used in plant studies to analyze tis-
sue impedance spectra by representing the electrical response of biological tissues
in a compact frequency-domain formulation [120, 121]. In its simplest physical
interpretation, plant tissue can be described as a parallel combination of an extra-
cellular resistance (R;), an intracellular resistance (R,), and a membrane capaci-
tance (C'). This representation captures the dominant conduction pathways and
membrane polarization effects. However, its simplicity is also a limitation: highly
structured tissues with pronounced subcellular compartments may require more
complex models [122].

The frequency-dependent impedance of the Cole (or Cole-Cole) model is de-
scribed by Equation 2.15.

Ry — R
1+ (jwr)e’
where Ry is the low-frequency (DC) resistance and Ry, is the high-frequency resis-
tance. These parameters represent the asymptotic impedance limits of the tissue
and can be directly related to the lumped electrical elements of the equivalent
circuit. Specifically, in the ideal case (a = 1), the Cole model is mathematically
equivalent to a parallel RC circuit, for which

Z(w) = Roo + (2.15)

Ro = Rl + RQ, Roo == Rl, T = Rg C (216)

Accordingly, the resistance difference (Ry — Ry ) corresponds to the intracellu-
lar contribution, while R, reflects predominantly extracellular conduction. The
relaxation time constant 7 characterizes the membrane charging process and de-
pends on both the intracellular resistance and the membrane capacitance. The
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parameter @ (with 0 < a < 1) accounts for dielectric dispersion and tissue het-
erogeneity; when a < 1, the impedance response deviates from ideal Debye-type
behavior and should be interpreted phenomenologically rather than as a strict
lumped-element circuit. Here, j = v/—1 is the imaginary unit and w = 27 f is the
angular frequency.

To better model the depressed semicircles commonly observed in Nyquist plots
of biological tissues, the ideal capacitor is often replaced by a constant phase
element (CPE). The impedance of the CPE is given by Equation 2.17:

1
o = Gy

n

., O0<n<l, (2.17)

which reduces to the impedance of an ideal capacitor when n = 1.
A schematic diagram of the equivalent circuit for the Cole model, including the
optional CPE, is shown in Figure 2.14.

Re
AN — |

CPE

Figure 2.14: Schematic equivalent circuit for the Cole model (with optional CPE).

Hayden model. The Hayden model represents plant tissue as a network of mul-
tiple resistive pathways combined with a membrane capacitive element [9, 123]. In
this model, resistances R, Ry, and R3 correspond to different apoplastic and sym-
plastic conduction paths, while the capacitor C' models the membrane’s dielectric
behavior. In many practical cases, R3 > R;, Rs, allowing for a simplified circuit
in which Rj3 is omitted. The full and simplified configurations are illustrated in
Figure 2.15.

These equivalent circuits have been widely used to interpret tissue electrical
responses under abiotic stresses such as frost and salinity, offering a way to link
electrical parameters with physiological status.

A more compact formulation, known as the improved Hayden model, treats the
extracellular (apoplastic) resistance R,, the intracellular (symplastic) resistance
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R, and the membrane impedance Z,, as parallel components. The impedance of
this model is described by Equation 2.18.

Z(w) = (; + ;LS + Zm1<w)> . (2.18)

To account for membrane dispersion, the membrane impedance Z,, is often ex-

pressed with a fixed phase angle ¢ as shwon in Equation 2.19.
el?  cosp+jsing
Chw C,,w ’

where (), is the effective membrane capacitance and w = 2nf is the angular
frequency.

Zm(w) = (2.19)

Figure 2.15: (a) Full Hayden model with multiple resistive paths and a membrane
capacitor; (b) simplified Hayden model when R3 > Ry, Rs [9].

Double-Shell model. A recent study applied non-invasive bioimpedance spec-
troscopy (BIS) measurements to assess plant water stress using gold electrodes
over a frequency range of 1 Hz to 100 kHz [124]. The bioimpedance data were ac-
quired using standard electrode configurations, consistent with the measurement
principles described earlier and illustrated in Figure 2.13. The novelty of the ap-
proach lies in the interpretation of the measured impedance spectra through the
double-shell electrical model, rather than in a different experimental acquisition
method.
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Within this framework, the extracellular resistance (R;) exhibited a linear re-
lationship with water loss, making it a reliable indicator of water stress. Parti-
cle swarm optimization (PSO) was employed to estimate the model parameters,
providing more stable and physiologically meaningful fits than conventional fit-
ting techniques. The optimized parameters correlated strongly with relative water
content (RWC) and photosynthetic efficiency, demonstrating the potential of the
double-shell model for linking electrical impedance measurements to plant hydra-
tion status.

The total impedance of the double-shell model [125] is expressed by Equa-
tion 2.20.

R1 ( + A artial)
3 p
Z(ju) = — U Qs | (2.20)
Rl + ( )ﬂQg + Zpartial
where the partial branch is given by Equation 2.21.
m(ft g
2| Lty +
w «
Zpartial - (j ) 1Q5 s (221)
Ro+ Ry + -+

(Jw)*Qs

where Ry, Ry, and R, represent the extracellular, intracellular, and vacuolar resis-
tances, respectively. The elements Q3 and @5 are constant-phase elements (CPEs)
that describe the dispersive properties of the membranes, with the exponents
0 < a,f < 1 accounting for dielectric dispersion. The general expression for a
CPE is given by Equation 2.17.

Due to the increased number of parameters and the strong nonlinearity of
the double-shell model, parameter estimation is typically performed using global
optimization strategies rather than simple local or gradient-based fitting methods.

2.4.1.2 Fitting Methodologies

Following the introduction of EIS measurements and equivalent circuit models,
this section presents the main strategies used to estimate circuit parameters from
experimental impedance spectra.

Levenberg—Marquardt algorithm (LM). The most commonly used approach
for model fitting is nonlinear least squares (NLLS), typically implemented using
the Levenberg-Marquardt algorithm [126]. NLLS iteratively minimizes the sum
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of squared errors between the measured and model-predicted impedance values
across frequencies. Once fitted, model parameters such as R, C, and the CPE
elements can be tracked over time or hydration states, enabling quantitative and
non-invasive monitoring of plant water status, drought progression, and overall
plant health [127, 128]. This combination of EIS with NLLS-based fitting, partic-
ularly via the LM algorithm, is now widely adopted in both precision agriculture
and plant physiological research.

Genetic Algorithms (GA). Genetic algorithms (GAs) provide a global opti-
mization framework for EIS model fitting and are well suited to the nonlinear,
multi-parameter nature of equivalent circuit models [127]. By exploring the pa-
rameter space through crossover and mutation, GAs reduce sensitivity to local
minima and improve initialization for complex fitting problems [129].
Several studies have shown that GA-based EIS fitting effectively tracks hydration-

induced impedance changes, such as increases in resistance and decreases in ca-
pacitance, which are characteristic of drought stress [127, 129, 130, 128, 131].

Hybrid methods. Hybrid optimization schemes combine genetic algorithms
(GA) for global search with nonlinear least squares (NLLS) for local refinement,
commonly referred to as GA+NLLS, to obtain accurate and physiologically mean-
ingful parameters with enhanced robustness [127]. Such approaches have achieved
fitting errors below approximately 5% in plant tissue studies and are particularly
attractive for automated pipelines in precision irrigation. However, practical chal-
lenges remain in balancing computational cost and accuracy for near real-time field
applications [127, 132].

Machine Learning (ML) approaches. Machine learning (ML) can augment
or replace explicit circuit fitting by learning direct mappings from impedance spec-
tra to plant hydration metrics. Models such as support vector machines (SVMs)
and neural networks can process raw spectra or engineered features (e.g., Ry, Cp,,
CPE exponents) to predict water status with high accuracy, with reported coef-
ficients of determination of R? = 0.95 for leaf water content [52, 133]. Although
physical interpretability may be limited, integrating ML models with miniaturized
EIS hardware and [oT platforms enables real-time, in situ monitoring and provides
valuable decision support for irrigation management [127, 108].
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2.4.2 Infrared Spectroscopy Measurement Methods

Infrared spectroscopy has emerged as a powerful, non-destructive alternative for
rapid evaluation of plant water status across several spectral regions: near infrared
(NIR: 750-2500 nm), mid-wave infrared (MWIR: 2.5-6 pm), and thermal infrared
(TIR: 3-16 pm) [134, 135].
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Figure 2.16: (a) Leaf reflectance and dominant drivers across the spectrum [10];
(b) Reference spectra of chlorophyll, water, and leaf dry matter [11].

Principles of spectral reflectance. Plant leaves exhibit characteristic spec-
tral signatures that reflect their biochemical composition, primarily water, chloro-
phyll, and dry matter, as well as their internal structure [10]. In the visible
range (400-700 nm), chlorophyll strongly absorbs light, particularly near ~450 nm
and ~650 nm [11]. In the near-infrared (NIR; 750-1300 nm), reflectance in-
creases due to scattering from internal leaf structure. In the short-wave infrared
(SWIR; 1300-2500 nm), water absorption bands become dominant, especially
around 1450 nm and 1940 nm [10, 11].

As illustrated in Figure 2.16, these spectral features are highly informative for
assessing plant water status. Under drought stress, reflectance typically increases
at water-sensitive wavelengths due to the reduction in leaf water content. Addi-
tionally, shifts or reductions in chlorophyll absorption may occur as a result of
pigment degradation [136].
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2.4.2.1 Near-Infrared (NIR) Spectroscopy

Near-infrared (NIR) spectroscopy is widely used to assess plant water status by
analyzing changes in leaf reflectance or transmittance in the 700-1300 nm spec-
tral range [12]. In this region, water does not exhibit strong absorption features;
instead, NIR signals are primarily governed by internal leaf structure, multiple
scattering, and refractive index contrasts between air-filled and water-filled tis-
sues. Variations in leaf water status therefore influence NIR reflectance indirectly
through structural and optical pathway changes rather than through direct water
absorption.

Recent studies using Partial Least Squares (PLS) regression on second-derivative
spectra in the 700-990 nm range have achieved high accuracy for predicting leaf
water potential (LWP), with coefficients of determination up to R?* ~ 0.86 [12].
Field measurements on the abaxial (lower) leaf surface, which is characterized by
a thinner cuticle, have shown even greater sensitivity, with reported R? ~ 0.92 for
grapevine cultivars [134].

As illustrated in Figure 2.17, second-derivative spectral processing enhances
subtle reflectance variations associated with structural and hydration-related changes,
enabling effective discrimination between different water-stress levels in tomato
leaves [12].

2.4.2.2 Mid-Wave Infrared (MWIR) Indices

While near-infrared (NIR) methods are well established, the mid-wave infrared
(MWIR, 2.5-6 pm) region offers unique advantages for estimating leaf water con-
tent, as it encompasses fundamental absorption bands of water near 2.90, 4.65,
and 6.08 pm [136]. Several two-band spectral indices have been developed for this
purpose, including;:

MNDWI = , 2.22
R)\l + R>\2 ( )
Ry,

MSRWI = , (2.23)
Ry,

MSDWI = Ry, — R, (2.24)

where R), and R), are the reflectance values at two selected wavelengths. Among
these, the Modified Normalized Difference Water Index (MNDWTI) has demon-
strated strong predictive power, with reported coefficients of determination up to
R? 2~ 0.89 for estimating leaf water content [137].
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A key benefit of MWIR-based indices is their reduced saturation at high water
contents compared to many NIR indices, allowing more accurate tracking over a
broader range of hydration states [137].
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Figure 2.17: Second derivative of tomato leaf spectra highlighting water-stress
discrimination [12].

2.4.2.3 Thermal Infrared (TIR) Spectroscopy

TIR provides a complementary perspective by measuring the natural thermal emis-
sion from leaves [138]. Water stress can affect both leaf emissivity and temperature.
These responses are often species-specific: for instance, Fagus sylvatica (beech) ex-
hibited decreased emissivity under stress, associated with cuticle changes, whereas
different species within the Rhododendron genus showed increased emissivity [138].
Such variability underscores the importance of species-specific calibration for TIR-
based stress detection. TIR signals are also sensitive to environmental conditions,
such as ambient temperature and wind, which must be controlled or corrected [138].

Despite the advantages of infrared methods, several challenges persist. Spectral
saturation in the NIR at high water contents can limit accuracy [12]; interspecific
differences in leaf anatomy and structure require careful calibration [137, 134];
and environmental factors such as atmospheric conditions, solar angle, and soil
background can influence spectral measurements. These must be considered in
both the acquisition protocol and the modeling workflow [134, 138].
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2.4.3 Leaf and petiole orientation as an indicator of plant
water stress

The orientation of leaves and petioles serves as a valuable morphological indi-
cator of plant water stress, reflecting adaptive mechanisms that minimize water
loss while preserving essential physiological functions. Under drought conditions,
plants often exhibit leaf rolling or adopt more erect leaf angles to reduce light inter-
ception and transpirational water loss. For instance, leaf rolling in Cistus incanus
has been shown to correlate strongly with reductions in stomatal conductance and
photosynthesis, thereby protecting the PSII complex during water stress [139].
Similarly, tomato plants under water deficit display increased mean tilt angles
(MTAs) of leaves, a response associated with decreased leaf water potential and
lower gas-exchange rates [140].

Digital sensors such as inertial measurement units (IMUs) enable real-time
detection of these stress-induced movements, including epinasty (downward bend-
ing) in tomato and hyponasty (upward bending) in other species [14]. Changes in
leaf orientation are often accompanied by declines in photosynthesis and stomatal
conductance, reinforcing their utility as early indicators of water stress. These mor-
phological adjustments contribute to water conservation and offer a non-destructive,
practical approach for monitoring crop water status in precision agriculture and
stress-management strategies.

2.5 Irrigation: Methods and Infrastructures

2.5.1 Irrigation Methods: Traditional vs Pressurized

All irrigation techniques can generally be categorized into two broad classes: tradi-
tional and modern (pressurized) methods. Traditional systems, including surface
irrigation practices such as flooding, furrow, border, and basin irrigation, operate
primarily through gravity flow. While widely used, these approaches are often
characterized by low efficiency and substantial water losses. In contrast, modern
irrigation systems employ pressurized delivery mechanisms to enhance precision
and water-use efficiency. These include sprinkler systems, drip irrigation, and
subsurface drip irrigation (SDI), each offering improved control over water distri-
bution. The following sections provide an overview of the operating principles and
typical benefits associated with each method.
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2.5.1.1 Traditional Irrigation Methods

Traditional irrigation systems apply water without considering spatial or temporal
variability in soil properties or weather conditions influencing evaporation and
transpiration [141]. Surface irrigation remains one of the most common practices
worldwide and is often the default choice among farmers [142, 143]. However, these
methods are often inefficient, with overall water-use efficiency typically around
50% [144].

Border or flat irrigation. In this method, water is distributed over parallel
strips of a leveled field. When land leveling is performed accurately, the uniformity
of water distribution improves and efficiency can reach between 40% and 60% [145,
146]. The layout of a typical border irrigation system is shown in Figure 2.18a.

Basin irrigation. This approach involves subdividing a level field into sections
surrounded by small embankments, forming basins that are temporarily flooded.
Although the method is simple and inexpensive, its efficiency generally remains
around 40% due to infiltration and runoff losses [147]. Basin irrigation continues
to be widely used, particularly in rice cultivation. A schematic representation is
shown in Figure 2.18b.

Furrow irrigation. In furrow irrigation, water flows along shallow channels
formed between crop rows [13]. This method provides better control than surface
or basin irrigation, but runoff losses can still reach about 30% [142]. Automation
of inflow timing and volume can further improve efficiency [148]. An example is
shown in Figure 2.18c.

2.5.1.2 Modern Irrigation Methods

Modern irrigation systems use pressurized delivery to apply water more efficiently
and precisely. These methods include sprinkler, drip, and subsurface drip irriga-
tion (SDI) and are increasingly adopted in water-scarce regions due to their high
application efficiency reaching up to approximately 95% [25].

Sprinkler irrigation. This method distributes water by spraying it into the air
to simulate rainfall, making it suitable for a wide range of field crops. Application
efficiency typically ranges from 50% to 90%, depending on wind and evaporative
conditions. When well-managed, sprinkler systems have been shown to reduce
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Figure 2.18: Traditional irrigation methods: (a) border or surface irrigation; (b)
basin irrigation; (c) furrow irrigation [13].

water usage by up to 26% while maintaining or improving crop yields [147]. An
example is shown in Figure 2.19a.

Drip irrigation. Drip systems deliver water slowly and directly to the root zone
through a network of emitters, minimizing losses due to evaporation and deep per-
colation. Efficiency can range from approximately 65% to 95% [149, 150]. Drip
irrigation has demonstrated substantial benefits, including yield increases of up to
40% in India [151] and water savings of around 50% for wheat and cotton in Pak-
istan [150]. Advanced systems can be fully automated or controlled remotely [77].
A typical setup is illustrated in Figure 2.19b.

Subsurface drip irrigation (SDI). SDI places water-delivery laterals beneath
the soil surface, ensuring water and nutrients reach the root zone directly. This
improves moisture distribution, reduces evaporation, and supports uniform root
development [142]. Effective installations include filtration units to prevent emitter
clogging, control valves for regulating flow, and fertigation systems for nutrient
delivery. Automated scheduling and buried laterals help maintain optimal soil
moisture around the root zone. An example of SDI layout is shown in Figure 2.19c.
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Figure 2.19: Modern irrigation systems: (a) sprinkler irrigation; (b) surface drip
irrigation; (c) subsurface drip irrigation (SDI) [13].

2.5.2 Smart Irrigation Infrastructures

Among all the applications of precision agriculture, smart irrigation represents one
of the most important areas, especially in the context of increasing water scarcity.
It enables the optimized delivery of water to crops through automated, data-driven
decision-making systems that ensure the right amount of water is applied at the
right time and location [24, 141, 152].

The advantages of smart irrigation are significant from agronomic, economic,
and environmental perspectives. Agronomically, it reduces water stress, improves
plant vigor, and can enhance both yield and crop quality [153]. Economically,
smart irrigation systems can reduce water use by 30% to 50% compared with
traditional practices, lowering production costs and improving resilience during
drought periods [154]. Environmentally, these systems help minimize runoff and
leaching of fertilizers and pesticides into groundwater, preserve soil structure, and
support more sustainable agricultural management.

Despite these benefits, widespread adoption of smart irrigation technologies
remains limited. The high cost of sensors, probes, and automated control equip-
ment continues to be a major barrier for many farmers [155]. Furthermore, the
need for maintenance, including sensor cleaning and calibration, as well as the
technical complexity of some systems, can discourage adoption, especially among
less experienced users [123].

Smart irrigation relies on a cyber-physical architecture that integrates the In-
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ternet of Things (IoT), wireless communication networks, and cloud computing
capabilities [156]. Its operation follows a continuous feedback loop designed to
monitor and optimize irrigation decisions.

The process begins at the field level, where a network of sensors is installed
across the farm to measure key agronomic and environmental parameters such as
soil moisture, rainfall, temperature, humidity, potential evapotranspiration, and
light intensity. In some cases, drones equipped with thermal cameras are also
employed to identify water-stress zones across large agricultural areas. All collected
data are transmitted to a central control system [157].

At the control unit, intelligent algorithms, often based on artificial intelligence
(AI), analyze the incoming data, taking into account crop type, water require-
ments, and phenological stage. Based on this analysis, the system sends commands
to actuators, such as electro-valves, which start or stop irrigation, typically using
drip systems to maximize water efficiency [158].

A key aspect of this process is the reliability and energy efficiency of data
transmission. Traditional wireless technologies, including Wi-Fi and Bluetooth,
are generally unsuitable for large agricultural fields because of their limited range
and high power consumption. Similarly, cellular networks (3G, 4G, 5G), although
offering wide coverage, tend to be costly and energy-demanding for large-scale
sensor networks [159, 15].

To address these challenges, low-power wide-area networks (LPWAN) have
emerged as the most suitable communication technology for smart irrigation IoT
systems. LPWAN solutions provide long-range connectivity with minimal energy
consumption and low operational cost, making them ideal for large-scale, dis-
tributed sensor infrastructures in agriculture.

2.5.2.1 Wireless Communication Technologies

LPWAN overview. Low-Power Wide-Area Network (LPWAN) technologies
are specifically developed for applications requiring long-range communication,
multi-year battery life, and low deployment cost. These characteristics are well
aligned with the needs of precision agriculture [15]. LPWAN solutions are designed
to provide reliable connectivity across large rural areas while minimizing energy
consumption to extend device lifetime and reduce maintenance. As a result, they
offer a practical and scalable approach for Internet of Things (IoT) deployments
in agriculture.

Table 2.1 provides a comparison of the main LPWAN families: LoRaWAN,
Sigfox, and NB-IoT. The table highlights key characteristics, including modulation
schemes, frequency bands, data throughput, and network functionalities.
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LoRaWAN has gained particular popularity in agricultural monitoring appli-
cations because it combines long communication range, low power consumption,
and the flexibility to deploy private networks.

LoRaWAN Communication Protocols. LoRaWAN (Long Range Wide Area
Network) is a protocol designed for low-power, long-range wireless communication,
well suited for large-scale Internet of Things (IoT) deployments. It builds on
LoRa, a proprietary physical layer technology developed by Cycleo (France) and
later acquired by Semtech Corporation [160]. LoRa uses Chirp Spread Spectrum
(CSS) modulation and operates in unlicensed ISM bands, such as the EU868 MHz
band [161]. LoRaWAN defines the upper communication layers, including the
network architecture, data transmission protocols, and device roles.

LoRaWAN networks adopt a star-of-stars topology. End devices transmit wire-
lessly to one or more gateways, which forward the messages to a centralized net-
work server through an IP-based backhaul (e.g., Ethernet or cellular) [162, 163].
The network server handles device authentication and session management. Two
activation methods are supported: Activation by Personalization (ABP) and Over-
the-Air Activation (OTAA). The OTAA is generally preferred because it allows
devices to dynamically generate session keys from long-term credentials, assign
dynamic device addresses, and enable roaming and key updates, improving overall
security [161].

The network server also manages end-to-end security using AES-128 encryp-
tion, which is implemented at several protocol layers [162]. Application data are
encrypted with the Application Session Key (AppSKey), ensuring that payloads
can remain private even from network operators in multi-user environments. Net-
work session keys, on the other hand, secure message counters and control com-
mands [161].
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Table 2.1: Technical comparison between the main LPWAN technologies [15, 16].

Feature Sigfox LoRaWAN NB-IoT
Modulation / Fre- BPSK; ISM bands CSS; ISM  bands QPSK; licensed LTE
quency Bands (868 MHz in Europe, (868 MHz in Europe, bands
915 MHz in North 915 MHz in North
America, 433 MHz in  America, 433 MHz in
Asia) Asia)
Bandwidth 100 Hz 125-250 kHz 200 kHz
Maximum Data 100 bps 50 kbps 200 kbps
Rate
Messages per Day 140 uplink, 4 downlink  Unlimited Unlimited

Payload Size

Typical Range

Authentication and
Encryption
Interference Immu-
nity
Adaptive
Rate

Data

Private Network

Support

Standardization
Body

12 bytes (UL), 8 bytes
(DL)

10 km (urban), 40 km
(rural)

Not supported

Very high

Not supported

Not supported

Sigfox and ETSI

Up to 243 bytes

5 km (urban), 20 km
(rural)

AES-128 encryption
Very high

Supported

Supported

LoRa Alliance

Up to 1600 bytes

1 km (urban), 10 km
(rural)

LTE-standard encryp-
tion

Low*

Not supported
Not supported

3GPP

* NB-IoT operates in licensed LTE frequency bands, which reduces susceptibility to external
interference compared to unlicensed ISM-band technologies.

LoRaWAN supports three device classes designed to meet different communi-
cation and energy requirements [161, 162]. Class A devices, which represent the
default and most energy-efficient mode, open two short downlink receive windows
after each uplink transmission and then return to sleep mode. Class B devices
include additional scheduled receive windows synchronized by periodic beacons,
allowing more predictable downlink communication suitable for time-based con-
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trol operations. Class C devices keep their receivers open nearly all the time and
are intended for applications that require minimal downlink latency, although this
comes at the cost of higher power consumption.

2.5.2.2 Cloud-Integrated LoRaWAN Platforms

Cloud computing provides a scalable and robust infrastructure for managing the
large volumes of data generated by [oT sensors. It offers on-demand services that
remove the need for investing in expensive physical infrastructure [156]. Cloud
systems typically follow a layered architecture, including Infrastructure as a Service
(IaaS), Platform as a Service (PaaS), and Software as a Service (SaaS), to ensure
flexible and efficient allocation of computing resources [156].

In agricultural applications, cloud platforms significantly enhance the capa-
bilities of LoRaWAN networks by providing more than basic data transmission.
LoRaWAN systems, commonly built using platforms such as The Things Network
(TTN) [164] or ChirpStack [165], transmit sensor data from gateways to the cloud
through lightweight protocols like MQTT or HTTP.

Once transmitted, data are processed using cloud services from providers such
as Amazon Web Services (AWS), Microsoft Azure, or Google Cloud Platform
(GCP). These platforms allow secure and organized storage of both real-time and
historical sensor data [166]. They also support machine learning algorithms and
predictive models that convert raw measurements into actionable information for
irrigation control and long-term analysis.

Middleware tools such as Node-RED simplify integration by enabling the design
of custom data flows and linking cloud services with external APIs or databases.
For visualization, InfluxDB (a time-series database) [167] and Grafana (a web
dashboard platform) [168] are commonly used to display environmental and crop-
related metrics in real time [? ].

The integration of LoRaWAN with cloud computing enables the development of
scalable and remotely operated irrigation systems. These solutions offer continuous
feedback on field conditions and contribute to more efficient and sustainable water
use.

2.6 Conclusion

A deep understanding of plant physiology, water stress responses, and sensing tech-
nologies is essential for the development of reliable tools to monitor plant water
status. The literature reviewed in this chapter highlights that, while traditional
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reference methods remain fundamental for calibration and validation, there is a
growing emphasis on non-destructive, real-time, and plant-centered sensing ap-
proaches that can be deployed directly in the field and scaled to large agricultural
systems.

This chapter has shown that different plant-based sensing modalities provide
complementary information on plant water status across multiple spatial and tem-
poral scales. Electrical impedance spectroscopy (EIS) enables the characterization
of tissue hydration and cellular properties through frequency-dependent electrical
responses, while near- and mid-infrared optical techniques capture water-related
changes through structural scattering effects and wavelength-specific absorption
features. In parallel, morphological indicators such as leaf and petiole orienta-
tion reflect integrated plant responses to water deficit, linking hydraulic status
to adaptive movements associated with transpiration control and photosynthetic
regulation.

Building on this state of the art, the present thesis adopts a multi-modal,
plant-centric sensing strategy combining electrical impedance spectroscopy, in-
frared optical measurements, and inertial sensing of petiole movements. The use
of inertial measurement units (IMUs) enables continuous, real-time monitoring of
stress-induced leaf and petiole reorientation, providing a dynamic indicator of plant
water status that complements electrical and optical measurements. Simplified
and physiologically interpretable models are selected to ensure robustness, scala-
bility, and suitability for long-term monitoring in controlled and semi-controlled
environments.

This chapter therefore establishes the scientific and methodological foundation
for the experimental work presented in the following chapters, which focus on the
design, implementation, and validation of innovative sensor systems for plant-based
water stress detection and integrated irrigation management.



Experimental Methods and Materials

3.1 Introduction

range of techniques, from traditional destructive methods to advanced
non-invasive sensing technologies. Accordingly, this chapter outlines the
experimental framework, which is divided into three primary works.

T HE investigation of plant water status can be approached using a wide

o The first part describes the experimental setup and methodologies employed
in the development of optical and electrical sensors for non-invasive monitor-
ing of plant water status (as described in chapter 4), where two non-invasive
techniques were developed to monitor the water status of six Hydrangea
macrophylla plants under outdoor conditions.

o The second part details the experimental campaign conducted at KU Leuven
(Belgium), which focused on optimizing and testing a novel wireless IMU-
based sensor for real-time monitoring of plant movements. As described in
chapter 5, these petiole-mounted sensors were deployed in two commercial
greenhouses in collaboration with DRAMCO and other project partners.

e The final part outlines the implementation of the SPRITZ project carried
out during my internship at Abinsula company. This section details the
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materials and technologies used to deploy a smart irrigation system platform
under real-world field conditions as outlined in chapter 6.

Each section highlights the relevant materials, hardware components, experi-
mental designs, and data acquisition protocols specific to the corresponding phase
of the research.

3.2 Development of Optical and Electrical Sen-
sors for Monitoring of Plant Water Status

This section outlines the methodologies employed to evaluate plants’ water status,
integrating both conventional (as reference) and sensor-based techniques. It begins
with an overview of the experimental setup and the standard destructive methods.
The focus then shifts to the development and application of two non-destructive
sensing techniques based on optical and electrical principles.

3.2.1 Experimental Setup

The experiment was conducted on six Hydrangea macrophylla plants (as shown
in Figure 3.1), selected for their large leaf area, high leaf density, and significant
water requirements. These characteristics make them ideal candidates for studying
plant water status. All plants were potted in a uniform substrate with a diameter
of 30 cm and a depth of 25 cm, filled with a consistent growing medium composed
of 40% peat moss, 30% perlite, 20% compost, and 10% sand. This substrate is
widely recommended for hydrangea cultivation.

The study took place over a 20-day period during the summer of 2024 on
the outdoor terrace of the department of electrical and electronic engineering at
the university of Cagliari, Italy (coordinates: 39°13'47.3"N, 9°06’31.3"E), under
uncontrolled environmental conditions. The plants were divided into two groups
subjected to different irrigation regimes to create varying levels of water stress:

« Control group: three well-irrigated plants (Ayer, Bwen, Cwen), watered daily
to maintain optimal hydration.

« Test group: three poorly-irrigated plants (Apaq, Bad, Crad), watered only
once every three days, based on prior observations showing that this interval
induces noticeable water stress in hydrangeas without causing permanent
damage or leaf drop.
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Before beginning data collection, all plants underwent a one-week pre-irrigation
period to equalize their hydration levels. The experiment was then divided into
two distinct phases:

1. Phase I (Day 1-12): Daily measurements were taken under the defined
irrigation treatments.

2. Interruption Period (10 days): All plants received irregular irrigation
without measurements. Then all plants underwent a one-week pre-irrigation
period to standardize their hydration levels prior to measurement.

3. Phase IT (Day 13-20): After the one-week pre-irrigation, the original
treatment conditions were reinstated and daily measurements recommenced.

To maintain consistency across the monitoring period, a single healthy and
well-exposed leaf was tagged on each plant and used for all measurements. Sensor
recordings were performed daily in the late evening to minimize variability caused
by solar radiation and temperature changes. Relative Water Content (RWC) mea-
surements, which are destructive, were conducted every three days to reduce stress
and damage to the plants.

Figure 3.1: Six Hydrangea macrophylla plants situated on the terrace of the de-
partment.

3.2.2 Destructive Methods for Assessing Water Status
3.2.2.1 Relative Water Content (RWC)

Relative Water Content (RWC) is a standard method for accurately assessing the
water status of plant tissues. It represents the ratio between the actual water
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content in the tissue and its maximum water-holding capacity. This technique is
widely used due to its simplicity and low cost, as it does not require sophisticated
instruments. However, it is relatively time-consuming, which is a notable limitation
[86]. According to established protocols [86, 169, 82, 83, 84, 170], RWC values
typically range from about 98% in fully hydrated leaves to around 30% in severely
dehydrated ones. Wilting generally occurs when RWC% value is between 60% and
70%, depending on the plant species [170].

In this study, fully expanded and healthy leaves, well-exposed to sunlight, were
selected and carefully cut from each plant. Immediately after harvesting, leaves
were placed in aluminum foil bags to prevent loss of turgor. From each leaf,
eight circular discs (diameter ~ 16 mm) were punched using a cork borer, avoiding
damaged or necrotic tissue. Each set of discs was placed into labeled glass Petri
dishes, which had been pre-weighed.

The fresh weight (FW) of each sample was measured using a high-precision
laboratory balance (accuracy: 0.1mg) [171]. Next, distilled water was added to
each dish, and the samples were placed in a cool environment for (=4 hours)
to allow full hydration and reach turgidity. After soaking, the discs were gently
blotted with absorbent paper and weighed again to obtain the turgid weight (TW).
Finally, the samples were dried in an oven at 70 °C for (= 10 minutes) and weighed
once more to determine the dry weight (DW). These three weight values were then
applied to calculate the RWC by using Equation 4.1.

3.2.2.2 The Pressure Chamber

The pressure chamber (also known as a pressure bomb) is an instrument used to
measure leaf water potential (W),¢). It was originally developed by Scholander et
al. [73] and is based on the cohesion—tension theory [172], which describes how
water is maintained under tension in the xylem due to transpiration.

In this study, the use of this instrument was attempted but ultimately not
successful because of a mechanical issue with the compression gland gasket, the
component responsible for sealing and holding the leaf stem in place. The stem
diameter of the tested plants was smaller than the opening of the gasket, creating
a small gap that allowed air to escape and prevented the necessary pressure from
building up inside the chamber (as illustrated in Figure 3.2). This specific chamber
was originally purchased for use in field experiments on grapevines within the
ACUADORI project [173], where stems are significantly thicker and the standard
gasket fits properly. Several attempts were made to adapt or modify the gland
to fit the thinner stems, but none of the solutions provided a satisfactory seal,
making it impossible to perform the measurements in this experimental setup.
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Figure 3.2: (a) Conceptual illustration of a pressure chamber used to measure leaf
water potential (W).f). The cut leaf is enclosed in a sealed metal chamber, and air
pressure is gradually applied until xylem sap is forced out at the cut surface of the
petiole, indicating the balancing pressure. (b) Exploded diagram of the sealing
system components, with emphasis on the compression gland gasket, which is
responsible for tightly fixing the leaf stem. In our study, the plant stems were too
thin to seal properly, causing air leakage and preventing correct pressurization.

3.2.3 Non-Destructive Optical Method: Near-Infrared Spec-
troscopy (INIRS)

Infrared spectroscopy was employed in this study as a non-destructive method to
assess the water status of plant leaves. As established in subsection 2.4.2, this
technique exploits wavelength-dependent interactions between infrared (IR) light
and leaf constituents, including water, pigments, and structural components [134,
135]. While strong water absorption features are located at longer wavelengths,
the near-infrared (NIR) region provides indirect sensitivity to leaf water status
through hydration-related changes in internal scattering and optical path length.

Among the various possible wavelengths, a wavelength of 940 nm was selected
as a compromise between sensitivity to water-content-induced structural changes
and compatibility with widely available, low-cost electronic components. Although
water absorption at 940 nm is relatively weak compared to dominant absorption
bands, variations in leaf water content still produce measurable changes in the
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transmitted optical signal, making this wavelength suitable for compact, low-power
sensing applications.

The experimental setup consisted of three main components: an infrared LED
with a peak emission at 940 nm [174], which serves as the light source; a photodiode
with a spectral response ranging from 400nm to 1100 nm [175], which acts as a
transducer and converts light into a current; and a transimpedance amplifier (TTA)
used as a current-to-voltage converter [176].

The infrared LED was driven by a ramp-up voltage from 0V to 5V, generated
by the Analog Discovery 2 (AD2) [177], driving an increasing light emission to
obtain multiple data points across a range of light intensities, thereby improving
signal resolution and data accuracy. A schematic diagram of the optical sensing
circuit is given in Figure 3.3. The incident light penetrates through the leaf tissue,
where part of it is absorbed by the water content in the leaf, while the transmitted
portion is detected by the photodiode. Then, the output photocurrent was am-
plified and converted into a voltage signal (V) using a transimpedance amplifier
(TIA) realized with a Texas Instruments OPA2137 [176] with a feedback resistor
of 24k€). The AD2 was used to simultaneously record both the input waveform
and the amplified output signal.

Rpn=24kQ

5V

RLED= 230Q

Vvﬁ 1

Vour

-5V -5V

Figure 3.3: Schematic diagram of the optical sensing circuit based on infrared light
transmission through a plant leaf.

For practical mounting, the LED and photodiode were fixed onto opposite faces
of a custom 3D-printed clip. This clip used embedded magnets to ensure stable and
reproducible positioning during the acquisition process, as shown in Figure 3.4.
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Figure 3.4: Photograph of the corresponding sensor prototype attached to a plant
leaf, where the LED and photodiode are mounted on opposite faces of a custom
3D-printed clip, designed with embedded magnets for securing attachment to the
leaf.

3.2.4 Non-Destructive Electrical Method: Impedance Spec-
troscopy (EIS)

Impedance spectroscopy was employed to characterize the electrical properties of
the plant tissue, following the theoretical background discussed in subsection 2.4.1.
Despite the known limitations of a two-electrode configuration, such as electrode
polarization effects, this approach was selected in the present study for its sim-
plicity and suitability for intact leaves, where precise and repeatable electrode
placement is crucial to minimizing artefacts due to tissue heterogeneity [114, 117].

The measurement system consisted of the Analog Discovery 2 (AD2) device
from Digilent, used in combination with its impedance analyzer adapter, as shown
in Figure 3.5. The adapter integrates multiple precision reference resistors (Ryef) on
its PCB, each connected through electronically controlled switching paths. During
a measurement, a single reference resistor is selected via onboard relays based on
the impedance range expected for the sample.
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Prior to acquisition, the user selects—through the WaveForms software inter-
face—the reference resistance that is expected to be of the same order of magnitude
as the leaf impedance. This selection optimizes measurement accuracy by ensuring
an appropriate voltage division between the leaf and the reference resistor. If the
chosen R, is significantly larger or smaller than the measured leaf impedance,
the software automatically issues a warning, prompting the user to select a more
suitable reference resistance from the available set.

A sinusoidal AC excitation signal is generated by the AD2 waveform generator
and applied to the leaf via two custom ECG electrodes placed on its upper and
lower surfaces. The oscilloscope function of the AD2 is used to acquire two signals
simultaneously: Channel 1 (CH1) measures the applied input voltage waveform
(Vinput), while Channel 2 (CH2) records the voltage drop across the leaf (Vieas).
The current (/) flowing through the tissue is then determined from the voltage
across the selected reference resistor. Using Ohm’s law, the complex impedance of
the leaf is computed as:

‘/leaf
1

Then, the software measures the phase shift between Vi,pu and Vieas, enabling

the calculation of both impedance magnitude and phase across a frequency spec-

trum. A logarithmic frequency sweep from 10 Hz to 1 MHz was performed, using

151 points, providing sufficient resolution for accurate spectral analysis and model

fitting. This frequency range captures both the extracellular resistive behavior at

low frequencies and the capacitive properties of cell membranes at higher frequen-
cies.

Z leaf —

(3.1)

(a) (b)

Figure 3.5: (a) Schematic representation of the impedance measurement. (b)
Photograph of the impedance spectroscopy measurement setup.
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During the experiment, it was observed that prolonged application of the cus-
tom commercial ECG electrodes on the leaf surface caused tissue damage, most
likely due to the obstruction of stomatal pores responsible for transpiration. To
prevent this, an alternative solution was tested using fabricated printable elec-
trodes, produced with a conductive ink deposited through a specialized printing
process as shown in Figure 3.6. These electrodes were designed to be more com-
patible with leaf tissues and intended to remain attached for the entire duration
of the experiment. However, they proved to be mechanically fragile because of the
thin conductive paths that were easily damaged or erased with even a light tissue
contact, which often led to open circuits and loss of conductivity. For this rea-
son, the printable electrodes were not employed, and the custom electrodes were
instead used only during the measurement and removed immediately afterward to
avoid damaging the leaves. As a result, new electrodes had to be reapplied for
each daily measurement.

Figure 3.6: (a) A test of impedance measurement with the fabricated electrodes.
(b) Photograph showing both the fabricated and custom electrodes.

3.3 IMU-Based Wireless Sensor System for Plant
Movement Monitoring

In this part, the developed IMU-based petiole sensor by the DRAMCO group of
KU Leuven University is discussed. Then, the experimental setup performed to
optimize the power consumption of this sensor is presented, followed by the final
deployment of numerous sensors in two different greenhouses of tomato plants
subjected to different environmental conditions.
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3.3.1 Overview on the IMU-Based Petiole Sensor (DRAMCO
Research Group, KU Leuven)

The sensing system developed at KU Leuven is a compact, lightweight, and low-
power device designed to be mounted directly on the petiole of the plant to mon-
itor its movements in real time as shown in Figure 3.7. With dimensions of just
28.7mm X 32mm x 22.4mm and a total weight of only 17.89 ¢ (including the
battery), the module achieves an autonomy of approximately 14 months [178].

Figure 3.7: Overview of the petiole sensor module developed by the DRAMCO
group at KU Leuven.

The device is based on the TDK InvenSense ICM-20948 Inertial Measurement
Unit (IMU), a 9-axis sensor that combines a 3-axis gyroscope, 3-axis accelerometer,
and 3-axis magnetometer to measure orientation changes in the form of quaternion
data. The system is built around a low-power STM32WBA52CG microcontroller,
synchronized by a PCF2131 real-time clock (RTC) to manage data collection and
communication while operating in ultra-low-power sleep cycles with precise tim-
ing. The module transmits data wirelessly using a Semtech SX1280 LoRa 2.4 GHz
transceiver, which offers a high data rate (up to 253 kbps) and low power consump-
tion (8.2 mA in receive mode, 24 mA in transmit mode), achieving a communication
range of over 1km suitable for greenhouse deployment[178].

Each transmission consists of three aggregated IMU measurements (8 bytes
each) and timestamps, bundled into a 32-byte packet sent every 15minutes to
reduce the energy cost of frequent wireless transmissions. The sensor is powered
by a non-rechargeable 3.6 V Li-SOCI; battery (Saft LS14250), chosen for its high
energy density and low self-discharge[178].

Figure 3.8 illustrates the current consumption profile of the plant-mounted
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sensing system over a complete 15-minute operating cycle. To maximize battery
life, the sensor operates primarily in an ultra-low-power sleep mode, drawing neg-
ligible current. It exits this state three times per 15-minute cycle. The first two
wakeups are for intermediate IMU measurements, each causing a brief current
spike as the microcontroller and sensor activate. The final wake-up near the cy-
cle’s end is for the third measurement, followed by supercapacitor charging and
LoRa data transmission.

It should be noted that the supercapacitor provides the high current required
for LoRa transmission, thereby protecting the main battery from damage. After
the transmission, the system returns to its sleep mode, repeating the cycle with
high energy efficiency.

supercapacitor charging

( 3 measurement,
and LoRa transmission

[ 15t measurement J [ 27 measurement ]

ﬂ

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Time (min)

Current consumption (mA)
o = N W ~ o,

Figure 3.8: Current consumption over time for each measurement stage (adapted
from the project presentation by the DRAMCO group).

3.3.2 Experimental Setup for Power Consumption Opti-
mization

The first part of this study focused on reducing the energy consumption of the
petiole movement sensor system by optimizing the number of events collected
during each IMU measurement. The goal was to achieve a significant reduction in
power consumption while maintaining the accuracy and reliability of orientation
measures.

The standard measurement procedure (the original implementation) imple-
mented in the sensor consisted of collecting 120 samples from the IMU, discarding
the first 20 to avoid potential stabilization artifacts, and averaging the remaining
100 samples to obtain the final quaternion values (w, x, y, z).

The experimental setup was divided into main phases: starting firstly from
fixing the sensor in one common position and secondly by reducing the number of
raw IMU samples from the original implementation of 120 events down to 100, then
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80, and finally 60 events. In each implementation, three successive measurements
were done.

To achieve this, some modifications were applied to the sensor development
project in STM32CubelDE. The sensor was connected to the debugger via a spe-
cific extension for uploading the firmware to the processor. The Arduino IDE serial
monitor was used to capture all the data events of the different measurements.

The sampling reduction logic is illustrated in Figure 3.9 and Figure 3.10, where
the averaging window was reduced from 120 to 100 samples in order to save energy.
As shown in these figures, modifications to the files App_imu.c and App_gateway.c
were introduced to decrease the number of IMU measurement events from 120 in
the original implementation to 100 in the reduced version.
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1 // From App_ imu.c

2 // =—= original implementation (120 samples, skip first 20) —
3 if (measurementIndex =— 0) {

| if ((imuMeasurementNr > 19) && (imuMeasurementNr <= 121)) {
5 imuMeasQuatArray [imuMeasurementNr — 20].w = quat .w;

6 imuMeasQuatArray [imuMeasurementNr — 20].x = quat.x;

7 imuMeasQuatArray [imuMeasurementNr — 20].y = quat.y;

8 imuMeasQuatArray [imuMeasurementNr — 20].z = quat.z;

9 }

11 if (imuMeasurementNr — 120) {

12 quat64b.w = quat64b.w + 0;

13 quat64b.x = quat64b.x + 0;

14 quat64b.y = quat64b.y + 0;

15 quat64b.z = quat64b.z + O0;

17 for (int i = 0; i < 100; i++) {

18 quat64b.w += imuMeasQuatArray [i].w;

19 quat64b.x += imuMeasQuatArray[i].x;

20 quat64b .y += imuMeasQuatArray[i].y;

21 quat64b .z += imuMeasQuatArray[i]. z;

22 }

24 quat.w = (int16_+t) ((quat64b.w + 50) / 100);
25 quat.x = (intl6_t)((quat64b.x + 50) / 100);
26 quat.y = (intl6_t) ((quat64b.y + 50) / 100);
27 quat.z = (intl6_t) ((quat64b.z + 50) / 100);
28 }

20 }

s1 // From App_gateway.c

s2 while (imuMeasurementNr < 120) { // make sure minimum 120 IMU
measurements are done

33 xTaskNotifyStateClear (gatewayThreadHandler) ;

35 if (xTaskNotifyWait (0x00, Oxffffffff | &notificationValue ,
36 pdMS_TO_TICKS(200))) {

38 // motification from IMU interrupt
39 if ((notificationValue & NOTIFICATION _FROM_IMU)
10 — NOTIFICATION_FROM_IMU) {

12 // poll IMU data
13 PolllmuDevice () ;

44 }

45 }

16 else {

17 // timeout branch
48 }

|5]}

Figure 3.9: Firmware logic for the original implementation using 120 IMU sam-
ples (skipping the first 20). Quaternions are accumulated over 100 samples and
averaged using the (+50)/100 scaling. The gateway loop waits until at least 120
measurements are collected before proceeding.
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1 // From App_ imu.c

2> // == reduced—sampling version (100 samples, skip first 20) ——
5 if (measurementIndex =— 0) {

| if ((imuMeasurementNr > 19) && (imuMeasurementNr <= 101)) {
5 imuMeasQuatArray [imuMeasurementNr — 20].w = quat .w;
6 imuMeasQuatArray [imuMeasurementNr — 20].x = quat.x;
7 imuMeasQuatArray [imuMeasurementNr — 20].y = quat.y;
8 imuMeasQuatArray [imuMeasurementNr — 20].z = quat.z;
9 }

1 if (imuMeasurementNr =— 100) {

12 quat64b.w = 0;

13 quat64b.x = 0;

14 quat64b.y = 0;

15 quat64b.z = 0;

17 for (int i = 0; i < 80; i++) {

18 quat64b.w += imuMeasQuatArray [i].w;

19 quat64b.x += imuMeasQuatArray[i].x;

20 quat64b .y += imuMeasQuatArray[i].y;

21 quat64b .z += imuMeasQuatArray[i]. z;

22 }

24 quat.w = (int16_t) ((quat64b.w + 40) / 80);

25 quat.x = (intl6_t)((quat64b.x + 40) / 80);

26 quat.y = (intl6_t) ((quat64b.y + 40) / 80);

27 quat.z = (intl6_t) ((quat64b.z + 40) / 80);

28 }

20 }

// From App_ gateway.c

s2 while (imuMeasurementNr < 100) {
measurements are done
xTaskNotifyStateClear (gatewayThreadHandler) ;

// make sure minimum 100 IMU

35 if (xTaskNotifyWait (0x00, Oxffffffff | &notificationValue ,
pdMS_TO_TICKS(200))) {

if ((notificationValue & NOTIFICATION_FROM_IMU)
— NOTIFICATION. FROM_IMU) {
PolllmuDevice () ; // Poll device for data

41 }

12 }

13 else {

44 // timeout branch
45 }

Figure 3.10: Firmware logic for the reduced-sampling implementation using 100
IMU samples. The averaging window and normalization factors are reduced
((+40) /80 instead of (+50)/100), and the gateway only waits for 100 measure-
ments instead of 120.
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The same process was applied in two different initial positions: 90° and 0°.
Figure 3.11 shows the sensor taking measurements in two fixed positions at 90°
and at 0° relative to the ground level.

IkuLEUVEN

Figure 3.11: Sensor measurements in two fixed positions: (a) 90° and (b) 0° relative
to ground level.

3.3.3 Experimental Setup in Greenhouses

Two distinct experimental groups were established, each housed in a separate
greenhouse with different environmental conditions. The first group (Setl in the
first greenhouse and Set3 in the second greenhouse) comprised plants that grew un-
der natural lighting and standard climate conditions (control group). The second
group of plants (Set2 in the first greenhouse and Set4 in the second greenhouse)
were exposed to supplemental artificial lighting provided by energy-efficient LED
systems (test group). The two experiments were conducted in different periods:
from 20 February to 19 March 2025 for the first greenhouse (Setl and Set2), and
from 10 March to 24 March 2025 for the second greenhouse (Set3 and Set4).
Petiole sensor modules were mounted directly onto the tomato plant petioles.
To ensure stable fixation and minimize impact on plant growth, the sensors were
enclosed in lightweight protective casings produced by a project partner. These
casings were specifically designed to allow non-invasive attachment to the petiole
while protecting the electronics from environmental factors. Figure 3.12 shows
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photos captured during the experiments in the greenhouses, where sensors are
attached to different petioles of tomato plants.

In Setl, which initially had 10 sensors (S1-01 to S1-10), sensors S1-01 and
S1-10 were excluded due to physical damage when they fell. In Set2, also with
10 initial sensors (S2-01 to 52-10), sensor S2-07 was excluded for insufficient data
and S52-10 was excluded due to physical damage. For Set3, which contained 12
sensors, S3-01, S3-02, S3-03, S3-05, and S3-06 were excluded because they were
either damaged or provided insufficient data transmission. Similarly, from the 12
sensors in Set4, S4-01, S4-02, S4-03, S4-06, and S4-07 were excluded for the same

reasons.

=

i
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Figure 3.12: Deployment of IMU-based sensor modules in greenhouses under dif-
ferent environmental conditions.

3.4 Implementation of Smart Irrigation Platfrom

In this section, it will be discussed the experimental setup and the different com-
ponents used for the implementation of smart irrigation platform on a farm of
a project partner, while the operating principle will be explained in more detail
in chapter 6. The project aims to achieve two operational objectives, firstly to
reduce water and energy consumption, and secondly to improve crop productivity
by giving the plants just the needed quantity of water at the right time by using
multiple sensors and control systems.

3.4.1 Experimental Setup

The platform was implemented on the partner farm “Agriturismo Agave” located
in Strada Statale 291 Della Nurra in Alghero, Sardegna as shown in Figure 3.13 a
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photo of the site. The field was divided into four separate irrigation zones where
each zone contains two rows of different crops of tomato plants. This system
delivers water directly to the base of each plant using an efficient drip irrigation
system. This approach minimizes water waste by reducing evaporation and helps
prevent the spread of disease by keeping the leaves dry.

Across the field, a network of battery-powered sensors, including soil probes,
a weather station, leaf wetness sensor, PAR sensor, LoRaWAN gateway, a water
meter and a smart irrigation controller, which represent the core of the project.
All sensors communicate wirelessly with the LoRaWAN protocol, which is perfect
for agricultural applications. The different devices used in this deployment will be
explained in the following section.

Figure 3.13: A photo of the site of the implementation of the irrigation system in
the partner farm “Agriturismo Agave”.

3.4.2 The Different Components Used for the implemen-
tation

3.4.2.1 Soil probes SenseCAP S2105 (Seeed Technology, China)

SenseCAP 52105 is a stand-alone soil monitoring sensor characterized by two parts
as shown in Figure 3.14. This structure includes a sensor head dedicated to mea-
suring physical parameters (moisture, temperature, and electrical conductivity)
and a modular controller/datalogger where both communicate via a robust RS-
485 connection using the Modbus RTU protocol.
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The sensing part S-Temp&VWC&EC-02A provides essential measurements for
comprehensive soil analysis including the three sensors: Volumetric water content
(VWC), with a range of 0 to 100%, determined by a capacitance/FDR method
that estimates the electrical permittivity of the soil, the temperature is measured
by an embedded thermistor/IC in the range of -40 to 480 °C with an uncertainty of
+0.5 °C and the electrical conductivity is measured via an AC excitation across the
electrodes in a range of 0 to 10 mS/cm™!, which indicates salinity or fertility, after
thermal compensation to 25 °C thanks to the temperature sensor. The controller/
datalogger is housed in a weatherproof enclosure that provides communication and
power management by hosting a low-power MCU and LoRaWAN radio (Wio-E5
STM32WLE chip) and a battery of type Li-SOCI2 D-cell ( 3.6 V, 19 Ah) giving
(up to 10-year) battery life. It acts as a sensor node (LoRaWAN v1.0.3, Class A)
in the LoORaWAN network where measurements are read via Modbus, assembled
and packaged in a payload, and transmitted over the regional LoRaWAN band
(e.g., EU868/US915). A built-in Bluetooth interface allows field technicians to set
region, join method (OTAA), intervals of sending data, and view diagnostics via
a mobile application.

Figure 3.14: (a) An on-site photo of the soil probes (b) the soil sensors are deeply
immersed in soil to accurately measure the physical parameters.

3.4.2.2 SenseCAP S2120 LoRaWAN 8-in-1 Weather Station (Seeed
Technology, China)

The SenseCAP S2120 is compact in size, all-in-one weather monitoring station de-
signed for outdoor environmental sensing and long-range data transmission [179].
It integrates eight key sensors into a single unit, capable of measuring air temper-
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ature, relative humidity, barometric pressure, wind speed and direction, rainfall,
light intensity, and UV index.A photo the installed weather station on the site
is illustrated in Figure 3.15. The air temperature sensor operates across a wide
range from 40 °C to 80 °C, with a resolution of 0.1 °C and an accuracy of +0.5
°C in the range of 20 to 80 °C. Relative humidity is measured from 1 to 99 %RH,
barometric pressure from 540 to 1100 hPa, and wind speed from 0 to 50 m/s, with
fine resolution (0.01 m/s) and accuracy (£0.5 m/s for <5 m/s). Wind direction is
detected over a full 360° range with 1° resolution, while rainfall is quantified from
0 to 450 mm/h. The light intensity sensor captures data up to 200,000 lux, and
UV index measurements range from 0 to 16.

At the heart of the controller and datalogging subsystem is the WM-LR1110
module, which integrates a Semtech LR1110 LoRa transceiver with a Nordic
nRF52840 microcontroller (MCU), enabling the station to operate as a LoRaWAN
v1.0.3 Class A sensor node for long-range wireless communication (2 to 10 km, de-
pending on environmental conditions). It is compatible with multiple LoRaWAN
frequency plans (EU868/US915, etc.) and includes a customizable GPS option.

Power is supplied primarily by a 0.5 W solar panel, backed by three internal AA-
sized 1.5 V lithium batteries. The dual power strategy allows the device to remain
operational for up to two years. This design enables optimal environmental sensing
in various field conditions, making it a suitable choice for precision agriculture.

3.4.2.3 SenseCAP S-YM-01 Leaf Wetness integrated with SenseCAP
S2100 LoRaWAN Data logger (Seeed Technology, China)

The leaf witness sensor works on a biomimetic principle: its leaf-shaped design
allows it to faithfully reproduce the properties of a real leaf, so condensation and
evaporation occur at rates like natural leaves. It detects the presence of water
(dew, rain, or ice) on its surface by measuring variations in an electric field and
converts these changes into a 0-100 % wetness index proportional to the fraction of
the surface covered by water [180]. This approach offers high sensitivity from the
very first droplets and enables accurate detection of leaf wetness events that are
crucial in agriculture, since leaves that are too wet strongly favor the development
of fungal diseases such as mildew [181, 182]. For reliable measurements, the sensor
is mounted on a station arm with the sensing surface facing upward and slightly
inclined to mimic natural runoff and droplet behavior, as shown in Figure 3.16b.

The sensor transmits its readings via a MODBUS-RTU protocol over an RS-485
interface to a SenseCAP S2100 LoRaWAN Data Logger, designed to collect and
transmit data from third-party industrial sensors [180]. Internally, it uses Seeed’s
Wio-E5 system-on-chip (STM32WLE), which combines an STM32 microcontroller
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Figure 3.15: SenseCAP 52120 8-in-1 LoRaWAN Weather Station installed on the
site.

with a LoRa transceiver and runs LoRaWAN v1.0.3 Class A. The logger is opti-
mized for low power: its firmware keeps the MCU in deep sleep, periodically wakes
to power and poll the measurement, packages data into a compact LoRaWAN up-
link, transmits it using multiple LoORaWAN frequency plans (EU868/US915, etc.),
and then returns to sleep. Power is provided by an internal battery for long field
autonomy but can also be supplied by an external 12 V DC source when available,
as shown in Figure 3.16a.

This architecture enables the leaf witness to operate for extended periods with
minimal maintenance and to transmit data remotely to LoRaWAN gateways for
agricultural monitoring and disease-risk assessment.

3.4.2.4 SenseCAP S-ZFS-02 solar-radiation sensor integrated with Sense-
CAP S2100 LoRaWAN Data logger (Seeed Technology, China)

The S-ZFS-02 is an industrial pyranometer that measures global solar radiation
in the wavelength range of 300 to 1100 nm with an accuracy of +£3 % and a mea-
surement range of 0-2000 W - m~2 [183]. It operates on the principle of a silicon
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Figure 3.16: (a) A photo of the SenseCAP 52100 LoRaWAN Data controller/logger
connected with leaf witness sensor outputs via MODBUS-RTU interface. (b) A
photo of the leaf witness sensor installed on the site.

photodiode combined with an optical diffuser that complies with the cosine law, en-
suring accurate measurement of incident irradiance regardless of the sun’s angle.
Monitoring solar radiation is important in agriculture because it directly influ-
ences photosynthesis, plant growth and water demand. The Sensor was connected
to the SenseCAP S2100 LoRaWAN Data Logger using the same MODBUS-RTU
(RS-485) interface and communication setup described previously for the leaf wit-
ness sensor. This configuration allows the pyranometer to be powered and polled
by the logger, which then packages the measurements into LoRaWAN uplinks for
remote transmission. Figure 3.17 shows the installation of this combination on the
site at an arm. This setup enables long-term, low-maintenance monitoring of solar
radiation in the field and reliable integration into precision agriculture.

3.4.2.5 RAKT7249 WisGate Edge Max LoRaWAN gatway (RAKwire-
less Technology Limited, China)

The RAK7249 WisGate Edge Max is a robust LoORaWAN® gateway designed for
use in wide-area agricultural and environmental monitoring networks [184]. It is
built with a durable weather-resistant aluminum case that protects it from rain,
dust, and temperature changes, making it suitable for long-term outdoor instal-
lation. The gateway includes a processing module based on a MediaTek MT7628
processor running OpenWRT Linux, together with one SX1301 LoRa concentra-
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Figure 3.17: (a) A horizontal photo of the PAR sensor implemented on the site. (b)
A transversal photo of the PAR sensor integrated with SenseCAP S2100 installed
on the site.

tor card supporting 8 channels that allow it to receive data from multiple sensors
at the same time. It can maintain stable communication over several kilometers
thanks to its high transmit power of up to 27 dBm and its receiver sensitivity down
to 139 dBm. The device supports Ethernet, Wi-Fi, and 4G/LTE connections for
data transmission and includes built-in GPS for accurate time and location. It
can be powered via Power-over-Ethernet (PoE 802.3af/at) or by an external 12
V source. Its software provides a simple web interface for configuration and in-
cludes features for secure communication through encryption and basic network
functions such as data forwarding and firewall protection. It can function either
as a packet forwarder to external servers such as AWS IoT Core for LoRaWAN,
or as a local LoRa network server, managing connected sensors directly. During
operation, the gateway demodulates incoming signals from LoRaWAN end devices
timestamps them using GPS, and forwards data securely to the network server,
and if the internet connection is lost, it stores the data temporarily and forwards
it automatically once the connection is restored. The RAK7249 offers a reliable
backbone for smart irrigation and precision agriculture systems that need contin-
uous data collection in outdoor environments. Figure 3.18 shows the LoRaWAN
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gateway installed on the site.

" LoRaWAN

Figure 3.18: A photo of the installation of a LoRaWAN gateway on the site.

3.4.2.6 ESP32-S3 Irrigation Controller (Lifely, Italy)

At the heart of the automated irrigation system is the custom SPRITZ board (rev.
2.1), developed by “Lifely” company. This compact board acts as the intelligent
“brain” that manages valve actuation. It built around a powerful and efficient
ESP32-S3 chip, which is characterized by its good compute, low-power operation,
and its mineable connectivity (Wi-Fi 4+ Bluetooth). The hardware is composed
of different components as shown in Figure 3.19. While the description of each
component is mentioned in the following section.

Legend (matching callouts):

1. ESP32-S3-WROOM-1 (U2) — Main MCU with Wi-Fi/BLE. Runs the
irrigation firmware: valve scheduling, MQTT /HTTP client, LED status, and
button handling.

2. Power header (H3) — Breaks out board rails: 5V, 3.3V, and GND.
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Figure 3.19: A photo of the irrigation controller “the SPRITZ board”.

3. Expansion header (J3) — Extra ESP32 GPIOs for add-on sensors/I0.

4. RGB status LED (D4 / RGB001) — Multi-color indicator for power-on,
Wi-Fi pairing/connected, valve activity, and fault codes (blink patterns).

5. Manual override buttons (BT1-BT4) — Per-zone test/override for
quick field checks.

6. RESET & BOOT (SW [Reset], SW [Boot]) — Hardware controls for
entering bootloader and resetting the MCU (used during flashing/recovery).

7. Field power input (J1, VT /V) — 24V input for solenoid valves.

8. Micro-USB (J4) + USB-to-UART (U3, CH340C) — Programming
and console: connect to a PC to flash via UART and read serial logs.

9. Per-zone driver & protection (U4-U7, D9-D12, R/C) — Interface
between ESP32 and relay/solenoid loads: transistor/driver stages for level
shifting/current drive; flyback diodes clamp inductive spikes; R/C parts
shape signals and protect the MCU.
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10. Relay bank (K1-K4) — Four relays (one per zone) switching the 24V
field supply to solenoid valves; each zone controlled by the ESP32.

11. Screw terminals (H1-H4) — Field connections for the four valve outputs;
sized for typical irrigation wiring.

In the field setup, the control unit was installed inside a protective cage to en-
sure durability against outdoor conditions. The cage was firmly fixed to a metallic
pole using clamps, as illustrated in Figure 3.20. Inside the enclosure, the SPRITZ
board was mounted and connected to the 24 V DC power supply, which provides
the necessary energy to drive the irrigation valves.

The electrical wiring was carefully routed. The output terminals of the relays
were connected to the valve cables, allowing each valve to be independently actu-
ated according to the control signals sent by the ESP32-S3 microcontroller. The
power adapter highlighted in the red square in Figure 3.20b converts the AC input
into a stable 24 V DC supply, ensuring safe operation of the electronic components
and the field actuators.

Electrical valves
outputs

Figure 3.20: (a) The SPRITZ irrigation controller unit installed inside a protective
cage showing its different components (b) A weather-proof enclosure with AC-DC
power supply.

3.4.2.7 Ultrasonic LoRaWAN Water Meter (GAO Tek Inc, USA)

The LoRaWAN ultrasonic water meter, with a nominal diameter of DN40 (40 mm),
operates based on the transit-time principle, which measures the time difference
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between ultrasonic pulses traveling with and against the flow of water to determine
the flow rate with high accuracy without any moving parts, minimizing mechanical
wear and maintenance. Its performance is defined across a wide range of flow rates:
from a minimum flow rate (Q1) of 0.064 m3/h essential for detecting small leaks, up
to a nominal continuous flow rate (Q3) of 16 m3/h suitable for normal operation.
It can even temporarily withstand an overload flow rate (Q4) of approximately
20 m3/h without damage. The meter incorporates a LoRaWAN transmitter that
periodically transmits data on the totalized volume, instantaneous flow rate and
alarms, guaranteeing remote monitoring for several years.

For accurate readings, the meter should be installed in a straight pipe section
following the U5/D3 rule, meaning at least five pipe diameters upstream and
three diameters downstream of straight pipe to ensure a stable flow profile. This
installation rule helps avoid turbulence or flow distortion caused by nearby bends
or valves, ensuring that the water passes smoothly through the measurement zone
for precise flow detection.

Figure 3.21: (a) Installation of the LoRaWAN ultrasonic water meter within a
protective housing connected to the irrigation line (b) An internal view of the ul-
trasonic flow sensor and the display unit with LoRaWAN communication module.

3.5 Conclusion

This chapter presented the experimental methods, tools, and materials employed
throughout the research work. The study was structured around three main ex-
perimental activities: the development and testing of two non-invasive leaf-based
sensing techniques (infrared spectroscopy and electrical impedance spectroscopy)
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on Hydrangea macrophylla plants under outdoor conditions, the deployment of
long-term monitoring custom IMU-based petiole sensors developed by KU Leu-
ven in commercial greenhouses, and the practical implementation of the smart
irrigation platform within the SPRITZ project at Abinsula company.

The methodologies described here lay the foundation for the subsequent analy-
sis and interpretation of the data, which will be explored in the following chapters.



Development of Optical and Electrical
Sensors for Non-Invasive Monitoring of
Plant Water Status

4.1 Introduction

in chapter 2, as well as the experimental tools and protocols described in
chapter 3, this chapter focuses on the application of optical and electrical
leaf-based sensing techniques for the non-invasive assessment of plant water status.

In particular, this chapter presents the experimental evaluation of near-infrared
spectroscopy (NIRS) and electrical impedance spectroscopy (ELS) as low-cost, leaf-
level methods for detecting variations in plant hydration. Both techniques rely on
changes in the optical and electrical properties of leaf tissues that are indirectly
linked to plant water status, making them suitable for non-destructive and re-
peated measurements over time.

The experiments were conducted in outdoors under uncontrolled environmental
conditions, with plants subjected to different irrigation regimes. The main objec-
tive is to assess the capability of NIRS and EIS measurements to discriminate
between water treatments and to evaluate the relationship between sensor-derived

B UILDING on the physiological background and sensing principles reviewed
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parameters and a standard destructive reference method, namely the relative water
content (RWC).

This chapter therefore serves as a transition from the theoretical and method-
ological framework established in the previous chapters to the experimental vali-
dation of plant-centric sensing approaches, providing the foundation for the sub-
sequent developments presented in this thesis.

4.2 Methodology and Data Analysis

4.2.1 Relative Water Content (RWC)

The protocols used for this method were described in subsubsection 3.2.2.1. For
each measurement, the following parameters were recorded: fresh weight (FW),
turgid weight (TW), and dry weight (DW). The relative water content (RWC, %)
was then calculated using the standard formula [83] shown in Equation 4.1:

_ FW-DW
“TW-DW
This method was applied to all plants of Figure 3.1 from both treatment groups
at three-day intervals throughout the experiment. For each group, the results
were expressed as the mean £ standard deviation (SD), summarizing the RWC

RWC (%) 100 (4.1)

distribution and variability between well-irrigated and poorly irrigated plants.

4.2.2 Infrared Spectroscopy

During each infrared measurement, the ramp waveform driving the LED increased
linearly from 0V to approximately 5V, followed by a brief return to 0V to reset
the cycle. As the LED voltage rose, the amount of IR light transmitted through
the leaf increased, leading to a corresponding rise in the output voltage from
the photodiode. Then, a CSV file was exported from the Analog Discovery 2
(AD2) containing the variation of the photodiode output voltage (V,q), the input
generator voltage (Vgen), and the cycling time.

The data collected from each daily measurement were organized as a set for
each plant. These files were then uploaded to a Google Colab environment for
processing.

To calculate the final daily measurement output representing the transmitted
light through the leaf, the average photodiode voltage was computed over the active
LED range, which is the useful portion of the signal in one cycle (approximately
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from 1.25V to Vjax). Outside this range, either the LED is not emitting enough
light or the signal is saturated. This output, referred to as V,;,, was calculated as
the Equation 4.2.

Voh = jlv > Vid,i (4.2)
i:Vigen i €[1.25 V, Vinax]

where Ve, is the generator voltage driving the LED, V,q is the output of the
photodiode, and N is the number of valid samples within the selected range.

To calibrate all the daily measurements, a reference baseline reading (Viaseline)
was recorded, representing an infrared measurement without a leaf sample (the
LED light directly captured by the photodiode, indicating 100% light transmit-
tance). The baseline voltage was calculated similarly to the Equation 4.3.

1
Vbaseline = N Z Vpd,i (43)

i:Vgen i€[1.25 V, Vinax]
Then, the daily transmitted infrared measurement for each plant was calculated
using the Equation 4.4.
‘/out,i

baseline

7% = (

Finally, the daily absorption coefficient of each plant was calculated as the
complementary portion of the transmitted signal follwing Equation 4.5.

) x 100 (4.4)

Ai(%0) = 100(%) — Ti(%) (4.5)

All daily absorption coefficients were collected for all plants. Measurements
were organized under the well- and poorly-irrigated groups for both experimental
phases and normalized by period. A Welch’s t-test was conducted to assess the
overall difference in normalized absorption coefficients between the well-irrigated
and poorly irrigated groups, considering all plants and measurement days. The
analysis was performed on flattened data vectors to capture the full distribution
of each group.

The relationship between RWC and normalized absorption coefficients was eval-
uated separately for the two phases of the experiment using multiple regression
models. The best-fitting model was selected based on the highest R? value.

4.2.3 Modeling of the Electrical Impedance Spectroscopy

For each daily impedance measurement, data including magnitude, phase, and
their corresponding frequency columns were recorded in .csv files for each plant.
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The data were then processed and fitted to a proposed equivalent circuit model
(ECM) used to fit the impedance spectra of leaf tissues.

The proposed model is represented in Figure 4.1. It is derived from the Cole-
type models reviewed in subsubsection 2.4.1.1, which are widely used to represent
the frequency-dependent electrical behavior of biological tissues. In particular, the
selected model can be interpreted as a practical adaptation of the Cole model that
explicitly accounts for the electrode—leaf interface, which is especially relevant in
two-terminal (2T) impedance measurements.

Unlike more complex models such as the double-shell or Hayden models, the
present ECM was intentionally chosen as a simplified yet physiologically meaning-
ful representation, suitable for robust parameter estimation under experimental
constraints such as limited frequency range, measurement noise, and repeated
daily acquisitions.

Intracellular Extracellular Interface
properties properties Electrode-Leaf

R1

Figure 4.1: Schematic representation of the proposed equivalent circuit model
(ECM) used to fit the impedance spectra of leaf tissues. The model consists of
two parallel branches (R, Cy) and (Rs, CPE) separated by a series resistance Rj.

This model was selected based on established bioimpedance literature, includ-
ing both plant and biomedical applications, where electrical components are com-
monly associated with biological structures [127, 185, 186, 187, 188]. Each com-
ponent represents the electrophysiological properties of leaf tissues.

The model consisted of a resistance in series between two parallel branches.
The series resistance R; is associated with extracellular ionic pathways, capturing
conductivity through apoplastic spaces, while the parallel branch (R, Cy) captures
intracellular properties, with Ry representing the intracellular resistance and Cj
modeling the cell membrane capacitance. The other branch (R, || CPEg) was
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designed to represent the contact interface between the electrode and the leaf,
where Ry reflects interfacial resistance and CPE, accounts for non-ideal capacitive
behavior as shown in Equation 4.6 due to surface irregularities, with the phase
factor n indicating the degree of non-ideality [127].

1
CPEQ(]UJ)”

Where Zcpg is the impedance of the constant phase element (CPE), CPE, is
the pseudo-capacitance, w is the angular frequency, j is the imaginary unit, and n
is the phase factor (0 <n <1).

The daily measured impedance data were exported to Python, and the mag-
nitude |Z| and the phase angle were first converted into complex form following
the Equation 4.7 and then fitted to the selected ECM using the impedance.py
library [189].

Zopp = (4.6)

Z(w) = |2 cos b + jsin 6] (4.7)

where w = 27 f is the angular frequency (rads™!), | Z| is the impedance magnitude,
0 is the phase angle, and j? = —1 is the imaginary unit.

The goal of this analysis was to determine the circuit parameters that best
reproduce the measured impedance response of the system across the full fre-
quency range. The fitting procedure sought to minimize the difference between
the experimental impedance Z; and the model-predicted impedance Zk(Q) over
all frequency points k. This was achieved by minimizing the following objective
function in Equation 4.8

min 32 |(R(Z ~ Z@))" + (32~ 240} ] (1)

where R{-} and J{-} denote the real and imaginary components of impedance,
and 0 = (R, Co, Ry, R2,Q,n) are the estimated model parameters.

This function calculates the total squared difference between the measured and
modeled data in both the resistive and reactive domains. For each frequency, the
algorithm evaluates how far the model is from the experimental data, it squares
these deviations, and sums them across all frequencies. Minimizing this cost en-
sures that the optimized parameters accurately reproduce both the magnitude and
the phase of the measured impedance spectrum.

To achieve accurate and efficient parameter estimation, a hybrid optimization
strategy was implemented. First, a global optimization algorithm was employed
using the SciPy.optimize library [190] to explore the parameter space broadly
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and identify an optimal set of initial guesses, improving convergence speed and
avoiding local minima. Subsequently, these global results were refined through a
nonlinear least-squares (NLLS) fitting based on the Levenberg-Marquardt (LM)
algorithm [191], which iteratively adjusts the parameters to minimize the objec-
tive function defined above. The LM algorithm combines the advantages of the
Gauss—Newton and gradient-descent methods, allowing rapid convergence near the
optimal solution while maintaining stability when far from it.

After convergence, the fitted parameters (Rg, Cy, R1, Ry, Q,n) were used to
simulate the expected impedance response (called the theoretical spectrum) and
compared directly with the experimental data to verify how well the model rep-
resented the real behavior of the system. Performance of the fit was evaluated
visually through Nyquist and Bode plots and quantitatively confirmed using the
coefficient of determination (R?), computed separately for the real and imaginary
components of the impedance.

All circuit parameters were extracted for all impedance measurements of all
plants. The parameter values were organized under well-irrigated and poorly ir-
rigated groups for both experimental periods and were normalized by period. A
Welch’s t-test was conducted to assess the overall difference in the normalized
impedance parameters between the well-irrigated and poorly irrigated groups, con-
sidering all plants and measurement days. The analysis was performed on flattened
parameter vectors to capture the full distribution of each group.

Finally, the relationship between leaf water status (RWC) and the fitted circuit
parameters was examined separately for the two phases of the experiment using
multiple regression models. The best-fitting model was selected based on the
highest R? value.

4.3 Results and Discussions

4.3.1 RWC Results

The Relative Water Content (RWC) values measured throughout the experiment
confirmed the effectiveness of the irrigation treatments in inducing a substantial
variation in hydration level between the two plant groups. As shown in Table 4.1,
the average RWC values were computed for well-irrigated and poorly irrigated
groups every three days during both phases of the experiment (Days 1, 4, 7,
10 before interruption, and Days 13, 16, 19 after interruption). These values
are expressed as mean =+ standard deviation (SD) and serve to summarize the
hydration status of the six Hydrangea macrophylla plants over the 20-day period.
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In the first phase, plants under well irrigation treatment (Awell, Bwell, and
Cwell) maintained high RWC values, consistently above 89%, with only a slight de-
creasing trend observed over time. In contrast, the poorly irrigated plants (Abad,
Bbad, and Cbad) began the first phase with relatively high hydration (average
~95% on Day 1) but exhibited a noticeable decline, reaching ~67% by Day 10.
This indicates that the effects of water deficit began to manifest, though the impact
was still moderate.

In the second phase, following the intentional irrigation interruption, the sepa-
ration between the two groups became more pronounced. While the well-irrigated
group showed a slight reduction in RWC (remaining above ~81%), the poorly ir-
rigated group experienced a sharp decline, with average RWC values dropping to
~66% on Day 13 and continuing to fall to ~33% by Day 19. These values high-
light the progressive development of water stress symptoms in the poorly irrigated
group as the experiment progressed.

These results confirm that the irrigation strategy effectively induced controlled
stress conditions, which offers a solid reference baseline for evaluating the perfor-
mance and validating the comparisons with the non-destructive sensing methods
such as infrared spectroscopy and electrical impedance spectroscopy.

Table 4.1: Summary of the average RWC values on scheduled measuring days
for well- and poorly-irrigated groups during both phases. Values are expressed as
mean + standard deviation (%).

Phase Day Well-Irrigated (Mean + SD) Poorly Irrigated (Mean £+ SD)

1
First phase

10

96.72% + 1.93%
92.90% + 2.13%
93.78% =+ 0.65%
89.10% + 3.16%

94.78% + 2.28%
88.97% + 1.44%
76.44% + 3.39%
67.39% + 15.72%

13
Second phase 16
19

82.01% =+ 5.51%
84.85% + 5.80%
81.47% + 4.78%

66.57% + 13.23%
45.38% + 10.57%
33.12% + 11.54%

4.3.2 Infrared Spectroscopy Results

The temporal evolution of the normalized absorption coefficient for the control and
test groups is shown in Figure 4.2. The blue and red curves refer to the average
normalized absorption coefficient for the well-irrigated and poorly irrigated plant
groups, respectively.
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In the initial phase (Days 1-12), the control group exhibited relatively stable
normalized absorption values, showing a slight decrease over time but remaining
consistently higher than those of the test group. In the second phase (Days 13-
20), the normalized absorption values in the poorly irrigated group demonstrated
increased variability and continued to decline, reaching the lowest levels by Day 20.
Conversely, the well-irrigated group exhibited a decline in the initial days, followed
by a modest recovery at the end of the period. It is noteworthy that the ups in
the response of the test group correspond to the measures implemented the day
after watering the plants, thereby confirming the high sensitivity of this kind of
measurement to irrigation events.

14y

1.2

1.0

0.8r

0.6

Normalized Absorption Coefficient

——- Test Watering Day
0.2 | = Well Irrigated
—&- Poorly Irrigated

2.5 5.0 75 10.0 125 15.0 175 20.0
Day

Figure 4.2: Normalized absorption coefficient trends for well-irrigated (blue) and
poorly irrigated (red) plant groups over a 20-day experimental period. The stan-
dard deviation is also included. Dashed black lines indicate test watering days. A
visible gap between Days 12 and 13 indicates a 10-day interruption and a one-week
pre-irrigation period to restore initial conditions. Error bars represent standard
deviation.

As illustrated in Figure 4.3, the boxplot analysis demonstrates the divergence
in absorption responses on the selected Days 2, 7, 12, 14, and 19. Each box rep-
resents the interquartile range (IQR), with whiskers indicating variability outside
the upper and lower quartiles. Median values are indicated by horizontal lines.
The selection of these days is not arbitrary; it is intended to facilitate the analysis
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of periods where the gap between the curves for the well- and poorly-irrigated
plants was most pronounced.

In the initial phase (Days 2, 7, and 12), the well-irrigated plants exhibited
higher and more consistent normalized absorption values, while the poorly irri-
gated plants demonstrated a decline and greater variability between plant sam-
ples. In the subsequent phase, the discrepancy became even more pronounced. By
Day 19, the plants in the poorly irrigated group exhibited the lowest values of the
entire experiment. This outcome is indicative of the extremely high water stress
experienced by these plants. In contrast, the well-irrigated plants demonstrated
greater stability, maintaining high normalized absorption values.

N \Well Irrigated

1.4}F E Poorly Irrigated
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Day
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Figure 4.3: Boxplots of normalized absorption coefficients for well-irrigated (blue)
and poorly irrigated (red) plants on selected days (2, 7, 12, 14, 19). The shaded re-
gion marks the experimental time gap between the two measurement phases. Each
box represents the interquartile range (IQR), with whiskers indicating variability
outside the upper and lower quartiles. Median values are shown as horizontal lines.

The observed decline in normalized absorption coefficients in water-stressed
plants during both phases can be explained by structural changes in leaf tissues
during the process of dehydration. A decrease in water content has been shown to
reduce leaf thickness and turgor pressure, which in turn leads to a decrease in op-
tical path length and a change in absorption behavior. The quantification of such
results is often accomplished by researchers using an Equivalent Water Thickness
(EWT) measurement in millimeters. The correlation between the thickness of the
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water layer in the leaf and the depth of the absorption features has been well doc-
umented [192]. These findings are consistent with previous studies demonstrating
that leaf internal structure and moisture content affect optical properties in the
near-infrared regions [11, 193]. In addition, the study reported in [194] found that
well-hydrated plants exhibited higher values of absorption in the NIR spectrum
than plants experiencing water stress. This trend was also observed in the con-
trol group during the experiment’s initial phase, where the normalized absorption
values remained relatively stable and consistently higher than those of the test
group.

In the second phase, the normalized absorption coefficients showed unexpected
behavior. Between Days 16 and 18, the poorly irrigated plants exhibited high val-
ues, followed by a sharp drop, while the well-irrigated group showed lower values
with slight recovery at the end. This may be explained with the physiological
adaptation response of the plants [195, 196]. The poorly irrigated plants, having
already faced two stress periods, may have developed stress memory and tem-
porarily improved tolerance after the one-week irrigation. However, when stress
resumed, their sensitivity declined, leading to a reduced response. On the other
hand, the well-irrigated plants were not used to stress, so they had a harder time
recovering after the interruption. That may explain their initially low IR response
and the slight recovery by the end.

A further noteworthy observation in this study was that increases in the nor-
malized absorption coefficients of water-stressed plants frequently occurred on the
day following irrigation rather than on the same day. Even though measure-
ments were taken approximately 10 hours after watering, no immediate change
was detected. This protracted reaction may indicate that the physiological recov-
ery mechanisms of plants do not occur instantaneously but rather evolve over time.
As demonstrated in [197], research findings indicate that xylem embolism signif-
icantly reduces stem-specific conductivity in maize plants during daylight hours.
However, the plant can recover overnight if sufficient soil moisture is available.

To further develop the study, Welch’s t-test was conducted to assess the over-
all difference in normalized absorption coefficients between the well-irrigated and
poorly irrigated groups, considering all plants and measurement days. The analy-
sis was performed on flattened data vectors to capture the full distribution of each
group. The selection of this test over the standard Student’s t-test was made on
the basis that it does not assume equal variances between the two groups and it
is more robust when dealing with small sample sizes [198]. The findings demon-
strated a statistically significant discrepancy between the two irrigation treatments
(t = 3.79, p = 2.69 x 1071), indicating that irrigation level exerts a substantial
influence on the optical properties of plant leaves.
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Figure 4.4: Correlation between RWC and normalized absorption coefficient during
the two experimental phases. A quadratic model was used to fit the data in both
phases. The left panel shows the first phase with a coefficient of determination of
R? = 0.56, and the right panel displays the second phase with R? = 0.51. Each
subplot includes the corresponding regression equation and R? value.

The relationship between RWC and the normalized absorption coefficient was
assessed separately for the two phases of the experiment using multiple regression
models. The best-fitting model in each case was selected based on the highest co-
efficient of determination (R?). The infrared spectroscopy method showed a good
correlation with the RWC values when a quadratic regression model was applied,
yielding R? values of 0.56 and 0.51 for the first and second phases, respectively as
shown in Figure 4.4.

These results confirm the potential of this non-destructive technique to monitor
plant hydration levels. While these R? values may appear lower compared to those
reported in other studies, for example, the work in [199] achieved a coefficient of
determination equal to 0.9899 for the correlation between leaf water content and
diffuse reflectance spectra in Miscanthus. It is important to highlight that our mea-
surements were conducted in uncontrolled outdoor conditions, where plants were
exposed to natural environmental variability. In contrast, the above-mentioned
studies were typically performed in controlled environments, which naturally lead
to more stable and higher correlations.
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4.3.3 Electrical Impedance Spectroscopy (EIS) Results

As illustrated the Bode plots of magnitude and phase in Figure 4.5 and the Nyquist
plot in Figure 4.6, the model demonstrates excellent agreement with the exper-
imental data across the full frequency spectrum. This strong fit confirms the
model’s ability to accurately capture both resistive and capacitive behaviors of
the leaf—electrode system. These results support the suitability of the proposed
circuit for characterizing leaf tissue impedance under different hydration states,
providing a reliable tool for monitoring plant water status through non-invasive
electrical measurements.
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Figure 4.5: Bode plots showing the measured (blue dots) and fitted (orange line)
impedance data from a representative leaf sample: (a) magnitude of impedance
(|Z]) versus frequency; (b) phase angle (degrees) versus frequency. The good
fitting quality demonstrates the suitability of the equivalent circuit model across
the measured frequency range.

The extracted normalized electrical parameters from the fitted equivalent cir-
cuit model are presented in Figure 4.7, showing distinct trends in response to the
irrigation treatments over the 20-day monitoring period.

In particular, the normalized Ry in Figure 4.7d demonstrated a progressive
increase in the poorly irrigated group, starting around Day 6 and peaking around
Day 12, followed by a decline during the second phase. This rise in Ry is likely
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Figure 4.6: Nyquist plot (—Z"(w) vs. Z'(w)) of the complex impedance spectra
from a representative leaf, comparing measured (blue dots) and fitted (orange line)
data. The close overlap between measured and modeled data confirms the fitting
accuracy of the proposed circuit.

related to reduced ionic mobility within plant tissues due to water stress [131].
As water is the primary medium for ion transport, its reduction increases tissue
resistance and hinders current flow [200].

Similarly, the normalized Cj parameter in Figure 4.7e, which reflects the ca-
pacitive behavior of cell membranes, showed a clear and immediate increase in the
well-irrigated plants at the beginning of both phases, while remaining consistently
lower in the poorly irrigated group. This trend may be attributed to turgor pres-
sure differences, where water loss can impair membrane integrity and reduce their
capacity to store charge. This observation aligns with studies on chili pepper and
tomato leaves, where higher leaf moisture was associated with higher dielectric
constant values and, consequently, higher capacitance readings [201].

In contrast, the normalized R; parameter in Figure 4.7c¢ showed moderate
variations across both groups, without a clear separation during the first phase.
However, a decreasing trend was observed in the poorly irrigated group during the
second phase. For the remaining parameters, Ry and CPEg, no substantial group
separation was observed in the first phase in Figure 4.7a and Figure 4.7b. In
the second phase, while CPEy remaining variable with no clear difference between
groups, Ry showed some separation, with lower values in the poorly irrigated
plants.

Overall, these findings highlight the sensitivity of impedance-derived param-
eters, especially Ry and Cj, to changes in plant water status, confirming their
potential as reliable indicators of leaf hydration.

Welch’s t-test was performed to statistically compare the normalized impedance
parameters between well-irrigated and poorly irrigated plant groups across all mea-
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Figure 4.7: Temporal evolution of the normalized parameters extracted from the
equivalent electrical circuit over the 20-day experimental period for well-irrigated
(blue) and poorly irrigated (red) plant groups: (a) Ra; (b) CPEy; (¢) Ry; (d) Ry;
(e) Cy. A visible gap between Days 12 and 13 indicates a 10-day interruption and a
one-week pre-irrigation period to restore initial conditions. Data points represent
group means, and error bars indicate standard deviations. Among all parameters,
Ry and Cj revealed distinct separation between the treatments in both phases.

surement days. Each impedance parameter (Ry, Cy, Ry, Ry, and CPEj) was ana-
lyzed independently using a two-tailed test to assess whether significant differences
existed in the mean values between the two irrigation treatments.

The results, summarized in Table 4.2, revealed that only Ry and C{y exhib-
ited statistically significant differences between the two groups at a threshold of
p < 0.001. Specifically, Ry showed a strong negative t-statistic (t = —3.7437,
p = 0.0003), while Cj displayed a positive t-statistic (¢ = 3.4003, p = 0.0010), sug-
gesting that both parameters respond sensitively to changes in plant water status.
On the other hand, the parameters R, Ry, and CPEy did not reach statistical
significance (p > 0.05), which could be attributed to lower sensitivity to water
stress conditions in these specific components.

To assess the relationship between RWC and the most promising impedance-
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Table 4.2: Summary of Welch’s t-test results conducted between well-irrigated and
poorly irrigated plants for each normalized parameter. Significance threshold set
at p < 0.001.

Normalized Parameter T-statistic P-value Significant (p < 0.001)

Ry —3.7437 0.0003 Yes
Co 3.4003 0.0010 Yes
Ry 1.7628 0.0810 No
Ry 1.8273 0.0714 No
CPE, 1.2747 0.2069 No

derived parameters (Ry and Cj), several regression models were tested. However,
the resulting determination coefficients (R?) were too low to indicate any mean-
ingful statistical correlation. This suggests that, under the current experimental
conditions, the relationship between impedance parameters and RWC may not be
linear or have a direct functional correlation. It is likely influenced by additional
factors such as leaf structure and electrode contact variability.

Although the results are promising, there are still some issues that need to be
addressed to improve the system’s performance.

For impedance spectroscopy, using a two-electrode setup may have reduced the
accuracy of the measurements because of the contact resistance between the leaf
and the electrodes. To solve this, a four-electrode configuration, as used in [173], is
recommended. This approach can reduce errors caused by contact impedance and
improve the reliability of the data. It was also noticed that keeping the custom
electrodes attached to the leaf for a long time could damage the tissue. Because of
this, new electrodes had to be applied each day, which may have introduced vari-
ability, particularly affecting the stability of fitted parameters such as CPEy and
Co, and contributed to the large standard deviations observed in these normalized
values. Developing bioelectrodes that are more compatible with the leaf’s surface
structure could offer a promising solution, as suggested in [188, 202].

4.3.4 Discussions

For infrared spectroscopy, one of the main challenges was the influence of ambient
light, especially in outdoor conditions. Background light can interfere with the
readings, so improving light shielding or applying correction methods to reduce
this interference would help make the measurements more accurate.

To further improve the study, it is important to increase the number of samples
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in each group and take multiple measurements per plant, possibly at different
points on the same leaf. This would help reduce variability and better represent
the overall water status of the plant.

The study should also be extended to various crop types, such as tomatoes and
grapevines, to verify whether the approach works well in other contexts. Finally,
continuous monitoring of in-field environmental parameters such as temperature,
humidity, and light intensity should be incorporated to improve data interpretation
and quantify the impact of these factors on plant responses.

4.4 Conclusion

The present study aimed to develop and evaluate two non-invasive sensor sys-
tems, infrared (IR) spectroscopy and electrical impedance spectroscopy (EIS), for
directly assessing plant water status from leaf tissues. Both sensors successfully
differentiated between well-irrigated and poorly irrigated Hydrangea macrophylla
plants under uncontrolled outdoor conditions, validating their performance against
the traditional reference method of relative water content (RWC).

Among the parameters obtained from impedance measurements, the normal-
ized intracellular resistance (Ry), the cell membrane capacitance (Cp), and the nor-
malized absorption coefficient demonstrated significant differences between the two
irrigation treatments, as confirmed by Welch’s test. The IR sensor demonstrated
a good correlation with RWC, yielding determination coefficients of R? = 0.57
and R? = 0.51 for the first and second phases of the experiment, respectively.
In contrast, the impedance sensor did not exhibit a clear functional correlation
with RWC, likely due to measurement complexity and confounding factors such
as contact impedance and tissue heterogeneity.

Despite these promising results, several limitations were identified. The main
challenges include the limited conformity of the custom electrodes with the leaf
surface and the strong influence of ambient sunlight on IR measurements. These
findings highlight the need for further refinement of both sensing systems to im-
prove their precision and reliability. Future work should focus on enhancing elec-
trode design, minimizing optical interference, and validating the sensors under a
wider range of environmental conditions to enable their effective application in
real-world plant monitoring and irrigation management.



Optimization and Testing of an
Innovative Wireless IMU-Based Sensor
for Real-Time Monitoring of Plant
Movements

5.1 Introduction

ical responses to environmental conditions. Changes in the orientation of

leaves or petioles have been shown to reveal early signs of abiotic stress,
such as drought, heat, or suboptimal lighting [140]. However, traditional observa-
tion techniques are constrained by limitations related to occlusion, cost, and data
processing complexity.

Recently, digital sensors such as inertial measurement units (IMUs) have emerged
as a reliable tool for detecting stress-induced leaf movements in real time. These
movements include epinasty (downward bending) in tomato plants and hyponasty
(upward bending) in other species [14]. Such sensors, designed to be attached di-
rectly to leaves or petioles, enable continuous and non-invasive monitoring of plant
movements under real greenhouse conditions.

P LANT movement has been identified as a significant indicator of physiolog-

85
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This chapter presents the work conducted during my research stay at KU Leu-
ven University within the DRAMCO research group. The main objectives were to
reduce the energy consumption of their developed IMU-based petiole sensor and to
analyze the experimental data collected from two partner greenhouses cultivating
tomato plants. The study aimed to investigate whether petiole movements could
be used to predict artificial lighting conditions and, more broadly, to understand
how tomato plants respond to different environmental treatments.

5.2 Methodology and Data Analysis

5.2.1 Optimization of Energy Consumption of the IMU-
Based Sensor

The power optimization strategy was fundamentally guided by a quantitative error
analysis, which assessed the impact of progressively reducing the number of raw
IMU samples from the original 120 down to 100, then 80, and finally 60 samples.
As explained in subsection 3.3.2, each step of the process was repeated three times
(first, second, and third measurement) and was reapplied on two different initial
positions for validation: a 90° inclined position and a flat position.

The quaternion data (w,x,y, z) of each event were collected in Excel files to-
gether with their timestamps using the serial monitor. A global orientation error
was computed directly in quaternion space for the first, second, and third mea-
surement (obtained with the reference implementation of the sensor), using the
Euclidean distance between the mean quaternions of the reduced-sample sets (each
time 10 samples were reduced) and the reference dataset (120 samples):

Error = \/(wn — wrof)2 + (In - xrcf)2 + (yn - yrcf)2 + (Zn - Zrcf>2 (51)

This formulation provides a comprehensive measure of the orientation deviation
in four-dimensional quaternion space, ensuring that all rotational components are
considered simultaneously.

All datasets were imported into Python, and the quaternions were converted to
Euler angles (roll, pitch, and yaw) using the SciPy.spatial.transform.Rotation.
from_quat () function, which expresses three-dimensional orientation in degrees.
For each measurement file, the mean quaternion was computed to obtain a repre-
sentative orientation, and this average was then transformed into Euler angles for
subsequent comparison.
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Within each trial, the dataset with 120 samples was used as the reference
orientation, representing the baseline accuracy. The reduced-sample datasets (100,
80, and 60 samples) were compared to this reference to quantify the deviation
introduced by sample reduction. The orientation error for each Euler component
was calculated as the absolute difference between the reference and the reduced-
sample values as shown in Equation 5.2.

AEuler = |Euler,, — Euler,| (5.2)

The resulting angular errors (ARoll, APitch, AYaw) were analyzed and plotted
as functions of the number of samples for each measurement repetition. These plots
enabled the identification of the sampling threshold at which the error becomes
negligible relative to the reference.

5.2.2 In-depth Analysis of The Two Greenhouse Experi-
ments

As discussed before in subsection 3.3.3, the experiments were deployed in two
different greenhouse partners. In this section, it will be explained how data was
collected from sensors and environmental parameters of both greenhouses and
then processed to visualize and discuss results in the next section. Finally, the
data analysis with the integration of machine learning was mentioned to predict
the plant petiole movement across the variation of lighting exposure.

The environmental data were provided separately by the greenhouse partners
in the form of CSV files. For the first experiment, the environmental dataset
contained the timestamps of 5-minute intervals for the PAR (Photosynthetically
Active Radiation) values, temperature, and relative humidity for both Set 1 and
Set 2. However, the environmental data for the second experiment was less struc-
tured, requiring more organization and data conversions to obtain ready meaning-
ful parameters. The data provided were taken at 5-minute intervals and included
different parameters such as percentage of artificial LED lighting intensity applied
to Set 4, instantaneous natural solar radiation (W - m™2), accumulated solar radi-
ation energy over time (J - cm™?), and additional data related to substrate weight
and daily drainage percentages.

At this point, the analysis focused on converting the raw light measurements
into biologically relevant photosynthetic active radiation (PAR) values to align
with the provided data of the first experiment (Set 1 and Set 2). This con-
version was a two-step process: first, the conversion of global solar radiation
(W-m™2) to PAR (umol - m~2 - s7!) was performed using a conversion factor of
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4.6 pmol - s7! - W1 a standard value recommended for clear-sky conditions [103].
The definition of PAR in terms of photon flux density (umol-m™2 -s7!) is far
more relevant than its definition in terms of irradiance (W - m™2), as it induces
a lower systematic error (£6% versus £16%) when the spectral composition of
the light varies (sun, blue sky, artificial lamps). Therefore, to accurately quantify
the effect of PAR on a plant’s photosynthetic activity, the measurement of inci-
dent quantum flux is the preferred choice, as it provides a better approximation
of the true potential of light to stimulate photochemical reactions [203]. Second,
for the Energy-Controlled Lighting group (Set 4), the LED intensity (given as a
percentage) was also converted to PAR by scaling the system’s maximum output
of 169 pmol - m~2 - s~ 1.

The total PAR for Set 4 was then calculated as the sum of the sunlight and LED
components, whereas for the Control group (Set 3), the total PAR was derived only
from the sunlight source.

Daily water uptake calculation

For additional investigations about the effect of photosynthetically active radiation
on water consumption, the daily water uptake values were calculated for Set 3 and
Set 4, since the provided data contained the substrate weights (recorded every
5 minutes) and the daily drainage percentages. The idea is to measure water loss
and added water due to irrigation by assessing the weight changes of the substrate
at each timestamp.

Water loss calculation. Only negative weight changes (indicating water loss)
were summed daily as follows in Equation 5.3.

AW, = W; — W;_4, where AW, < 0 (5.3)

Irrigation calculation. Similarly, only the positive weight changes (indicating
irrigation events) were summed daily as follows in Equation 5.4.

AW; = W; — W4, where AW, >0 (5.4)

Daily plant water uptake estimation. Finally, the daily plant water uptake
for Set 3 and Set 4 was calculated using the Equation 5.5 and Equation 5.6,
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respectively.

Irrigationgs X Drainage%og.s
100

Uptakeg,3 = WaterLostgets — ( ) — (Irrigationg,5 x 0.10)

(5.5)
Irrigationg,, x Drainage%g.4
100

Uptakeg., = WaterLostgets — ( ) — (Irrigationg., x 0.15)

(5.6)

The last term in each formula accounts for estimated plant evapotranspiration
based on each experimental assumptions. The estimated plant evapotranspiration
for Set 3 corresponds to 10% of the daily available water, while for Set 4 it is
estimated by 15%. This difference is attributable to greater light exposure in
Set 4, which increased evaporation.

IMU data acquisition and preprocessing

The experiments were deployed in two different greenhouse partners. Each petiole
sensor module (for more details, see subsection 3.3.1) was attached to a tomato
plant and recorded plant movement data in the form of quaternion measurements.
The sensor operates in duty-cycled mode by performing and recording three consec-
utive measurements approximately every 15 minutes, followed by a LoRa 2.4 GHz
data transmission to a local gateway installed within the greenhouse. This gateway
acts as a bridge between the wireless sensor network and the cloud infrastructure,
The Things Network (TTN). TTN provides reliable data transmission and initial
storage, enabling real-time access to sensor measurements for authorized project
partners. In parallel, all raw sensor data are securely archived on a private database
server maintained by the DRAMCO research group. The storage system enables
authorized users to retrieve complete datasets by specifying the sensor ID and
desired date range. The downloads are provided in CSV format.

The raw sensor data for each set were extracted from the recorded database
with the period adjusted to correspond precisely to the two experimental cam-
paigns. The downloaded datasets included: quaternion measurements (w,x,y, z)
capturing plant movement dynamics, timestamps synchronized with the sensor
acquisition times, and sensor identification information.

To convert these quaternion measurements into interpretable angular move-
ment data, a custom Python script was applied, utilizing the SciPy spatial trans-
formation library (Rotation.from_quat). The function accurately transforms the
quaternion data into Euler angles representing the Pitch (X-axis rotation), Roll
(Y-axis rotation), and Yaw (Z-axis rotation). The Euler angles obtained were
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used to investigate petiole orientation and evaluate plant movement patterns. An
illustration of the petiole’s Euler angle orientations in Figure 5.1.

Pitch Ruoll Yaw

Figure 5.1: Schematic showing the Euler angle orientations (roll, pitch, yaw) of a
plant petiole [14].

The data analysis for each set was conducted independently in the Google Co-
lab environment, establishing a robust pipeline for processing, synchronizing, and
modeling the orientation signals collected from the IMU-based petiole sensors. The
main objective was to investigate the relationship between plant petiole movement
and environmental light conditions by linking the sensor-derived orientation data
with photosynthetically active radiation (PAR) measurements.

The first day of IMU data acquisition was excluded to eliminate initialization
artifacts. To ensure that the measurements did not contain unnatural jumps or
discontinuities, a signal correction procedure was implemented. This procedure
aimed to eliminate artifacts while preserving the natural circadian patterns of
petiole orientation. A customized stepwise correction function was applied to each
series of Euler angles. Its role was to identify and remove abrupt jumps in the
signal exceeding a defined threshold of 5 degrees. The function operated iteratively;
it detectes sudden variations above the threshold, applies a cumulative offset to
correct the signal, and thus preserves continuous and realistic movement patterns
over time.

Because the raw datasets were recorded using internal transmission delays, the
actual timestamps were reconstructed based on the recorded delay field. Each
group of three consecutive measurements (with delays of 0, 5, and 10 minutes)
was reassigned corrected timestamps, ensuring that the final time series followed
a uniform sampling interval. Incomplete or inconsistent batches were discarded.

To associate orientation data with environmental conditions, the processed
IMU datasets of each set were merged with the corresponding PAR measurements
recorded in pmol - s7! - m™2. Other environmental parameters (such as tempera-
ture or humidity) were intentionally excluded to concentrate the analysis on light-
induced petiole responses. A nearest-neighbor temporal merger was performed
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to synchronize each IMU record with the closest PAR reading. In addition to
PAR, temporal features were extracted from each timestamp to capture diurnal
patterns: the time of day was expressed as a continuous hour value and further
encoded using its sine and cosine components (sz’nitime, cositime) to represent
the cyclic nature of daily light variation.

Subsequently, a machine-learning analysis was performed to evaluate the pre-
dictability of petiole orientation from environmental inputs. Three regression al-
gorithms with complementary approaches were used: Random Forest (a robust
tree-based model), XGBoost (a high-performance boosted model for structured
data), and SVR (a model suited to non-linear relationships on small datasets).
Each model was trained independently for each sensor data and for each Euler
component (roll, pitch, yaw). The feature set consisted of PAR_Set, sin_time,
and cos_time, while the target variable corresponded to one of the FEuler angles
to be predicted. The datasets were randomly split into a training set (70%) and
a testing set (30%). Each model was trained with its default parameters, and
its performance was quantified using two metrics: the coefficient of determination
(R?), measuring the proportion of variance explained, and the mean absolute error
(MAE, in degrees).

5.3 Results and discussions

Results of the Energy-Consumption Optimization

The initial evaluation, summarized in Figure 5.2, presents the variation of quater-
nion mean error in % as a function of the number of IMU samples considered for
averaging, under two distinct orientations of the sensor module: flat position (left)
and 90° position (right).

In both configurations, the error was computed as the Euclidean distance be-
tween the mean quaternion obtained using a reduced number of samples and the
reference mean quaternion calculated from the complete 100-sample dataset with
the exclusion of the first 20 samples. Each curve represents a different measure-
ment repetition (first, second, and third measurement).

For both orientations, a clear decreasing trend of error with the increase in
sample number can be observed. This confirms that the accuracy of the estimated
mean orientation improves as more samples are included in the averaging process.
When only a few samples were used (below 20-30), the deviation from the refer-
ence mean was significantly larger, especially for Measurement 1. As the sample
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count increased beyond approximately 80, the error approached zero, demonstrat-
ing convergence of the mean quaternion toward a stable orientation estimate.

The overall magnitude of the error was slightly higher in the 90° position (ap-
proximately 30% for the first 20 samples) compared with the flat orientation (ap-
proximately 20% for the first 20 samples) for the first measurement, suggesting
that this configuration was more affected by sensor bias or alignment uncertainties.
whereas subsequent measures remained stable even with fewer samples, highlight-
ing the influence of the IMU’s internal stability period. This established that for
a stabilized sensor, sample reduction was a viable path to energy savings.

Quaternion Mean Error vs. Number of Samples (Flat Position) Quaternion Mean Error vs. Number of Samples (90 Position)
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Figure 5.2: Euclidean error between quaternion averages with reduced samples
and the 120-sample reference for flat (left) and 90° (right) sensor positions. Mea-
surements 2 and 3 demonstrate low error even with reduced samples, while Mea-
surement 1 shows larger error

Figure 5.3 and Figure 5.4 illustrate the evolution of the Euler angles Roll (X),
Pitch (Y), and Yaw (Z) over time for the three repeated measurements with the
original implementation (120 samples) when it is positioned respectively at 0°
(flat configuration, Figure 5.3) and 90° (vertical configuration, Figure 5.4). Each
subplot shows the evolution of a specific Euler angle as a function of elapsed
time (measurement duration) for a single measurement repetition, enabling direct
comparison of sensor-response stability and noise levels across trials.

In Figure 5.3 of the flat position, the roll angle exhibits a gradual and smooth
decreasing trend across time, particularly evident in Measurement 1, indicating
a slight drift or slow mechanical relaxation during the acquisition period. The
pitch and yaw angles remain nearly constant, with minimal variations, confirming
high short-term stability of the IMU under static conditions. The small discrete
jumps observed in some measurements are likely due to the sensor’s finite digital
resolution and quantization of the data stream.

In Figure 5.4 of the 90° position, the roll component remains close to —93°,



Wireless IMU-Based Sensor for Real-Time Plant Movements 93

consistent with the expected orientation shift of approximately 90° compared with
the flat case. The pitch and yaw signals show small oscillations, with slightly
higher variability than in the flat configuration, suggesting that the vertical ori-
entation is more sensitive to external perturbations such as magnetic field inter-
ference or residual sensor noise. Nevertheless, the mean values remain stable over
time, confirming that the module accurately preserves its orientation during the
measurement sequence.

Overall, these results demonstrate that the quaternion-to-Euler conversion
yields stable and repeatable angle estimations in both configurations. However, a
pronounced phenomenon was observed: a large difference in elapsed time between
the first measurement and the subsequent measurements, with the first measure-
ment taking 9s and the subsequent measurements only 2.5 s, when taken in the flat
position. Similarly, in the 90-degree position, the elapsed time for the first mea-
surement equals to 15 s while for the subsequent measurements it’s equal to only
2.5 s. These results suggest that the IMU requires a longer period of time when
affecting measurements directly after powering on, to stabilize its internal filtering
and sensor fusion processes. Once stabilized, the subsequent measurements deliver
more consistent orientation measurements with shorter time, and even with fewer
samples as shown in next section.

Figure 5.5 illustrates the angular error calculated for the three Fuler compo-
nents Roll (X-axis), Pitch (Y-axis), and Yaw (Z-axis) as a function of the number
of IMU samples considered (60, 80, and 100) for three measurement repetitions. In
each case, the angular error is the absolute difference between the orientation es-
timated with a reduced number of samples and the reference orientation obtained
from the full 120-sample dataset.

For all axes, the general trend indicates that the angular error decreases as
the number of samples increases, confirming that a higher sampling count im-
proves orientation stability and accuracy. The most pronounced variations are
observed in the Roll and Pitch components of the first measurement, where the
error reaches up to approximately 4° and 0.4°, respectively, when only 60 samples
are used. These errors decrease significantly as the sample count approaches 100,
showing convergence toward the baseline value. In contrast, the second and third
measurements maintain consistently low error levels (< 0.5°) across all sampling
configurations, demonstrating better repeatability and less sensitivity to sample
reduction.

For the Yaw component, all trials show very small deviations (below 0.3°), con-
firming that this axis is less affected by sampling reduction under static conditions.
The minor fluctuations observed may be attributed to the residual noise produced
from the magnetometer or from the environmental magnetic disturbances.
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Figure 5.3: Evolution of Roll, Pitch, and Yaw angles during the three consecutive
measurements of the IMU taken with the original implementation when the sensor
is positioned at flat position.

This direct comparison clearly demonstrates that while the error was unaccept-
ably high for the 60-sample case, particularly for the roll axis, it became acceptably
low and stable when 80 samples were used across all axes. The root cause of the
initial instability observed in the first measurement was visually confirmed and
explained in Figure 5.3 and Figure 5.4, which highlighted the pronounced drift
and extended duration of the first acquisition compared to the subsequent ones.

Taken together, this comprehensive analysis, from quantitative error evaluation
to axis-specific and temporal behavior, provides a solid empirical basis for selecting
the 80-sample configuration as the optimal trade-off. This setting offers substantial
energy savings while maintaining angular errors within an acceptable range for
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accurate and stable orientation estimation.
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Figure 5.4: Evolution of Roll, Pitch, and Yaw angles for the three consecutive
IMU measurements taken with the original implementation when the sensor is
positioned at 90°.
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Figure 5.5: Angular errors in (Roll, Pitch, Yaw) relative to the 120-sample refer-
ence measurement for different sample reductions at a 90° sensor position.
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Table 5.1 summarizes the average energy consumption per operational cycle
of the IMU-based sensor, highlighting the contribution of each process before and
after the sampling optimization (reducing the sample count from 120 to 80). This
optimization maintained acceptable angular accuracy and yielded a clear reduction
in overall energy usage.

The energy required for a single IMU measurement dropped from 4.16 pWh to
2.91 pWh, while the combined measurement, supercapacitor charging, and LoRa
transmission phase was reduced from 37.48 pWh to 36.23 yWh. The sleep phase
remained constant at 13.80 4y Wh, as it was unaffected by the sampling adjustment.
Consequently, the total average energy per complete operating cycle decreased
from 87.20 pWh to 83.45 tWh, corresponding to an energy saving of approximately
4.3%.

Although this gain may seem modest in relative terms, its impact on the sen-
sor’s autonomy is significant. As demonstrated in Table 5.1, the theoretical auton-
omy of the sensor, powered by a 1.2 Ah lithium-thionyl chloride (LTC) battery at
3.6 V battery, increases from 1.4 years to 1.48 years, extending its operational du-
ration from 515 days to 539 days, providing an additional 24 days of autonomous
operation. This increase is crucial for long-term greenhouse deployments, where
maintenance for battery replacement is costly and disruptive.

Table 5.1: Average energy consumption per process before and after sampling
optimization.

Process Average Average
energy energy

consumption consumption

(wWh)  (optimized)

(#Wh)
Single IMU measurement 4.16 291
Sleep between IMU measurements 13.80 13.80
Single IMU measurement + supercap charging + 37.48 36.23
LoRa transmission
Total per cycle 87.20 83.45

The choice of 80 samples thus stands as the optimal compromise between
metrological precision and energy efficiency, ensuring the system’s viability for
continuous crop monitoring over complete growth cycles.



Wireless IMU-Based Sensor for Real-Time Plant Movements 97

Results of the Analysis Conducted in Greenhouses

Figure 5.6 illustrates the daily evolution of photosynthetically active radiation
(PAR) measured for Set 1 (blue curve) and Set 2 (red curve) within the greenhouse
environment during the first experiment. The PAR values, expressed in (umol s™*
m~2 ), represent the instantaneous intensity of light available for photosynthesis
as a function of time expressed in hour.

A distinct difference in light exposure can be observed between the two sets.
Set 2 shows consistently higher PAR values throughout the photoperiod, reaching
peak levels of approximately 800 pmol st m™2 around midday, whereas Set 1
peaks near 500 gmol st m~2 during the same interval. This indicates that Set 2
was positioned under a more intense lighting regime corresponding to supplemental
lighting from LED lamps while Set 1 operated just under natural light conditions.

The temporal pattern of both curves follows the expected diurnal course, with
light intensity increasing after dawn, reaching its maximum near solar noon, and
gradually decreasing toward evening. The extended plateau of Set 2 during early
morning and late afternoon further confirms the contribution of artificial lighting,
which prolongs the effective illumination period to more than 8 hours compared
to Set 1.

These results validate the environmental differentiation imposed during the ex-
periment and confirm that the two sensor sets were exposed to clearly distinct light
regimes. Such variation in PAR is essential for interpreting subsequent analyses
of plant responses.
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Figure 5.6: Daily PAR exposure comparison between Setl and Set2.

Figure 5.7 shows the diurnal course of photosynthetically active radiation

(PAR) data measured for Set 3 (red curve) and Set 4 (blue curve) from the second
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experiment. There is a dramatic increase in PAR intensity, with values reaching
nearly four times those recorded in the first experiment. Such a quantitative jump
suggests a change in environmental conditions between the two greenhouses. The
recorded data reveal that Set 4 experienced markedly higher peak illumination,
reaching values above 3000 umol s™* m~2 | whereas Set 3 reached slightly lower
maxima of around 2500 pgmol s~ m™2. Despite these amplitude differences, the
overall temporal profiles remain consistent, indicating that both sets were sub-
jected to the same general light cycle.

These intense PAR values should theoretically greatly enhance the photosyn-
thetic capacity of plants, potentially allowing them to reach photosynthetic satu-
ration and accelerate growth.
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Figure 5.7: Daily PAR exposure comparison between Set3 and Set4, including
artificial lighting contribution for Set4.

Indeed, the effect of photosynthetically active radiation (PAR) on plants is
fundamentally quantum and not energetic [203]. The process of photosynthesis is
initiated by the absorption of photons by leaf pigments. Therefore, the efficiency
of light in driving photosynthesis in an “average plant” does not depend on the
total incident energy, but on the number of photons in the 400-700 nm band and
their suitability for the photosynthetic action spectrum [203]. This photochemical
process is not an isolated event; it lies at the heart of a chain of events that
directly governs the plants’ water consumption where the main link is the stomatal
regulation.

Figure 5.8 presents the daily evolution of plant water uptake for Set 3 (red
curve) and Set 4 (blue curve) during the second experiment. The values were
derived from irrigation and drainage measurements, representing the total amount
of water absorbed by the plants each day, expressed in kg.
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Both sets exhibit a similar temporal pattern, characterized by an initial in-
crease in water uptake followed by day-to-day fluctuations. The general trend
indicates that Set 4 consistently absorbed more water than Set 3, with daily val-
ues ranging between approximately 6 kg and 10 kg for Set 4 and 4 kg to 8 kg
for Set 3. The results show that Set 4, which received supplemental lighting, ex-
hibited consistently higher daily water uptake, reflecting increased water demand
associated with elevated light exposure and potentially enhanced photosynthetic
activity.

After March 17, both sets show a stabilization of water uptake with slight
oscillations, suggesting that plants had reached a steady physiological state un-
der stable greenhouse conditions. The sharp decreases at the end of the period
correspond to the reductions in irrigation.

Overall, these results confirm that light availability strongly influences daily
plant water uptake. This relationship supports the use of concurrent PAR and
water-uptake monitoring as complementary indicators of plant water status and
environmental response.
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Figure 5.8: Daily plant water uptake comparison between Set3 and Set4.

To analyse the dynamic movements of petioles, it was mandatory to assess the
real patterns by carefully preprocessing the IMU data to distinguish true plant
responses from simple artifacts such as mechanical disturbances, whether from
accidental contact during greenhouse maintenance or even from obstruction by
insects. Figure 5.9 shows some examples of the Euler angles before and after
signal filtering and corrections of certain sensors.

As shown in Figure 5.9, the plant moves its petiole according to a predictable
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daily rhythm. This allows it to adapt to light in advance and better capture the
sun’s energy for growth.

20250311 20250313 20250315 20250317 20250319 20250321 20250323  2025.03.25
Timestamp

Figure 5.9: Comparison between the original and corrected Euler angle signals
(yaw, pitch, and roll) for two representative sensors, S4-04 and S4-10, over the
experimental period.

Then, a machine learning analysis was applied to evaluate the predictability of
petiole orientation from each set as discussed before in subsection 5.2.2. The best-
performing model of each sensor was then selected based on their metrics. The
results for the first and second experiments are gathered respectively in Table 5.2
and Table 5.3.

Table 5.2: Best Model Performance for Petiole Movements Prediction — Set 1
(Control) vs Set 2 (Energy-Controlled Lighting = Test).

Sensor Target Angle Best Model  R? Score MAE (°) Treatment

S1-08 Pitch XGBoost 0.448 0.072 Set1 — Control
S1-08 Roll Random Forest 0.631 0.057 Setl — Control
S1-08 Yaw Random Forest 0.483 0.578 Set1 — Control
S2-06 Pitch Random Forest 0.166 2.667 Set2 — Test
S2-06 Roll Random Forest 0.253 3.263 Set2 — Test

S2-06 Yaw XGBoost 0.334 2.141 Set2 — Test
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Table 5.3: Best Model Performance for Petiole Movements Prediction — Set 3
(Control) vs Set 4 (Energy-Controlled Lighting = Test).

Sensor Target Angle Best Model  R? Score MAE (°) Treatment

S3-12 Pitch Random Forest 0.113 0.961 Set3 — Control
S3-10 Roll SVR 0.021 11.584 Set3 — Control
S3-12 Yaw Random Forest 0.269 4.314 Set3 — Control
S4-04 Pitch Random Forest 0.110 3.091 Setd — Test
S4-05 Roll Random Forest 0.126 3.067 Set4d — Test
S4-05 Yaw XGBoost 0.524 2.254 Set4 — Test

To clarify the complexity of the machine learning models reported in Table 5.2
and Table 5.3, all models were trained using a limited and controlled size. In this
context, model size refers to the number of trees and their depth for tree-based
algorithms. For Random Forest models, a small number of trees was used, with
the maximum tree depth restricted to avoid overly complex decision rules. Simi-
larly, XGBoost models were trained with a limited number of boosting iterations
and shallow trees. These choices were made intentionally to reduce the risk of
overfitting and to keep the models lightweight and interpretable.

The modelling results revealed variable predictive performances depending on
growth conditions. The most accurate prediction was obtained for the roll an-
gle of sensor S1-08 in Set 1 (Figure 5.10, left), with the Random Forest model
achieving an exceptionally high R? score of 0.63 and a very low mean absolute
error (MAE) of 0.057°. This performance indicates that the roll movement under
natural lighting conditions follows a pattern that is sufficiently stable and repro-
ducible to be reliably captured by the algorithm. Conversely, the models applied
to the plants in Set 2, which were subjected to supplemental lighting, and showed
consistently lower performance. For example, the yaw prediction for sensor S2-06
using the XGBoost model only achieved an R? score of 0.33, with a significantly
greater dispersion of errors around the ideal prediction line (Figure 5.10, right).
This divergence in results suggests that supplemental lighting, while inducing more
intense physiological activity as evidenced by increased water consumption, simul-
taneously introduced greater variability and complexity in petiole movements.

However, a notable improvement in prediction performance was observed for
the yaw angle in plants in the Set 4 group, which were subjected to controlled
artificial lighting. Under these conditions, the XGBoost model achieved an R?
score of 0.52 for sensor S4-05, a significant increase compared to the performance
obtained in Set 3 (R* = 0.27 for sensor S3-12). This improvement was accom-
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Figure 5.10: Best model predictions for Setl and Set2.

panied by a significant reduction in the mean absolute error (MAE), indicating
greater predictive accuracy. Figure 5.11 confirmed this trend by showing a tighter
gathering of points around the ideal prediction line for Set 4, in contrast to the
greater dispersion observed for Set 3. These results suggest that the extensive
light exposure of Set 4 induced more stereotypical and regular yaw movements,
probably related to an optimization of leaf orientation to capture additional light
energy. Conversely, the greater variability of movements under just natural light
of Set 3 possibly reflects a more dynamic and complex adaptation to natural fluc-

tuations in light intensity and direction, making these patterns less predictable by
the model.
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Figure 5.11: Best model predictions for Set3 and Set4.

However, these results suggest that the observed petiole movements are part
of a strategy to optimize the plant’s capture and use of light energy. Several
factors confirm this interpretation. First, the circadian nature of the movement
signals, preserved after correction, indicates rhythmic and potentially anticipa-
tory behavior in response to light cycles, rather than a simple passive reaction.
This is consistent with an evolutionary adaptation mechanism to maximize pho-
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tosynthesis during the day. Second, the greater predictability of yaw movement
under supplemental lighting of Set4 indicates that the plant adjusts its posture
in a more stereotypical and probably more efficient manner when light resources
are abundant but must be managed. At the same time, the significant increase in
water consumption in the same set forms a logical causal chain: increased lighting
stimulates potential photosynthesis, leading to increased transpiration and there-
fore a greater requirement of water. The movements of the petioles could thus
be adjusted accordingly to support and regulate this amplified physiological activ-
ity. Finally, the sensitivity of the roll angle, often associated with parheliotropism
(protective movement against excess light), emphasizes that the objective is opti-
mization rather than maximization of exposure. The plant actively modulates the
orientation of its leaves to find a compromise between capturing light energy and
avoiding photooxidative damage.

5.4 Conclusion

This work successfully demonstrated the development, validation, and optimiza-
tion of an innovative wireless sensor system for real-time monitoring of tomato
petiole movements. The results confirm the technical feasibility of accurate, non-
invasive tracking of plant physiological responses to environmental conditions, par-
ticularly under varying light regimes. From an analytical perspective, the ap-
plication of machine learning models revealed that petiole movement patterns,
especially yaw, are strongly correlated with light exposure (PAR) and circadian
rhythm, although their predictability varies with growth conditions. Plants grown
under supplemental artificial lighting exhibited more stereotyped and predictable
movement patterns, in contrast to those exposed exclusively to natural light, where
greater variability reflected a dynamic adaptation to natural fluctuations. From
a technical standpoint, reducing the IMU samples from 120 to 80 was decisive.
It maintained acceptable metrological accuracy, especially for pitch and yaw, re-
duced energy consumption by 4.3%, and extended sensor autonomy by 24 days.
This improvement supports long-term deployments with minimal maintenance.

Taken together, these findings highlight the potential of plant-based sensors
for resilient precision agriculture. The ability to detect early signs of abiotic stress
through plant movements paves the way for proactive crop management, opti-
mizing resource use while enhancing the sustainability of greenhouse production
systems.



loT-Based Irrigation Management
Platform (Spritz Project)

6.1 Introduction

ATER scarcity is regarded as one of the most pressing challenges con-

—\ / —\ / fronting the planet, particularly within the agricultural sector, which
accounts for the largest share of global freshwater consumption. Con-

ventional irrigation techniques frequently result in considerable wastage of this

valuable resource, thereby exacerbating pressure on limited reserves and adversely
affecting crop health and productivity. Research has demonstrated that over-

irrigation can be as detrimental as under-irrigation, resulting in root diseases,
nutrient leaching, and diminished plant resilience. In response to the challenges
identified, Agriculture 4.0 has been proposed as a transformative solution. This
initiative utilizes cutting-edge technologies with the aim of modernizing conven-
tional agricultural practices. As emphasized by Choudhary [156], the Internet of
Things (IoT) facilitates real-time crop monitoring and control through wireless
sensor networks, connected devices, and web services, thereby engendering more
efficient, sustainable, and resilient agricultural systems.

The SPRITZ project is positioned precisely within this perspective. This mul-
tidisciplinary research and development initiative addresses the critical challenge

104
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of modern agriculture by improving productivity and sustainability of farming
systems through data-driven resource management. Specifically, SPRITZ aims to
design an intelligent, modular irrigation platform tailored to the needs of small
and medium-sized farms, an audience that is often overlooked by standardized
industrial solutions.

This chapter presents the work conducted during my PhD in collaboration
with Abinsula, co-funder of my scholarship under Italy’s National Recovery and
Resilience Plan (PNRR). The project focuses on the development of a sensing
and control system for automated, adaptive irrigation. The chapter outlines the
system’s objectives, architecture, and experimental outcomes.

6.2 Context of the Project

SPRITZ project (Sensorized Platform for the Reconfiguration of IrrigaTion
based on Zone Measurements) is a regional research and development initiative
that seeks to improve irrigation efficiency in small and medium-sized farms using
smart, connected technologies. The project was conceived to address the spe-
cific needs of Sardinian agricultural enterprises, especially agritourism and organic
farms, which typically operate with limited resources but require reliable and adap-
tive irrigation strategies to sustain high-quality production.

The project is composed of three key partners, each contributing distinct expertise
and responsibilities:

« Lifely (R&D division of Abinsula) coordinates the project and leads
the design of the SPRITZ platform, including the implementation of field
sensors, network connectivity, and cloud computing [204, 205].

« CNR-IBE (Institute for BioEconomy, National Research Council of Italy)
is a research institute that contributes scientific expertise in Life Cycle As-
sessment (LCA) to evaluate the system’s impact in terms of water footprint,
energy use, and carbon emissions [206].

o Agriturismo Agave is a certified organic farm and agritourism in Alghero
(north-west Sardinia). The farm grows vegetables, olives, almonds, and
grapes, and regularly hosts visitors for educational activities. As a project
partner, it served as the pilot deployment site for the SPRITZ system, where
it was carried out the implementation of the platform under real operating
conditions [207].
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6.3 System Architecture and Implementation

This section details the end-to-end implementation of the irrigation system archi-
tecture, building on the elements introduced in subsection 3.4.2.

An overview of the smart irrigation system

In the SPRITZ setup, battery-powered field sensors send measurements over Lo-
RaWAN to a nearby gateway. The gateway forwards these data to AWS IoT Core
for LoRaWAN, where an [oT Rule invokes a Lambda function that decodes the
payloads, adds timestamps and zone IDs, and stores the clean records in Amazon
DynamoDB. The same function shares the decoded JSON to Akenza via a secure
HTTPS endpoint, so the updates appear on website dashboards in real time.

For irrigation control, the cloud sends the latest soil moisture readings via
MQTT to the SPRITZ irrigation controller, a Wi-Fi device based on the ESP32-S3.
The controller compares each reading with the predefined threshold for its zone.
If the value is below the threshold, it activates the corresponding solenoid valve
for a set duration and reports the valve status back to AWS. A LoRaWAN water
meter measures the actual water flow and total volume, sending this data to AWS.
This completes the loop of sensing, decision-making, actuation, and verification.
An overview of the smart irrigation system implementation is shown in Figure 6.1.
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Figure 6.1: Overview of the smart irrigation system.
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Field Sensor Layer: LoRaWAN Nodes and Gateway

The system employs a variety of field sensors to capture key agricultural param-
eters, such as soil moisture probes to gauge water content in soil, ambient tem-
perature and humidity sensors, a weather station to monitor the environment’s
parameters, a leaf wetness sensor to detect moisture on crop canopies, and a solar
radiation sensor to measure sunlight intensity. Each sensing node is built around
a LoRaWAN Data Logger, which is an industrial-grade module that can connect
to multiple sensor types and encapsulate their readings into LoRaWAN uplink
packets [208], transmitting them over the ISM sub-GHz band (EU868) via LoRa
radio to the nearest gateway. This approach allows long-range wireless data trans-
mission over several kilometers and long-life operation for years, which makes it
ideal for agricultural deployment.

In this system, all sensor nodes communicate in a star-of-stars LoRaWAN
topology. They send their uplinks to a central LoORaWAN gateway (the RAK7249
WisGate, Figure 3.18) installed on-site on a pole for maximum coverage range,
which serves as the collector for all sensor data. It contains a multi-channel LoRa
concentrator (Semtech SX130x) capable of receiving multiple LoRa signals from
different sensor nodes in parallel, ensuring reliable coverage of the entire field, and
forwarding them to a LoRaWAN network server over the internet. The gateway
has an integrated cellular backhaul and uses a 4G IoT SIM to forward data to the
internet, with Ethernet/Wi-Fi as failover options for connectivity.

LoRaWAN Gateway and Connectivity to AWS

The gateway serves as a bridge between the field sensors and the cloud through
AWS IoT Core for LoRaWAN. It runs standard software that maintains a secure,
encrypted connection to the AWS platform. This connection performs two main
functions: it links to the LoRaWAN Network Server (LNS), which authenticates
devices, manages data flow, and routes messages correctly; and it connects to a
Configuration and Update Server, enabling remote software and settings updates
essential for system maintenance.

Once the gateway’s EUI (Extended Unique Identifier) and AWS credentials are
registered, it automatically forwards sensor data to the cloud in near real time,
without requiring a local network server.

AWS-Based Network and Cloud Communication

On the cloud side, AWS IoT Core for LoRaWAN performs two key functions: it
manages the wireless network connections and routes incoming data using both
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the LoRaWAN Network Server (LNS) and the IoT message broker. When the
RAKT7249 gateway sends a packet, AWS first verifies the device identity using
the DevEUI and session keys. Then, it checks the message integrity by validating
the LoRaWAN Message Integrity Code (MIC) to ensure the packet has not been
altered during transmission. Finally, it decrypts the payload.

Once validated, the data is published as a standard IoT message on a device-
specific MQTT topic. This topic is a unique channel named using the device’s ID
or path, ensuring that only authorized subscribers can access messages from that
device.

Furthermore, an AWS IoT Rule (called a “Destination” in IoT Wireless) is at-
tached to each incoming message and triggers an AWS Lambda function. Lambda
is a serverless compute service that automatically runs code in response to events,
scaling as needed without the need to manage servers.

In this project, the Lambda function decodes the sensor payload, which is
encoded in Base64 format as a binary string received from the LoRaWAN message.
For example, a soil moisture sensor may send a two-byte value. The Lambda
function applies the appropriate scaling and calibration to convert this into a
readable measurement, such as 27.4 VWC. The decoded data is then enriched
with metadata (device ID, sensor type, timestamp, and zone) and formatted as a
structured JSON object for downstream use as follows:

{

"device": "Zonel sensor',

"soil moisture": 27.4,

"unit": "%",

"timestamp": "2025—09—20T10:15:00Z"
}

Once the data is processed, the Lambda function saves it to a cloud database.
In this system, Amazon DynamoDB is used. It is a NoSQL database optimized for
handling IoT data streams. Each record is indexed by device ID and timestamp
(e.g., partition key = sensor node ID, sort key = timestamp), with additional
indexes to query data by zone or sensor type. This structure supports continuous
data streams with high throughput and enables fast read access (on the order of
milliseconds), making it well-suited for real-time dashboard visualization.

Firmware Implementation of the Irrigation Controller (Wi-
Fi Connectivity)

The ESP32-S3 microcontroller begins by connecting to the Wi-Fi network using
stored credentials. Once connected, it establishes a secure MQTT connection to
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Amazon AWS IoT using a digital certificate and private key stored on the device.
The controller then subscribes to MQTT topics associated with soil moisture read-
ings for each monitored zone and receives real-time sensor data.

The firmware implements threshold-based automation. For every soil moisture
value received, the controller compares it to the predefined threshold for that zone.
If the value is below the threshold (indicating dry soil), the ESP32-S3 activates the
corresponding relay to open the solenoid valve for that zone and start irrigation.
When the startValve(index) function is called, the relay GPIO is set high to
open the valve, and a timer starts using the Arduino Ticker library. Each zone
has a preconfigured irrigation time based on agronomic parameters such as soil
type and crop needs (e.g., Zone 1 = 15 min, Zone 2 = 20 min, Zone 3 = 45 min,
Zone 4 = 30 min). Once the set time elapses, the ticker automatically calls the
stopValve routine to deactivate the relay and close the valve. This ensures that
irrigation runs for the intended duration, even if new sensor data is delayed, pre-
venting over-watering.

Figure 6.2 illustrates the logic flows implemented in the SPRITZ firmware,
where Figure 6.2a shows the startup sequence executed on device boot, and Fig-
ure 6.2b represents the threshold-based decision logic applied when new soil-
moisture data is received.

When the controller starts or stops a valve, it also publishes the valve status
to AWS IoT. Each relay or valve has its own MQTT topic (e.g., "Relayl" for
Zone 1). The controller sends "1" when a valve opens and "0" when it closes,
allowing the cloud platform to track valve states in real time.

The controller includes a Maintenance Mode, a safety feature that tem-
porarily disables automation to prevent unintended watering during servicing.
When a JSON message with "maintenance mode: true" is received on the
topic "Spritz/maintenance/Start", the controller immediately enters mainte-
nance mode. In this state, all active valves are stopped, and new commands
are ignored. The controller also disconnects from Wi-Fi and AWS IoT for the
duration of the maintenance period, ensuring no automatic actions occur while
technicians are working. By default, maintenance mode lasts 30 minutes, moni-
tored by an internal timer. When the timer expires, the controller automatically
reconnects to Wi-Fi and AWS and publishes a "maintenance-complete" message
on the "Spritz/maintenance/End" topic, indicating that normal operation has
resumed.

For convenience, the SPRITZ controller provides local manual controls. Press-
ing a button toggles the corresponding valve, bypassing the automation logic. This
feature is especially useful during installation or troubleshooting, allowing direct
control of the valves without using the cloud interface.
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Figure 6.2: System logic flows: (a) startup sequence of the SPRITZ controller; (b)
decision-making process for soil-moisture-based irrigation.

The controller also supports dynamic configuration updates via MQTT. It
subscribes to parameter-specific topics (one per zone) that allow remote updates
to irrigation settings. These include changes to valve duration, maintenance time,
or soil moisture thresholds. When a new message arrives, the ESP32-S3 validates
the input and updates the configuration, enabling flexible, remote adjustments
without firmware modification.

The complete control logic, including communication checks, valve timing, and
maintenance handling, is executed continuously in the controller’s main loop, as
shown in Figure 6.3.

Water Usage Monitoring: LoRaWAN Water Meter

To track exactly how much water is used for irrigation, the system integrates a
LoRaWAN-enabled water meter on the main irrigation line. This setup consists of
an ultrasonic flow meter integrated with a LoRaWAN pulse counter transmitter.

The meter is installed upstream of the valve manifold, which measures the total
water used across all four zones and reports the cumulative volume in cubic meters
(m?3). Using the transit-time ultrasonic principle, it accurately measures the flow
by timing ultrasonic pulses sent through the water. Each time a specific volume
of water passes through, the meter generates a pulse and increments an internal
counter.

The transmitter periodically sends the total pulse count via a RAK7249 gate-
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way to AWS IoT Core. There, a Lambda function decodes the payload and con-
verts the pulse count into a meaningful volume reading using the meter’s calibra-
tion factor. The data is then stored in a DynamoDB table alongside the other
sensor data.

This process provides a time-stamped log of all irrigation water consumption,
enabling the system to generate reports on the water used per irrigation cycle and
verify whether the automated system is indeed achieving water savings.

User-Friendly Visualization with Akenza.io Dashboard

To provide operators and stakeholders an intuitive way to manage the system,
all data is visualized on a web dashboard powered by Akenza.io. This IoT plat-
form allows building dashboards without developing a custom frontend from the
beginning.

As previously outlined, the data flow begins when a sensor reading reaches AWS
IoT Core. An AWS IoT Rule then triggers a Lambda function, which decodes the
raw payload into readable measurements, validates the data, and formats it into
a structured JSON document.

Next, the Lambda function securely transmits the JSON document to Akenza.io
using a TLS-encrypted HTTPS POST request to Akenza’s HI'TP ingest endpoint.
Authentication is handled via an API token stored in AWS Secrets Manager. Once
received, Akenza directly stores the message and updates the associated dashboard
widgets in near real-time, without requiring additional parsing. If the POST request
fails, the Lambda function automatically retries and, if necessary, places the record
in a dead-letter queue for future re-submission.

The dashboard is accessible at https://spritzpro.com/dashboard/ [209],
where users can view real-time updates from the field. Key features of the dash-
board, as shown in Figure 6.4, include:

(1) Site context (map and device selector): A map view and device selector
at the top allow users to choose the farm or field of interest. The dashboard
shows the last contact time and provides quick access to different device
groups.

(2) Weather station panel (environmental context): Live and historical
environmental data are presented in separate cards for each parameter, in-
cluding air humidity, temperature, wind speed/direction, UV index, ambient
light (lux), rainfall, and barometric pressure. Each card displays the current
value, a color-coded qualitative range, and a mini time-series graph for visual
trend analysis over the past hour, day, or month.
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(3) Soil panel (per field zone): Displays the crop type, soil moisture (VWC, %),
temperature (°C), and electrical conductivity (mS/cm) for each monitored
zone. Each card uses a color-coded scale to indicate status (normal or criti-
cal) and includes a sparkline to show recent trends. These readings are used
by the controller for automated irrigation decisions.

(4) Canopy wetness and solar radiation: Cards show leaf wetness sta-
tus/temperature and solar irradiance (W/m?) from the PAR sensor. These
help distinguish between dew and rainfall, detect fungal risk, and estimate
plant water demand.

(5) Water meter and device health: Summarizes water usage (m?), flow
activity, and meter diagnostics such as battery status and temperature. It
links irrigation activity to actual water consumption and verifies system per-
formance.

Additionally, the Akenza dashboard includes interactive time-series charts for
historical data analysis. Users can select any sensor or zone to visualize trends such
as soil moisture variation over the past month or daily water usage. The platform
also supports configurable alerts: for example, if soil moisture in a zone remains
below a critical threshold for too long, or if unusually high flow rates suggest a
leak, the system notifies users via on-screen alerts.

The dashboard represents the final stage of the system’s end-to-end integration.
From sensing and cloud-based processing to field actuation and visualization, all
components work together seamlessly, providing clear insight and precise control
for efficient irrigation management.

6.4 Discussions

The SPRITZ smart irrigation platform demonstrates several key strengths arising
from its modern IoT architecture. Firstly, its LoRaWAN-based wireless sensors
provide reliable, long-range coverage across the farm, operating over distances of
several kilometers with very low power consumption. Secondly, the cloud-native
backend, built on AWS IoT Core, Lambda functions, and DynamoDB, handles
processing and data storage in the cloud, ensuring high scalability and reliability.
Third, the choice of a Wi-Fi-based ESP32-S3 microcontroller for the irrigation
controller, instead of a LoRaWAN node, improves responsiveness by enabling low-
latency command execution. Finally, the platform includes a real-time dashboard
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on Akenza.io, integrated into the SPRITZ web portal, where users can visual-
ize live sensor readings, historical trends, and system status. This architecture
enables precise, demand-driven irrigation based on crop needs, improving water-
use efficiency on the Sardinian tomato farms. Overall, this architecture enables
demand-driven irrigation based on field conditions, aiming to improve water-use
efficiency in contexts where water is a scarce resource. Similar loT-based irrigation
systems reported in the literature have shown meaningful reductions in water con-
sumption compared to traditional scheduling approaches [210]. By watering only
when and where needed, the system reduces waste and supports more efficient
irrigation management.

Deployment status and practical evaluation

To evaluate practical applicability, the SPRITZ platform was fully deployed in
a real agricultural setting and operated continuously for at least 40 days. The
deployment included field sensors communicating via LoRaWAN to a gateway,
cloud-based data ingestion and storage, a web dashboard for monitoring, and
an irrigation controller capable of executing valve commands. This operational
period allowed an initial assessment of the end-to-end workflow (sensor — network
— cloud — dashboard/controller) under real outdoor conditions and day-to-day
farm constraints.

During the deployment, the LoRaWAN communication link provided robust
long-range coverage for distributed sensing, while the cloud infrastructure enabled
remote access to live measurements and historical trends. From a user perspective,
the dashboard facilitated quick inspection of system status and sensor readings
without requiring manual measurements in the field. At the same time, routine
maintenance remained necessary in practice, for instance related to sensor power
management and occasional gateway or network-related interventions.

After the end of this deployment period, the longer-term operational status of
the system could not be verified within the scope of this thesis, as the author was no
longer directly involved in the project activities. Nevertheless, the field operation
achieved in this work demonstrates the feasibility of the proposed architecture and
highlights practical aspects that are critical for long-term deployments.

Earlier IoT irrigation systems commonly relied on Zigbee, Wi-Fi, or GSM /G-
PRS communication technologies. While these were effective for small-scale or
greenhouse environments, they showed limitations in large open fields due to re-
duced network capacity, higher power consumption, and recurring operational
costs [211].

In the SPRITZ system, adopting LoRaWAN connectivity addresses these chal-
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lenges by providing long-range, low-power communication suitable for distributed
field sensors, using license-free ISM bands available in different regions of the world.
Similarly, Enock et al. (2025) [159] proposed a LoRa-based irrigation system that
transmitted sensor data to the cloud using a combination of Blynk and ThingS-
peak platforms for visualization and storage. Actuator nodes received cloud-based
commands to control pumps and valves.

Their solution follows a similar LoRa-to-cloud approach but depends on open-
source services, which may increase system complexity, time-to-market, and main-
tenance overhead. In contrast, the SPRITZ platform leverages AWS-managed
infrastructure in combination with Akenza.io, offering better scalability and relia-
bility, although with higher implementation costs and stronger reliance on stable
internet connectivity.

Another comparable project by Artetxe et al. (2024) [212] combined LoRa
communication with a cloud-based fuzzy logic controller that integrates weather
forecast data from online services to optimize irrigation decisions. The system
anticipates rainfall and adjusts irrigation schedules accordingly, achieving a 23%
reduction in water usage compared to conventional methods [212]. This highlights
the advantage of combining real-time sensor feedback with external data sources
such as weather forecasts.

Although the current SPRITZ system does not yet implement predictive or
weather-aware control, it shares the same LoRa-to-cloud architecture and relies
on soil-moisture thresholds to trigger irrigation events. The field deployment per-
formed in this work therefore provides a robust basis for future integration of
forecast-based optimization.

Despite its advantages, the system also presents certain limitations. It relies on
cloud connectivity, making it vulnerable to internet outages or service downtime.
If the internet or cloud service becomes unavailable, automated decisions and
remote monitoring are interrupted, which can reduce reliability during backhaul
disruptions. In this case, the controller includes manual override buttons for each
valve as a safety fallback. However, it lacks an autonomous offline mode, which
means that on-site intervention is required until connectivity is restored. This was
identified as a key requirement to improve robustness in future deployments.

Furthermore, the current system architecture is relatively complex. It inte-
grates multiple components, including field hardware, a LoRaWAN gateway, and
several cloud services such as AWS IoT Core, Lambda, DynamoDB, and the
Akenza dashboard. Each layer requires configuration, monitoring, and periodic
updates. When issues arise, they may originate from different points in the chain,
including the sensor hardware, the gateway, the network connection, the cloud
logic, or the user dashboard. This complexity is a common drawback of IoT-based
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irrigation systems and highlights the importance of having local personnel trained
to perform basic maintenance tasks, such as resetting devices or gateways and
replacing sensor batteries, or alternatively, having a support agreement with the
system developers.

There are several potential improvements to enhance the SPRITZ system.
First, a prediction layer based on machine learning could be added to estimate
crop water requirements and optimize irrigation timing by learning from historical
soil sensor data and other monitoring inputs. This would enable the system to act
proactively, rather than responding solely to real-time sensor feedback.

Second, scheduling could be made weather-aware by integrating a weather fore-
cast API into the AWS Lambda decision workflow, allowing the controller to adapt
automatically. For instance, if rainfall is predicted within the next 24 hours, irri-
gation could be skipped or reduced. Conversely, if high temperatures are predicted
for some days, the watering duration could be increased slightly.

These behaviors could be implemented as explicit rules in the SPRITZ con-
troller firmware, combined with the machine learning layer for more refined control.
This approach would make the system more context-aware and better aligned with
precision agriculture practices.

6.5 Conclusion

This chapter has presented the design and implementation of the SPRITZ smart
irrigation platform, a result of collaboration between industry and academia. The
project demonstrates a fully integrated loT-based solution for precision agriculture,
combining LoRaWAN field sensors, a cloud-native data pipeline, and an intuitive
user dashboard. The system’s main achievement lies in establishing a closed-loop,
data-driven irrigation process: soil moisture is measured, analyzed in the cloud,
and used to trigger precise watering through the ESP32-S3 controller, with water
usage independently verified by a LoRaWAN flow meter.

The platform was fully deployed in a real agricultural setting and operated
continuously for at least 40 days, demonstrating the feasibility of the proposed
architecture under outdoor conditions.

This end-to-end architecture addresses the challenge of water scarcity by en-
abling irrigation based on the principle of “only what is needed, when it is needed.”
It also provides a scalable and reliable framework suitable for small to medium-
sized farms. Although the cloud-centric design introduces challenges related to
system complexity and network dependence, the foundation built by the SPRITZ
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project is solid. It offers a strong basis for future developments, such as integrating
machine learning and weather-aware forecasting, to further enhance sustainability
and precision in agricultural water management.
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mental principles governing the relationship between plants and water to

the development of advanced technological solutions for sustainable water
management in agriculture. The growing challenges of water scarcity and cli-
mate change underline the urgent need for intelligent irrigation systems. These
challenges also reveal significant gaps, including the limited availability of accu-
rate, real-time physiological monitoring and the lack of integrated ecological data
frameworks.

The experimental chapters that follow aim to address these gaps through the
design, validation, and systematic deployment of a new generation of sensor tech-
nologies.

chapter 3 outlined the experimental methods, tools, and materials that sup-
ported the entire research activity. This chapter provided the methodological
foundation for the subsequent experimental studies and enabled the development
and validation of the sensing systems presented in the following chapters.

chapter 4 demonstrated the effectiveness of infrared and electrical impedance
spectroscopy when applied at the leaf level for assessing plant water status, with
validation against the relative water content standard. Despite challenges related
to sunlight interference and electrode design, the study confirmed that indirect
and non-invasive assessmet of plant hydration is feasible.

Building on these results, chapter 5 extended the focus from static hydration

T HIS thesis presents a comprehensive approach that spans from the funda-
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assessment to dynamic physiological monitoring. An IoT-based sensor system
was used to track petiole movements, which were correlated with environmental
factors. The successful optimization of energy consumption and reliable long-term
operation highlighted the potential of the Internet of Things (IoT) for continuous
and non-destructive plant monitoring.

Finally, chapter 6 integrated the developed technologies into a unified and
practical framework. The design and implementation of the SPRITZ smart irri-
gation system represented the culmination of this research. The system combines
soil moisture sensing, cloud-based data processing, and automated irrigation con-
trol within a closed-loop architecture. The transition from laboratory validation
to field deployment demonstrated the feasibility of a scalable and data-driven ap-
proach to efficient water management in small and medium-sized farms.

In summary, this thesis supports the vision that the future of sustainable agri-
culture depends on multi-sensor and data-centric strategies. It shows that ir-
rigation management can move beyond soil-based measurements and subjective
assessments toward approaches that rely directly on plant physiological signals,
including hydration level and dynamic movement responses.

Looking ahead, future research should focus on the fusion of multiple sensor
data streams that integrate direct plant water status, continuous movement moni-
toring, and contextual environmental information. The goal is to develop a robust
and multi-layered decision-support system for predictive agriculture, capable of an-
ticipating stress conditions before they become critical. Parallel efforts should aim
at improving hardware robustness and adaptability, enabling the next generation
of sensors to operate effectively across different plant structures and environmental
conditions.
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