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A B S T R A C T

The exploitation of modern technologies in heterogeneous farming scenarios with different crops cultivation
is nowadays an effective solution to implement the concept of Smart Agriculture (SA). Following this
approach, in this study the tomato plants’ response to different irrigation regimes is investigated through the
implementation of an Internet of Things (IoT)-oriented SA data collection and monitoring system. In particular,
the experimentation is conducted on tomatoes grown at three different irrigation regimes: namely, at 100%,
60%, and 30% of the Italian irrigation recommendation service, denoted as Irriframe. The proposed platform,
denoted as Agriware, is able to: (i) evaluate information from heterogeneous data sources, (ii) calculate
agronomic indicators (e.g., Growing Degree Days, GDD), and (iii) monitor on-field parameters (e.g., water
consumption). Different plant-related parameters have been collected to assess the response to water stress
(e.g., Soil Plant Analysis Development (SPAD), chlorophyll content, fluorescence, and others), along with leaf
color and final production evaluations. The obtained results show that the best irrigation regime, in terms
of plant health and productivity, corresponds to 60% of Irriframe, allowing significant water savings for the
cultivation.
1. Introduction and related works

Nowadays, it is widely accepted that modern technologies and
monitoring systems are expedient to improve productivity and quality
in several contexts, including Smart Agriculture (SA). In fact, the ap-
plication of precision agriculture techniques in heterogeneous farming
scenarios, also in the presence of various types of plants, can act
as an enabler for farmers interested in enhancing their cultivations.
To this end, the Internet of Things (IoT) paradigm, referring to an
approach in which cooperating heterogeneous technologies (including
hardware, software, and networking components) enable real-world
objects to collect data from the environment, is one of the most popular
and interesting approaches to be applied to SA-oriented scenarios. In
fact, the deployment of IoT sensors and actuators enables to collect
information, in a wide sense, from the environment, the soil, and
the overall farming conditions, thus facilitating crops’ monitoring and
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management, as well as enhancing agricultural efficiency and pre-
cision (Dagar et al., 2018). Moreover, the use of IoT technologies
in SA-oriented scenarios is broad and versatile, with several studies
focusing on data collection and monitoring across different types of
crops. As an example, Kim et al. (2018) propose a framework collecting
data through IoT devices to predict the presence of diseases and pests
in strawberry plants; Palconit et al. (2020) detail a monitoring system
that remotely controls and automates the condition of eggplant and
tomato plants; Hnatiuc et al. (2022) propose an IoT-based architecture
for monitoring a vineyard environment, in order to achieve autonomous
data storage and processing.

Additionally, IoT technologies allow to improve both quality and
yield, while reducing resources’ waste (e.g., water and electricity con-
sumption, costs, etc.). As an example, in Dong et al. (2024), the
implementation of a low-cost sensor monitoring system, measuring
soil moisture, improves the efficiency of irrigation water usage, saving
30% of water, yet maintaining the same marketable yields. Moreover,
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the system presented in Lakshmi et al. (2023) allows to achieve 46%
water usage reduction, through an IoT-based architecture, monitoring
the irrigation schedule and employing a Long Short Term Memory-
Recurrent Neural Network (LSTM-RNN) for a 1-day soil moisture level
forecasting. Kanthavel et al. (2022) propose an algorithm targeting an
effective utilization of resources and electricity in a dynamic agriculture
environment, allowing a more efficient energy management. Another
relevant aspect investigated in the state of the art refers to edge-fog-
cloud architectures that can be adopted in SA scenarios, to reduce
energy consumption, carbon dioxide (CO2) emissions, and network
traffic, and to improve the performance with respect to traditional
cloud-based architectures (Alharbi and Aldossary, 2021). This tech-
ology continuum can automate tasks across different domains, such
s irrigation, pest detection, and pesticide spraying, with minimal
ntervention from farmers (Jani and Chaubey, 2022).

Focusing on the communication technologies suitable to SA sce-
narios, where IoT devices are generally deployed in wide outdoor
areas, the Long Range Wide Area Network (LoRaWAN) protocol (de
Carvalho Silva et al., 2017), defined by the no-profit (LoRa Alliance,
2024), is well-known and commonly used for its effectiveness in long-
range communication and its ability to operate efficiently, even in the
presence of obstacles. In fact, the LoRaWAN protocol has a significant
potential for IoT agricultural applications (e.g., soil, plants and air
monitoring, irrigation, etc.), as discussed by Miles et al. (2020). To this
end, if compared to other wireless IoT protocols – such as Zigbee (IEEE
802.15.4, defined by the Connectivity Standard Alliance, 2024) and

iFi (IEEE 802.11 g, defined by the WiFi Alliance, 2024) – LoRaWAN
offers significant advantages in range and power efficiency (Sadowski
and Spachos, 2020). As a further example, Zhang et al. (2022) present
 LoRaWAN-based irrigation system providing a robust plant produc-
ion control in an outdoor environment. Moreover, LoRaWAN might
elp in achieving precise soil moisture content’s control, subsequently
erforming irrigation operations by using environmental parameters as

input data (Seyar and Ahamed, 2023). Similarly, in Rohith et al. (2021)
s described how sensors data (namely, moisture and temperature) can
e exploited to automate the watering process.

The information collected by LoRaWAN-enabled IoT devices (as
well as those based on alternative communication technologies) can
enable the definition of digital models supporting the management of
various processes. Despite this problem, the limited application of the
Digital Twin (DT) paradigm in agriculture is highlighted in Preite et al.
(2023b). In particular, this is due to modest investment opportunities
or farmers, mis-information, and complex correlations between living
nd non-living structures. Purcell et al. (2023) state that DTs provide

several advantages in different fields by digitally reproducing the be-
havior of complex systems, which represent the physical counterpart.

nder this perspective, different configurations can be tested in order
to optimize the physical domain and determine the safest and most
ffective solutions. As stated in Davoli et al. (2024), the application of

DTs in agriculture is attractive for widespread agricultural cultivations
with a clear industrial connection (such as tomato crops for canning
industry).

Tomato (Solanum lycopersicum L.), counting an annual global pro-
duction of around 186 million tonnes, is the most produced vegetable
worldwide, as stated by FAO (2023). Tomato has widely adapted
to most climatic regions of the world; however, stressful environ-
mental conditions can decrease the crop’s yield potential, as detailed
in Gerszberg and Hnatuszko-Konka (2017). Moreover, climate change
s greatly affecting water resources worldwide, especially in semi-arid

areas, such as the Mediterranean countries where, despite the increased
water scarcity, irrigation demands are projected to gradually increase
to guarantee food security, as detailed in Cramer et al. (2018). There-
fore, for vegetables such as tomato, whose water demand is almost
totally met with irrigation, new water saving strategies need to be
eveloped to overcome the gap between the supply and the demand of
ater, and to maintain highly satisfactory yields, as discussed in Cramer
2 
et al. (2018) and Giuliani et al. (2017). Recently, different research
studies demonstrate the feasibility of the application of reduced water
stress levels on tomato plants without affecting crop yield and quality,
as discussed in Giuliani et al. (2016, 2017), Patanè et al. (2011, 2020)
and Valcárcel et al. (2020). In particular, Patanè et al. (2011) show
that basing the irrigation on crop evapotranspiration (ETc), defined
by Jensen (1968) as ‘‘the rate of evapotranspiration for a given crop
at a given stage of growth when water is not limiting and other factors
uch as insects, diseases, and nutrients have not materially restricted plant
evelopment ’’, allows to achieve a 48% water saving (without significant
eductions in marketable yield) using a 50% ETc restoration. Simi-
arly, Giuliani et al. (2016) test different irrigation regimes and obtain

the highest marketable yield with the regulated deficit irrigation set at
0 − 80 − 60% of the maximum ETc. Finally, Obaideen et al. (2022)

discuss on how smart irrigation systems, based on data acquisition
(sensors), irrigation control, wireless communication, data processing
and fault detection, have recently emerged as a new technique for the
utomation of irrigation and the optimization of water resources.

On the basis of the previous considerations, in this paper we present
n innovative IoT-oriented platform for heterogeneous SA information
ollection and management, aiming at facilitating the monitoring of
rop growth and crop health status. The proposed platform allows to

collect and process heterogeneous IoT data to monitor crops’ status
and to save costs and water by forcing plants to a controlled water
tress, without reducing, however, the final marketable yield. In fact,
arious automated irrigation systems have been found to be feasible
nd cost-effective tools for optimizing water resources for agricultural
roduction (Gutiérrez et al., 2014; Boyaci et al., 2024).

The rest of the paper is organized as follows. In Section 2, a
description of the materials and methods applied to the developed real
estbed is provided. Section 3 presents several results obtained through

plants’ measurements and data analysis, while Section 4 discusses the
btained results. Finally, in Section 5 we draw our conclusions and

outline future works.

2. Methods and materials

2.1. Experimental crop setup

Tomato plants (Solanum lycopersicum L. cv. HEINZ 1301) have been
ultivated at the ‘‘Azienda Agraria Sperimentale Stuard (2024)’’, lo-

cated in Parma, Italy (60 m a.s.l., 44◦48′29.888′′N, 10◦16′29.074′′E).
In particular, the HEINZ 1301 variety has been chosen as it is character-
ized by medium-early maturity, determinate growth habit, good vigor,
and a great yield of round, slightly elongated fruits. The experimental
activity has been carried out in a silty loam soil in which chemical
and physical characteristics corresponded to the following conditions:
organic matter: 19.6 g kg−1; pH: 8.2; total 𝑁 : 1.14 g kg−1; assimilable 𝑃
(P2O5): 26mg kg−1; exchangeable 𝐾: 0.3meq kg−1. More in detail, the
monitored area is composed by three 90 m-long experimental rows and,
as shown in Fig. 1, boundary rows are used to separate the experimental
ows from each other, in order to prevent undesirable cross-interference
etween the different irrigation regimes.

Tomato plants were transplanted at the four-leaf stage, on June
1, 2023, with rows placed at 1.5 m distance from each other and
with 0.23 m within plants. For each experimental row, three blocks
consisting of 13 plants were set out and spaced between each other by
20 buffer plants. During the first three weeks after transplanting, 118.8,
90, and 180 units ha−1 of N, P, K, respectively, were distributed. During
the crop season, additional amounts of N, P, K were added for a final
amount of 180, 90 and 200 ha−1, respectively. Finally, experimentation
and monitoring activities have been performed between June 29, 2023
and September 13, 2023, when tomatoes were harvested and analyzed.
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Fig. 1. Experimental setup of the tomato crop of the ‘‘Azienda Sperimentale Stuard’’ farm in Parma, Italy.
2.2. Water management

The irrigation system of the monitored crop has been controlled
to associate a different watering regime with each experimental row.
More in detail, the tomato irrigation has been scheduled according
to the watering recommendations provided by the Italian (Irriframe,
2024) platform, a national cloud service developed by the Water Boards
Italian Association (Associazione Nazionale Consorzi di gestione e tutela
del territorio e acque irrigue, ANBI (2024)), aiming at ensuring an effi-
cient water resources usage in the agricultural sector. In fact, Irriframe
defines the amount of water to be supplied to the crops and the
corresponding irrigation timing, leveraging an Artificial Intelligence
(AI)-based algorithm taking into account the crop location and the con-
tinuum water balance between soil, plant, and atmosphere. Whenever
possible, the algorithm takes into account the required environmental
data provided by local weather stations, while the soil models has
been divided into three layers – namely, surface, root, and above-
root – in order to evaluate (i) the water runoff from each of them
and (ii) the corresponding amount of water exchanged with the layer
underneath. Therefore, each layer in the Irriframe platform has been
considered as a tank with a given capacity. The associated inflow and
outflow rates have been explored according to the continuity equation
and empirical pedotransfer functions, as mentioned in Battilani and
Ventura (1997): precipitations, irrigations, and water uptake from the
groundwater for humidity gradient supply water to the root layer, while
evapotranspiration, percolation, and runoff water are considered as
outflow rates. Then, under optimal conditions, the evapotranspiration
has been calculated by multiplying the reference value obtained from
the FAO formula, reported in Pereira et al. (2015), by the crop spe-
cific coefficient 𝑘𝑐 (adimensional), updated daily. When water stress
is detected, the evapotranspiration rate decreases and its volume is
calculated considering the measured conditions.

The irrigation strategy also takes into account the growth stage
of the crop by using the Growing Degree Days (GDD), an agronomic
indicator, defined in Derscheid and Lytle (1981), that quantifies the
accumulation of heat units over time, particularly during the plant
growing season, serving as a metric for the amount of energy available
for plant growth and development. This indicator is then used in com-
bination with the daily temperature and the soil moisture to estimate
the root system development. Additional details on the GDD index are
discussed in Section 3.4.

As mentioned in Section 2.1, the main objective of the experimental
setup is to assess the effects of drought stress on tomato plants. For this
reason, regular autonomous irrigation, characterized by a quantity of
3 
water equal to 100%, 60%, and 30% of the recommendation provided
by the Irriframe service, respectively, is applied to the three experimen-
tal rows, starting at the beginning of the blooming phase. For the sake
of completeness, it should be highlighted that the irrigation regimes
corresponding to the 60% and 30% of the Irriframe’s recommendation
have been set in order to evaluate the effects of mild and severe
water stress conditions, respectively, on plants’ physiology and yield,
in accordance with previous studies in which similar irrigation regimes
had already been tested (Giuliani et al., 2016, 2017; Patanè et al., 2011,
2020; Valcárcel et al., 2020). From the transplanting to the blossoming
phases, a watering value equal to 100% has been adopted to irrigate all
the experimental rows, in order to avoid plant stress in the early stages.

For the sake of clarity, in the rest of the paper the following notation
is used:

• 𝐼100 denotes the experimental line/row irrigated using the same
amount of water recommended by the Irriframe platform (100%):
3244.85 m3∕ha;

• 𝐼60 denotes the experimental line/row irrigated with a quantity of
water equal to the 60% recommended by the Irriframe platform
starting from the blossoming phase: 2402.08 m3∕ha;

• 𝐼30 denotes the experimental line/row irrigated with a quantity of
water equal to the 30% recommended by the Irriframe platform
starting from the blossoming phase: 1170 m3∕ha.

Considering the crop’s irrigation system, the watering network is
based on a lightweight, non-self-compensating drip line with built-
in flat drippers, positioned every 30 cm and delivering a nominal
flow rate of 1 𝓁/h. In detail, this solution has been selected in order
to maintain the existing watering infrastructure already used in the
‘‘Azienda Stuard’’ for all their cultivations, thus minimizing the impact
of the experimentation on the farm activities. Beside crop deployment,
a digital model of the irrigation system has been developed in Preite
et al. (2023a) in a 1-dimensional lumped parameter simulation soft-
ware (namely, the Flawnex, 2024 environment) to estimate the water
distribution along the network and, consequently, the specific water
quantity delivered to each plant at any operational condition (namely,
the different water regimes applied to different lines) with a high
degree of accuracy.

2.3. Tomato fruit yields and plant measurements

The crop was hand harvested between September 12, 2023 and
September 13, 2023, when ripe fruits rate reached about 95%. Dur-
ing the harvest, marketable (healthy, red, and ripe fruits) and non-
marketable (green, rotten or Blossom End-Rot (BER)) fruits have been
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weighed separately to estimate the fruit yields (dimension: [t ha−1]
Fresh Weight, FW). The procedure has been repeated for all the three
experimental rows, together with each row tomato size (dimension:
[g]) that has been computed as the average weight of 100 tomatoes
randomly selected. Afterwards, the Irrigation Water Use Efficiency
(IWUE, dimension: [kg m−3]) index has been determined as the ratio
between marketable yield (dimension: [kg]) and the total amount of
water applied by irrigation (dimension: [m3]), as suggested in Patanè
et al. (2020). Similarly, the Water Use Efficiency (WUE, dimension: [kg
m−3]) index has been computed as the marketable yield (dimension:
[kg]) divided by the sum of precipitation and irrigation water amounts
(dimension: [m3]), as indicated in Giuliani et al. (2016).

Physiological measurements have been performed throughout the
experiment at three different sampling epochs with a frequency of ap-
roximately 15 days: (i) at the early fruit development (1), (ii) at fruit
reaking (2), and (iii) at light-red ripeness degree (3), corresponding
o 71–75, 81, and 88 tomato growth codes, respectively, according to the
iologische Bundesantalt, Bundessortenamt und Chemische Industrie
BBCH) scale, a system of uniform coding of phenological development
tages of a plant defined by Bleiholder et al. (2001). Measurements

were recorded between 10:00 and 15:00 on the third, full-expanded
and sun-exposed leaf. The chlorophyll content (denoted as Soil Plant

nalysis Development, (SPAD)) was estimated in-situ using a portable
hlorophyll meter (namely, the Konica Minolta SPAD-502 model): 4
eadings per leaf per plant have been averaged for each block. The
olor of the same fully-expanded leaves are assessed using the Minolta
hroma Meter CR-400 portable tristimulus colourimeter, and results
re reported in the L*, a*, b* (International Commission on Illumina-
ion (CIE) and Technical Committee ISO/TC 274, 2019). Chlorophyll

fluorescence measurements have been performed on one intact leaf per
lock using a Handy Plant Efficiency Analyzer (PEA) manufactured by
ansatech Instruments, after 30 min of dark adaptation. The instru-
ent settings are as follows: pre-illumination: 0.1 s: illumination: 1 s;
umber of flashes: 1; intensity: 2500 μ mol m−2 s−1. Finally, the fluo-
escence parameters under investigation are the following (as detailed
y Tobiasz-Salach et al., 2019): area (Area) above the fluorescence

curve between F0 and Fm; photosynthetic performance (denoted as PI-
ABS); efficiency of light absorption (denoted as RC/ABS); measurement
of forward electron transport, indicated by (1-Vj)/Vj, where Vj is the
relative variable fluorescence in the step J at 2 ms (Hammami et al.,
2024).

At the harvest time, the tomato’s branch length (one per plant for
ach block) has been determined measuring the longest one. Then,
ne plant per block has been eradicated and its hypogeal and epigeal
arts dried at 105 ◦C until constant weight for Dry Matter (DW)
easurements, while a fully expanded tomato leaf from each block has

een collected at each sampling time, frozen in liquid nitrogen, and
tored at −80 ◦C until the analysis time. The chlorophyll extraction and
etermination were carried out using the method reported by Rodolfi
t al. (2021).

2.4. Statistical analyses

Plant physiology (SPAD, leaf color, fluorescence parameters, and
igments content), production (fruit yields, fruit size, IWUE and WUE),
nd growth (branch length and biomass) data have been analyzed
or mean and standard error using the R language (v.4.3.2), defined
y the R Core Team (2024). In detail, data’s normal distribution and

homogeneity of variance have been checked in accordance to Shapiro
and Wilk (1965) and Bartlett (1937). Whenever there has been both the
normality of data and the homoschedasticity, the Analysis of Variance
AoV, defined in Ross and Willson (2017)) using the aov function
efined in Chambers et al. (1992) has been conducted. Then, a two-way

Anova has also been employed to evaluate the effect of the interaction
of time and irrigation on physiological data. Significant results in the
analysis of variance have been followed by the Tukey’s post-hoc test
 s

4 
Table 1
Detail on the IoT devices adopted in the experimental testbed in Parma, Italy.

IoT device Number of
devices

Measured parameters Units of
measurement

Milesight UG67
Gateway

1 – –

Milesight EM500
CO2

1 Air moisture
Air temperature
CO2 level
Barometric pressure

%RH
◦C
ppm
hPa

Milesight EM500
SMTC

3 Soil moisture
Soil temperature
Electrical conductivity

%RH
◦C
μS/cm

Talkpool OY1310
water meter

3 Water usage m3

Mclimate T-valve 3 Water temperature ◦C

(defined in Nanda et al., 2021) for the multiple comparison of groups
at 5% significance levels using agricolae and mulcompView pack-
ages (defined in Mendiburu, 2010; Graves et al., 2023). Not-normally
distributed data have been subjected to the Fligner Killeen test for the
omogeneity of group variance (as defined in Conover et al., 1981)

and, subsequently, have been analyzed through the Kruskal–Wallis and
Dunn post-hoc tests in the rstatix package (defined in Kassambara
et al., 2020). Finally, the Pearson’s correlation (denoted as 𝜌) between
physiological data of the same crop stage has been calculated using
the corrplot package (defined in Wei et al., 2021), while gg-
plot2, ggpubr, and ggcorrplot packages have been employed for
data visualization, as detailed by Kassambara (2023a,b) and Wickham
(2016).

2.5. Monitoring IoT system

Considering the IoT infrastructure enabling continuous data collec-
ion and plants’ status monitoring, various sensing devices have been
eployed in all the three experimental rows. More in detail, the IoT
rchitecture consists of a set of LoRaWAN devices communicating with
 LoRaWAN (Milesight UG67, 2024) outdoor gateway deployed in the

farm’s main building, in order to cover the whole area. All the deployed
IoT devices act as LoRaWAN’s Class A end nodes, have been registered
on the open source TheThingsNetwork (TTN, 2024) platform, and have
been configured to transmit their collected information every 10 min.
In the following, the considered types of sensing devices are detailed.

• Milesight EM500-CO2 (2024): an environmental sensor designed
to measure CO2 concentrations in harsh environments and also
to collect information on near-crop environmental parameters
(namely, air humidity, temperature, and barometric pressure).

• Milesight EM500-SMTC (2024): a soil sensor specifically designed
to be installed under the ground, measuring soil moisture, soil
temperature, and soil electrical conductivity. Considering the
monitored plant, the sensors have been positioned, for each line,
at a 20 cm depth.

• Talkpool OY1310 (2024): a LoRaWAN smart meter device allow-
ing water usage measurement in the various lines.

• Mclimate T-valve (2024): a smart valve allowing to get informa-
tion on the status (open/close) of valves installed on pipes in the
crop irrigation systems.

The total number of devices installed in the ‘‘Azienda Stuard’’
estbed and the measured parameters are detailed in Table 1, while
 summary of the position of each device in the experimental crop is
hown in Fig. 1.
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Fig. 2. Main components and their interaction of the proposed Agriware IoT-oriented SA platform.
2.6. Data acquisition platform

The information generated by the different IoT devices have been
integrated in a general data acquisition platform, denoted as Agriware,
specifically designed to manage and analyze, in a uniform way, the
heterogeneous data sources in the field of SA applications, thus acting
as a middleware, as detailed in Belli et al. (2023) and in Oddi et al.
(2024). More in detail, the main objectives of the Agriware platform
include: (i) the integration of information from heterogeneous data
sources (mainly IoT device-generated data, but also manual plants
measurements, information from other softwares, such as Flownex,
etc.); (ii) the definition of processing modules from integrated data
sources, in order to calculate indicators, as well as to get insights and
to estimate data correlations of interest from an agronomic point of
view; and (iii) monitoring of parameters (Table 1) related to a specific
cultivation or crop, such as water consumption for irrigation. As a final
step, data and information generated by the platform can be shared
(e.g., through RESTful APIs) to external entities, generally denoted
as Consumers. The different modules composing the overall Agriware
architecture, their interactions, as well as the scope of each module,
are shown in Fig. 2 and detailed in the following.

2.6.1. Data sources
The architecture of the Agriware platform has been designed to

integrate and manage heterogeneous information from different ori-
gins. The first main category of data sources is represented by IoT
devices, that can be easily integrated independently of their specific
communication protocols (e.g., LoRaWAN, Wi-Fi, cellular 4G/5G, etc.)
and data formats (e.g., JSON, CSV, XML, etc.). Besides that, also
information generated by other software platforms are potential data
sources for Agriware, independently of the specific integration mech-
anisms (e.g., REST APIs, WebSocket, etc.) and used data formats. In
general, data sources can thus be seen as input stream for the overall
platform.

2.6.2. Connectors
Connectors correspond to software modules allowing the integration

of data streams from various sources. In particular, connectors mainly
target (i) the integration into the platform of data of interest from
data sources, such as IoT sensors or external platforms, and (ii) the
interaction with other software modules in the architecture. Connec-
tors are implemented for each class of data sources to be integrated
in Agriware: in particular, in the instance deployed for the tomato
experimentation, a TTN connector has been developed in order to
acquire and parse data streams generated by the involved IoT devices.
Moreover, a Flownex connector allows the integration of data related
to the irrigation system digital model. Connectors have been developed
as reusable and modular components using the Python language.
5 
2.6.3. Processing graph
The Processing Graph module represents the Agriware core and

allows general and configurable processing of data collected and in-
tegrated by previous components. More in detail, this module is struc-
tured with a layered architecture, where building modules are denoted
as Processing Units, or Layers. Processing Units are custom software
modules that can be uploaded in the Agriware platform, to perform
specific processing tasks on one or more information streams. They
allow to manage and manipulate the collected data generating new
data streams that can also be input of other processing units, creating a
completely configurable layered architecture for the Processing Graph
module.

The routing of information generated in this module is managed
through the Message Queuing Telemetry Transport (MQTT, 2024) pro-
tocol and organized in different topics (namely, each stream of data
is associated with a unique MQTT topic). In the context of the de-
scribed testbed, specific Processing Units have been developed, with
the Python language, to calculate the following agronomic indicators,
on the basis of IoT devices information: (i) GDD, (ii) Heat Units (defined
in Machado et al., 2004), (iii) the Normal Heat Hours (NHH) curve
(defined in Ferrante and Mariani, 2018) and (iv) statistical operations.
It is noteworthy to highlight that the set of Processing Units can be
easily extended if necessary, e.g., to execute complex operations and
data fusion tasks, along with AI-based processing (e.g., for predicting
sensor data). Indeed, Preite and Vignali (2024) reported an AI-based
water supply management system able to achieve water and energy
savings of up to 27% and 57%, respectively. In this application, Ma-
chine Learning (ML) algorithms and a Multi-Layer Perceptron (MLP)
Artificial Neural Network (ANN) were trained with the data provided
by the IoT network described in this paper.

2.6.4. Storage and knowledge data representation module
The Storage and Knowledge Data Representation Module of the

proposed architecture is designed with the purpose of managing data
normalization and storage. In particular, the first objective of this
module is to perform data parsing and translation tasks to support a
normalized and uniform data representation across the system. This is
done in compliance with a specifically defined cross-layer SA taxonomy
for the data integrated into the Agriware platform. The second objective
is to maintain a set of relational databases, most of them based on
MySQL, to store the historical information from Data Sources and Pro-
cessing Units. This module allows the creation of a dataset – exploited
in this paper and publicly available at Belli et al. (2024) – containing
information on the tomato growing season and allowing continuous
data monitoring and analysis. As a consequence, the presence of a
persistent storage module simplifies the management of heterogeneous
data sources: namely the information integrated by Connectors, as well
as the information generated by the Processing Graph module.
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Fig. 3. Water volume irrigated in the experimental crop in the different irrigation regimes (𝐼100, 𝐼60, 𝐼30).
2.6.5. Consumers
The information integrated by Connectors and generated by Process-

ing Units can be shared by the platform to other entities through APIs.
These entities, generally denoted as Consumers, are external software
modules with an interest in the generated data streams. In the context
of the experimentation, the main Consumer entity is the Agriware
web dashboard, specifically developed to share access and all the data
related to the experimentation.

3. Results

As detailed in Section 2, the IoT network deployed in the experimen-
tal cultivation to monitor and control the experimental crop allows to
determine the water consumption throughout the farming season. Fig. 3
shows the recorded water consumption of the three experimental lines
during the entire observation period.

3.1. Fruit yield and irrigation water use efficiency

In the proposed experimental deployment, the effect of water stress
on tomato yield has been investigated considering both marketable
and non-marketable fruit fractions, with the latter including green and
rotten production. As it is clearly reported in Table 2 and Fig. 4, 𝐼60
and 𝐼30—resulted in a significant decrease in total production (𝑝 = 0.01)
with a reduction of 28.58% and 49.22% for 𝐼60 and 𝐼30, respectively.
However, a strong impact (𝑝 = 0.01) on the average weight was
observed only at 𝐼30, where tomatoes were 29.09% lighter compared to
those of the 𝐼100. The marketable production responded to water stress
similarly (𝑝 = 0.003).

Within the non-marketable fraction, significant differences due to
irrigation were observed in the BER and green yields. Reduced water
amounts significantly increased the production of tomatoes with BER
(𝑝 = 0.005), representing 1.94% of the total yield for the 𝐼100, 6.29%
for the 𝐼60, and 15.83% for the 𝐼30. On the other hand, the green fruits
yield was 4.3 times higher in 𝐼100 compared to 𝐼60 (𝑝 = 0.009), while no
differences were seen in the rotten production. The three water regimes
resulted in comparable ratios of marketable yield, but under 𝐼30 and 𝐼60,
a water saving of 19.47 m3 and 11.12 m3 were achieved (as detailed
in Table 3). Finally, no differences were found in the irrigation use
efficiency for the Marketable Yield IWUE (MYIWUE) and Total Yield
IWUE (TYIWUE), regardless of the precipitations which were more
efficiently exploited by 𝐼 and 𝐼 .
60 100

6 
3.2. Plant measurements

In this work, the growth of tomato plants in response to irrigation
has been also investigated. The obtained results show that under water
stress conditions there was a greater, though not significant, develop-
ment of the epigeal biomass representing the 83.53%, 79.80%, and
76.57% of the total dry weight for 𝐼30, 𝐼60 and 𝐼100, respectively. On
the contrary, the length of tomato branches was significantly affected
(𝑝 = 10−4) by water stress, with branches for 𝐼60 and 𝐼30 being 8.31%
and 21.45% shorter than those of the 𝐼100 (see Appendix for additional
details).

3.3. Physiological measurements on tomato leaves

The SPAD values changed throughout the experiment due to time
and irrigation. In fact, the results from a one-way ANOVA revealed
that water stress affected positively the SPAD values in the first two
samplings (𝑝 = 8.04 ⋅ 10−5 and 𝑝 = 9.4 ⋅ 10−12) since the index for 𝐼30
and 𝐼60 irrigation was significantly higher compared to the control. By
the end of the experiment, all three water regimes showed a decline
of SPAD values, particularly in the case of 𝐼30 with a loss equal to
20.40% compared to the initial value (see Appendix for additional
details). As shown in Fig. 5A, under water restrictions, an increase
of chlorophyll type a (denoted as Chl a) content between the first
and second sampling occurred, up to 37.03% for 𝐼60 which was then
followed by a general decrease. Chlorophyll type b (denoted as Chl b)
content changed throughout the season in a similar way, as displayed
in Fig. 5B. The total chlorophyll (denoted as Chl tot) contents in the
first half of the experiments for all the water regimes were comparable
(𝑝 > 0.05), but the effect of water stress became significant (𝑝 = 0.03)
at the third sampling epoch, when the difference under 𝐼100 and 𝐼30
irrigation was equal to 34.41% (as shown in Fig. 5C). The carotenoid
content in tomato leaves under different water regimes was comparable
at any time (𝑝 > 0.05) but, even if they all underwent a reduction
throughout the experiment, the one-way ANOVA showed significant
decrease throughout the trial only under water stress conditions (𝑝 =
0.002 for 𝐼60, 𝑝 = 0.01 for 𝐼30 irrigation), as shown in Fig. 5D.

The photosynthetic apparatus of tomato plants was monitored by
studying the chlorophyll fluorescence via PI, RC/ABS, Area and (1-
Vj)/Vj parameters, whose results are shown in Table 4. Results from a
two-way ANOVA to evaluate the effect of time and irrigation revealed
that time was responsible for the decline of the index (𝑝 = 4.77 ⋅ 10−8),
with reductions up to 82.67% for 𝐼30, while irrigation did not affect the
photosynthetic performance at any sampling epoch. A declining trend
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Fig. 4. Final tomato production obtained from the experimental deployment.

Fig. 5. Effect of water irrigation conditions on chlorophyll a (Chl a), chlorophyll b (Chl b), total chlorophyll (a + b) and carotenoids content during the water stress trial. Data
presents the average ± standard error. Different letters indicate significance at 𝑝 < 0.05 by Tukey’s test among the same sampling time. The absence of letters indicates not
significant differences.

Fig. 6. Colourimeter a* and b* components for tomatoes’ leaves during season (1, 2, 3).
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Table 2
Effects of irrigation treatments on total, marketable, green, and blossom-end rot fruit yield (t ha−1) and fruit size (𝑔) on processing tomato cv.
Heinz 1301.

Treatment Total
yield

Marketable
yield

Green fruit
yield

BER fruit
yield

Average
weight

𝐼30 61.07 ± 9.96𝑏 41.00 ± 10.98𝑏 2.87 ± 1.20𝑏 9.67 ± 2.57𝑎 32.33 ± 3.53𝑏
𝐼60 73.48 ± 3.67𝑏 70.23 ± 4.57𝑎𝑏 2.17 ± 0.47𝑏 5.40 ± 0.78𝑎𝑏 41.67 ± 0.58𝑎𝑏
𝐼100 120.27 ± 7.89𝑎 99.27 ± 9.35𝑎 9.33 ± 1.85𝑎 2.33 ± 0.37𝑏 45.60 ± 1.17𝑎

The data are reported in terms of mean ± standard error. Different letters indicate statistically significant differences at 𝑝 < 0.05 by Tukey’s
test.
Table 3
Effects of the irrigation treatments on the ratio of marketable yield, IWUE and WUE.

Treatment Ratio of
Marketable
Yield (%)

Seasonal
irrigation
volumes (m3)

TYIWUE
(kg m−3)

MYIWUE
(kg m−3)

TYWUE
(kg m−3)

MYWUE
(kg m−3)

𝐼30 66.50𝑎 23.36 34.50𝑎 23.16𝑎 19.08𝑏 12.81𝑏

𝐼60 81.81𝑎 31.71 35.76𝑎 29.24𝑎 22.42𝑎𝑏 18.33𝑎𝑏

𝐼100 82.28𝑎 42.83 37.06𝑎 30.59𝑎 25.73𝑎 21.23𝑎

The data are reported in mean. Different letters indicate significant differences at 𝑝 < 0.05 by Tukey’s test. TYWUE: total yield water use
efficiency;
MYWUE: marketable yield water use efficiency.
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Table 4
Effects of the irrigation treatments on fluorescence parameters at 1, 2 and 3.

Time Water regime PI RC/ABS Area (1-Vj)/Vj

1 𝐼30 13.50 ± 1.57 2.86 ± 0.25 29.90 ± 2.40 0.76 ± 0.01
𝐼60 10.88 ± 1.22 2.62 ± 0.17 29.92 ± 0.32 0.75 ± 0.01
𝐼100 9.59 ± 0.77 2.40 ± 0.11 24.01 ± 1.58 0.74 ± 0.01

2 𝐼30 2.69 ± 1.22 1.38 ± 0.37 23.72 ± 3.88 0.54 ± 0.08
𝐼60 3.37 ± 0.61 1.98 ± 0.52 28.79 ± 3.53 0.69 ± 0.05
𝐼100 5.09 ± 1.35 1.74 ± 0.23 23.52 ± 0.93 0.66 ± 0.03

3 𝐼30 4.60 ± 0.29 1.00 ± 0.12 9.42 ± 0.84 0.58 ± 0.01
𝐼60 4.52 ± 0.80 1.68 ± 0.13 17.91 ± 0.98 0.65 ± 0.02
𝐼100 4.60 ± 1.19 1.65 ± 0.21 22.77 ± 1.13 0.65 ± 0.04

The data are reported in mean ± standard error. Area must be multiplicate ⋅103 since
it is expressed in thousands.

is also noted in RC/ABS parameter mainly due to time (𝑝 = 8.86 ⋅ 10−5)
with losses up to 65.03% compared to the initial value under 𝐼30.
Similarly, the area and (1-Vj)/Vj values decreased because of time
(𝑝 = 1.5 ⋅ 10−6 and 𝑝 = 0.001). Besides, irrigation had a significant effect
on the area at the last sampling epoch (𝑝 = 2 ⋅10−4). Similarly, the area
and values (1-Vj)/Vj decayed over time (𝑝 = 1.5⋅10−6 and 𝑝 = 0.001), but
n the case of the area, there was also a significant impact of irrigation
𝑝 = 0.02).

The color of tomato leaves across the trial period was monitored
easuring L*, a*, b* values, which are reported in Table 12 (see

Appendix for additional details) together with the SPAD values. In
detail, a* and b* emerge as the most important Lab* color dimen-
sions, serving as indicators of the levels of green and yellow hues,
respectively. As illustrated in Fig. 6A, 𝐼30 displays elevated a* values,
indicating that the plants in this line exhibit less greenness. Moreover,
the a* component shows an increasing trend over time in both 𝐼100
and 𝐼60. Consequently, providing 60% of the water requirement may
be sufficient for the plants to grow properly. By the two-way ANOVA,
results that the greenness of the leaves changed both for the effect
of time (𝑝 = 4.6 ⋅ 10−12), irrigation (𝑝 < 10−16) and their interaction
(𝑝 = 2 ⋅ 10−5), showing differences from the very beginning of the trial.

Fig. 6B demonstrates that the b* values of 𝐼30 show an increasing
rend over time, while the b* component of 𝐼100 decreases. This suggests
 progressive yellowing of the leaves of the plants in line 𝐼30. The
* values of line 𝐼60 remain relatively stable throughout the entire
eason. These results imply that tomato plants in 𝐼30 tend to exhibit
ndesirable characteristics, such as apical rot and yellowing, under
nsufficient watering conditions, whereas irrigation with 60% of water

eed is sufficient for optimal plants growth. Similarly to the a* values,
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the leaves yellowness decreased during the experiment mainly because
of the impact of water (𝑝 = 2 ⋅ 10−16) and the prolonged application of
stress over time (𝑝 = 0.01).

To visually represent the colors of tomato plants, a conversion from
he Lab* color scale to the RGB color scale was performed and the
isual results are shown in Fig. 7. In particular, the color of the leaves
n 𝐼100 remained relatively consistent throughout the entire season,
s highlighted in Figs. 7(a), 7(d) and 7(g). The color of plants in 𝐼60
lso remained consistent over time, with a slight yellowing in the
inal measurement, as shown in Figs. 7(b), 7(e) and 7(h). Instead, the

RGB colors of the plants in 𝐼30, illustrated in Figs. 7(c), 7(f) and 7(i),
reveal a change in the color over time. In fact, towards the end of the
summer, the plants in this line appeared more yellow compared to their
status in June and to the other lines. Therefore, 𝐼30 proved to be the
least effective, providing both the lowest percentage of sealable tomato
production and wilted leaves with such a minimal water supply.

Correlations between the leaves’ parameters at each sampling epoch
are displayed in Fig. 11 (see Appendix for additional details). Some
coefficients changed considerably during the experiment (e.g., SPAD
- Chl a going from −0.2 at the first sampling epoch to 0.6 at the
third one), while others (e.g., Area - Chl tot) were fairly stable (with
correlation values ranging, over time, between 0.8 and 1).

3.4. IoT data analysis and processing

The Agriware platform described in Section 2.6, concentrating all
IoT data streams related to the experimental crop, has allowed to carry
out processing and analysis tasks. In detail, the data collected from the
oT devices have been analyzed to identify some correlations between
hem. Tables 5–7 present the Pearson’s correlation values 𝜌 of the

parameters monitored by sensors in 𝐼100, 𝐼60 and 𝐼30, respectively.
Moreover, the implemented Processing Units in the Agriware mid-

leware calculate various indicators, derived from data collected by
ensors and of interest from an agronomic point of view. A dedicated
rocessing Unit has been developed to compute the GDD, which is
ased on the average daily air temperature (denoted as T𝑎𝑣𝑔), measurable
hrough environmental sensors, and the base temperature (denoted as
𝑏𝑎𝑠𝑒), also known as vegetation zero point, specific to the vegetative
pecies under consideration, as highlighted by McMaster and Wilhelm

(1997). The vegetation zero point represents the minimum biological
temperature below which plants stop their vegetative activities. An-
other critical temperature for GDD calculation is the cutoff temperature
(denoted as T𝑐 𝑢𝑡𝑜𝑓 𝑓 ), representing the maximum temperature above
which plants cannot grow. Once these values are known, the daily GDD
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Fig. 7. Color of tomato leaves in RGB color scale during season (1, 2, 3).
Table 5
Pearson’s correlations value of sensor’s parameters tomato’s line 𝐼100.

Property Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

Electrical conductivity 1 0.835499 0.254875 −0.144756 −0.588404 0.427518 −0.724829
Soil humidity 0.835499 1 0.160898 −0.220582 −0.525821 0.595576 −0.492288
Soil temperature 0.254875 0.160898 1 0.181325 −0.0818433 0.561697 −0.750725
CO2 −0.144756 −0.220582 0.181325 1 0.318603 −0.23215 0.0100295
Air pressure −0.588404 −0.525821 −0.0818433 0.318603 1 0.0488437 0.197879
Air temperature 0.427518 0.595576 0.561697 −0.23215 0.0488437 1 −0.492288
Water volume −0.724829 −0.492288 −0.750725 0.0100295 0.197879 −0.492288 1
Table 6
Pearson’s correlations value 𝜌 of sensor’s parameters tomato’s line 𝐼60.

Property Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

Electrical conductivity 1 0.843224 0.699109 0.268819 −0.052491 0.218439 −0.893728
Soil humidity 0.843224 1 0.732316 0.162941 −0.103049 0.312731 −0.764701
Soil temperature 0.699109 0.732316 1 0.214677 0.000255456 0.644653 −0.717294
CO2 0.268819 0.162941 0.214677 1 0.318603 −0.23215 0.00513183
Air pressure −0.052491 −0.103049 0.000255456 0.318603 1 0.0488437 0.200958
Air temperature 0.218439 0.312731 0.644653 −0.23215 0.0488437 1 −0.485407
Water volume −0.893728 −0.764701 −0.717294 0.00513183 0.200958 −0.485407 1
Table 7
Pearson’s correlations value 𝜌 of sensor’s parameters tomato’s line 𝐼30.

Property Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

Electrical conductivity 1 0.951482 0.432752 0.275139 −0.0934875 0.0639758 −0.854571
Soil humidity 0.951482 1 0.411506 0.32188 0.0161318 0.0574642 −0.798985
Soil temperature 0.432752 0.411506 1 0.151971 −0.0669304 0.743987 −0.604234
CO2 0.275139 0.32188 0.151971 1 0.318603 −0.23215 −0.0207285
Air pressure −0.0934875 0.0161318 −0.0669304 0.318603 1 0.0488437 0.188897
Air temperature 0.0639758 0.0574642 0.743987 −0.23215 0.0488437 1 −0.465786
Water volume −0.854571 −0.798985 −0.604234 −0.0207285 0.188897 −0.465786 1
9 
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Fig. 8. Tomato’s plant GDD accumulation values during summer 2023 and in particular
during phenological stages (fruit set July 04, full flowering July 15 and fruit breaking
August 03).

value can be calculated as defined by Saadi et al. (2015), and shown
in Eq. (1):

GDD =

⎧

⎪

⎨

⎪

⎩

(𝑇avg − 𝑇base) if 𝑇avg > 𝑇base and 𝑇avg < 𝑇cutoff

(𝑇cutoff − 𝑇base) if 𝑇avg ≥ 𝑇cutoff

0 if 𝑇avg ≤ 𝑇base

(1)

The accumulation of GDD values for the tomato’s plants, calculated
through a specific Processing Unit (using 𝑇base = 10 ◦C and 𝑇cutoff =
32 ◦C) is shown in Fig. 8. In the same figure, GDD values during
phenological stages, namely: fruit set (July 04, 2023), full flowering
(July 15, 2023), and fruit breaking (August 03, 2023) are reported.

Another Processing Unit has been implemented to calculate the
NHH curve. This indicator, specific to each crop, maps average tem-
peratures to values between 0 and 1, helping to understand the impact
of temperatures above or below the optimum growth temperatures. In
particular, the optimal growth occurs within a specific air temperature
range, delimited by the Lower Cardinal (LC) temperature (𝑇base) and
the Upper Cardinal (UC) temperature (Tcutoff). Moreover, a sub-optimal
range delimited by the Lower Optimal (LO) temperature and the Upper
Optimal (UO) temperature has been defined. In this range, growth and
development occur without thermal limitation, and the response of the
NHH curve is set to 1. The values of the plant-related NHH curve have
been calculated using the algorithm outlined by Ferrante and Mariani
(2018), and defined as follows:

NHH =

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

0 if 𝑇 ≤ 𝐿𝐶 or 𝑇 ≥ 𝑈 𝐶
1 if 𝑇 ≥ 𝐿𝑂 and 𝑇 ≤ 𝑈 𝑂
𝑚 ⋅ 𝑇 + 𝑞 if 𝑇 ≥ 𝐿𝐶 and 𝑇 ≤ 𝐿𝑂 where:

𝑚 = 1
(𝐿𝑂 − 𝐿𝐶)

and 𝑞 = 1 − 𝐿𝑂
(𝐿𝑂 − 𝐿𝐶)

𝑚 ⋅ 𝑇 + 𝑞 if 𝑇 ≥ 𝑈 𝑂 and 𝑇 < 𝑈 𝐶 where:
𝑚 = − 1

(𝑈 𝐶 − 𝑈 𝑂)
and 𝑞 = 1 + 𝑈 𝑂

(𝑈 𝐶 − 𝑈 𝑂)

(2)

where: 𝑇 represents the average temperature, 𝑇base = 10 ◦C, 𝑇cutoff =
32 ◦C, 𝐿𝑂 = 22 ◦C, 𝐿𝑂 = 22 ◦C, 𝑈 𝑂 = 26 ◦C. The obtained NHH curve
is then shown in Fig. 9.

Finally, another Processing Unit has been developed to evaluate the
Heat Units. In detail, these daily values are valuable tools for predicting
harvest dates and determining the timing of successive plantings. As
described in Perry et al. (1997), fruit production can be affected by
several factors, including the interaction of light interception, ambient
temperature and water consumption, with air temperature as the most
important environmental factor. Heat Units are considered cumulative
over time and are calculated daily using six different methods, as
10 
Fig. 9. NHH curve for tomato cultivation calculated through the Agriware Processing
Unit.

defined by Machado et al. (2004) and listed below, and whose relevant
variables include the following four parameters: (i) the daily maximum
air temperature, denoted as 𝑇x; (ii) the daily minimum air temperature,
denoted as 𝑇n; (iii) the vegetation zero point temperature, denoted as
𝑇base and set at 10 ◦C for the tomato’s plant; (iv) the cutoff temperature,
denoted as 𝑇cutoff and set at 32 ◦C for the tomato’s plant.

1. Standard Day-Degrees: [(𝑇x + 𝑇n)∕2] − 𝑇base;
2. Daily mean temperature: (𝑇x + 𝑇n)∕2;
3. Daily maximum temperature above Tbase: 𝑇x − 𝑇base;
4. Daily maximum temperature: 𝑇x;
5. Daily maximum temperature above Tbase with reduction of Tcutoff

for plant development when Tx is higher then Tcutoff:

if 𝑇x ≤ 𝑇cutoff ∶ 𝑇x − 𝑇base

else if 𝑇x > 𝑇cutoff ∶ 𝑇cutoff − (𝑇x − 𝑇cutoff) − 𝑇base

6. Ontario Units: (𝑇𝑎 + 𝑇𝑏)∕2 where:

𝑇𝑎 = 3.33 ⋅ (𝑇x − 10) − 0.084 ⋅ (𝑇x − 10)2
𝑇𝑏 = 1.8 ⋅ (𝑇n − 4.4).

The accumulation over time of the six different calculated Heat
Units is shown in Fig. 10.

Moreover, all the values described in Section 3.3 has been evaluated
in correspondence to the data collected through IoT devices. For the
sake of completeness, Tables 8–10 report the Pearson correlation’s
value 𝜌 for tomato’s lines 𝐼100, 𝐼60, and 𝐼30, respectively.

The experimental data collected through the proposed IoT-based
platform highlight that the irrigation line 𝐼60 achieves good results.
Hence, irrigating this crop with only 60% of the water demand sug-
gested by the Irriframe framework seems to be sufficient.

4. Discussion

In this work, the effects of different regimes of irrigation on tomato
growth, yield and physiological traits have been studied. Given that it is
well acknowledged that tomato is moderately sensitive to water stress
that causes a reduction in fruit yield (as reported in Topçu et al., 2007;
Jensen et al., 2010; Kuscu et al., 2014; Djurović et al., 2016), it can be
argued that our experimental results for total yield are in agreement
with the literature, as we obtained the highest results (in terms of total
and marketable yields and fruit weight) under full irrigation conditions.
However, it is worth noting that no significant differences have been
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Fig. 10. Heat Units accumulation during time for tomato’s crop.
Table 8
Pearson’s correlations value 𝜌 of sensor’s parameters tomato’s 𝐼100 and agronomic values.

Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

SPAD 0,670679261 0,813621423 0,998869404 −0,001185227 −0,319908644 −0,632386085 −0,946432843
a* −0,205476043 0,94872077 0,548998536 0,808082129 0,578135064 0,254610319 −0,295452632
b* 0,875585002 −0,379697125 0,274942425 −0,973714676 −0,995523114 −0,898850768 −0,530988046
PI 0,697467644 0,79172071 0,999941432 −0,037909597 −0,354488062 −0,660408775 −0,957652973
RC/ABS 0,729686724 0,762788577 0,99938114 −0,083826263 −0,397116262 −0,694244059 −0,96988131
(1 - Vj)/Vj 0,705442669 0,784835569 0,999999933 −0,049088838 −0,364928876 −0,668769814 −0,9608148
Chlorophyll a 0,994704639 0,011724959 0,628578334 −0,80744844 −0,95338506 −0,99862418 −0,819741913
Chlorophyll b −0,999433529 −0,14779927 −0,72864499 0,719579505 0,903404651 0,996461022 0,890106026
Chlorophyll tot −0,260093192 −0,989003474 −0,868036771 −0,453617418 −0,14585028 0,21102563 0,696133866
Table 9
Pearson’s correlations value 𝜌 of sensor’s parameters tomato’s 𝐼60 and agronomic values.

Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

SPAD 0,605647734 0,648335366 0,468712731 −0,555275499 −0,791428244 −0,955732272 −0,964970246
a* 0,049829381 −0,004966316 0,21099884 0,960591893 0,999085274 0,920369563 0,568680065
b* 0,676833506 0,716148973 0,548614265 −0,475754157 −0,731329372 −0,924325998 −0,98514269
PI 0,909400629 0,930822547 0,829992394 −0,097279013 −0,409477191 −0,703902919 −0,974616495
RC/ABS 0,881701446 0,906226929 0,793603985 −0,159137986 −0,46555825 −0,746816267 −0,986678212
(1 - Vj)/Vj 0,882682775 0,907106055 0,794870234 −0,157080206 −0,463712871 −0,745428728 −0,986337037
Chlorophyll a 0,407514816 0,45693587 0,254165074 −0,730833853 −0,910292731 −0,997701838 −0,879343278
Chlorophyll b 0,760391081 0,79483245 0,645110884 −0,366606329 −0,644069746 −0,871769715 −0,99864149
Chlorophyll tot 0,553777317 0,598566321 0,411543683 −0,607079341 −0,828726208 −0,972520851 −0,946316741
Table 10
Pearson’s correlations value 𝜌 of sensor’s parameters tomato’s line 𝐼30 and agronomic values.

Electrical conductivity Soil humidity Soil temperature CO2 Air pressure Air temperature Water volume

SPAD −0,688837094 −0,965768544 −0,192373662 −0,917478974 −0,996419097 −0,962603191 −0,652464521
a* 0,067112365 0,908834643 −0,478670965 0,451972166 0,712758234 0,91374952 0,986047371
b* 0,992970703 0,577869475 0,774455916 0,960173552 0,82100829 0,568086104 0,018556773
PI 0,333610831 −0,669241732 0,787310398 −0,061641766 −0,376604979 −0,678063833 −0,971325949
RC/ABS 0,197270145 −0,767381 0,692447382 −0,20184327 −0,503536662 −0,774980277 −0,995153593
(1 - Vj)/Vj 0,348884662 −0,65707983 0,797224736 −0,045415777 −0,361502841 −0,666031434 −0,967334546
Chlorophyll a −0,42848578 −0,99850646 0,123173363 −0,747724402 −0,920389787 −0,999087485 −0,856215674
Chlorophyll b 0,046890611 −0,855445929 0,575496415 −0,347500644 −0,628289141 −0,861567098 −0,998586657
Chlorophyll tot −0,309089059 −0,983258073 0,249407311 −0,656407764 −0,862654701 −0,985363172 −0,915392006
found between lines 𝐼60 and 𝐼100 for the marketable yield and the
average weight of 100 tomatoes. Instead, comparable results in a semi-
arid Mediterranean environment were already reported by Patanè et al.
(2011), who tested 50% and 100% of the crop evapotranspiration
(𝐸 𝑇𝑐) irrigation restorations and found differences in the total yield
but not in the marketable one. Besides, the adoption of a 60% irri-
gation regime resulted in a 11.12 m3 water saving across the season
without affecting the ratio of marketable yield, compared to the full
irrigation one. In contrast, the marketable ratio for 𝐼30 was greatly
lowered by BER, a physiological disorder caused by calcium deficiency
induced by soil water deficit, as detailed in Millones-Chanamé et al.
(2019). Under water shortage conditions, IWUE and WUE are highly
relevant indicators that reflect the effective use of water and help in its
management whether the goal of the producers is to increase yields or
profits (as indicated by Payero et al., 2008; Mukherjee et al., 2010). In
this research, TYIWUE and MYIWUE values for the three water regimes
11 
were similarly contrasting with several studies where IWUE increased
due to water deficit (as detailed in Topçu et al., 2007; Kuscu et al.,
2014; Patanè et al., 2020, 2021). A reasonable explanation for these
results may be that, even though plants were properly watered up to
30 Days After Transplanting (DAT) to allow the crop establishment,
the application of stress conditions began in the phenological stage of
‘‘tomato early blooms’’. Since flowering is one of the most sensitive
phenological stages (as indicated by Nangare et al., 2016; Khapte et al.,
2019), it is likely that watering tomato plants under full irrigation
conditions for such a long time could have avoided flower abortion and,
thus, enhanced IWUE.

Then, physiological disorders in stressed plants began with the onset
of the trial and became more relevant over time, as reported in Tables 4
and 12. In agreement with Nemeskéri et al. (2015), SPAD was a good
stress marker all along the experiment and its initial increase under
severe dry conditions was already reported by Nemeskéri et al. (2019)
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Fig. 11. Pearson’s correlation among Lab* space parameters, chlorophyll content, SPAD index and fluorescence parameters measured on tomato leaves at first sampling (A), second
sampling (B), and third sampling (C).
and Rolando et al. (2015). The chlorophyll content under reduced
irrigation volumes followed the same trend, in accordance with Zhou
et al. (2017). Besides, a good correlation between a* and SPAD values
was found at each sampling, suggesting that a* could be used as another
non-destructive parameter for the estimation of leaf chlorophyll in situ.
The OJIP-test was used for the quantification of the impact of water
stress on photosynthesis: the fluorescence parameters were found not
to be as much sensitive to drought as the other physiological measure-
ments on tomato leaves. All the parameters decreased mainly because
of senescence, with the only exception of the Area, that represents the
pool size of electron acceptors in PSII (as detailed in Strasserf et al.,
1995). As the Area was already described as a sensitive parameter,
it is reasonable assuming that under restricted irrigation regimes the
decrease of the chlorophyll content resulted in damage to the PSII. On
the other hand, the PIABS index, that gives an overview of the photo-
synthetic performance considering also the PSII status, was only slightly
affected by the prolonged water stress in accordance with Medyouni
et al. (2021). Finally, although in some studies different results for
the PIABS in similar conditions were reported (as in Jedmowski et al.,
2015; Sousaraei et al., 2021), its role for the drought detection has
still to be discussed since PI TOT was recognized to be more sensi-
tive and reliable because of the inclusion of PSI events (as detailed
in Antunović Dunić et al., 2023).

Finally, focusing on the architectural layer, the presented IoT-based
platform has been deployed to enable information gathering from
several heterogeneous IoT devices (e.g., environmental sensors, wa-
ter meters, etc.) located in a tomato crop at the ‘‘Azienda Agricola
12 
Sperimentale Stuard’’ in Parma, Italy. Independently from the specific
experimental campaign, the Agriware architecture introduced in this
paper presents novel aspects not only because it assists farmers in
collecting and visualizing crop-related data—as occurring in different
existing architectures, as described by Popovic et al. (2017), Trilles
et al. (2020) and Marcheriz and Fitriani (2023)—but also because
it allows the management of ‘‘downlink’’ streams (e.g., to manage
autonomous irrigation through actuators and water valves) in a trans-
parent way, without constraints on a specific communication protocol
and technology. Additionally, the implemented Processing Units (de-
tailed in Section 2.6.3) outcome as being highly configurable and
customizable, allowing Agriware to generate new insights (e.g., GDD
and Heat Units) and perform advanced processing tasks on data taking
into account a generic number of data sources (e.g, considering data
from several crops, from a regional or national point of view).

5. Conclusions and future works

The IoT-based platform presented in this paper aims at collecting
and managing data from heterogeneous SA data sources, providing an
integrated perspective across different fields, allowing to monitor crop
growth and water consumption. This platform has been successfully
used to handle data from different IoT sensors, deployed in a tomato
crop located at ‘‘Azienda Agricola Sperimentale Stuard’’ in Parma, Italy.
Specifically, the use of three distinct irrigation regimes (100%, 60%,
and 30% of the water needs suggested by the Irriframe framework)
has revealed that significant water saving (up to 40%) is achievable for
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tomato plants. In fact, according to the obtained experimental results,
the 𝐼60 irrigation regime demonstrated the best performances. This
finding has positive environmental implications, as the 𝐼60 watering
regime allowed farmers to save up to 823.70 m3∕ha.

An interesting future research activity involves the extension of the
unctionalities and experimentation of the proposed IoT-based plat-
orm, including: (i) integrating new IoT Data Sources to expand the
ange of managed crops; (ii) implementing new AI-based Processing
nits to predict the optimal harvesting time for tomato plants; and

iii) connecting the IoT-based platform to the digital model described
n Preite et al. (2023a) in order to obtain a DT of the irrigation network
or an improved distribution of the water across the field based on the
ctual demands of the different field sections and to allow a real-time
aults’ detection.
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Table 11
Branch length and percentage composition of tomato plant biomass on total
dry weight.

Water
regime

Branch length
(cm)

Epigeal biomass
(%)

Hypogeal
biomass (%)

𝐼30 105.47 ± 2.22𝑐 83.53 ± 3.13 16.47 ± 3.13
𝐼60 123.07 ± 0.57𝑏 79.80 ± 1.27 20.20 ± 1.27
𝐼100 134.27 ± 2.62𝑎 76.57 ± 4.60 23.43 ± 4.60

Data are reported in mean ± standard error. Different letters indicate significant
ifferences at 𝑝 < 0.05 by Tukey’s test.

Table 12
Effects of the irrigation treatments on SPAD index and Lab* space parameters.

Time Water regime SPAD L* a* b*

1 𝐼30 57.55 ± 0.49 38.51 ± 0.28 −11.97 ± 0.16 14.65 ± 0.29
𝐼60 55.68 ± 0.57 39.61 ± 0.25 −11.52 ± 0.18 16.48 ± 0.35
𝐼100 53.61 ± 0.76 40.13 ± 0.23 −10.66 ± 0.20 17.55 ± 0.39

2 𝐼30 59.32 ± 0.73 38.51 ± 0.35 −10.00 ± 0.18 12.53 ± 0.29
𝐼60 53.31 ± 0.75 38.09 ± 0.37 −12.15 ± 0.21 15.58 ± 0.42
𝐼100 49.84 ± 0.95 38.26 ± 0.33 −13.43 ± 0.25 17.65 ± 0.56

3 𝐼30 45.81 ± 1.67 42.07 ± 0.47 −8.92 ± 0.24 14.25 ± 0.54
𝐼360 50.58 ± 0.93 40.91 ± 0.42 −10.37 ± 0.29 14.93 ± 0.58
𝐼100 49.14 ± 0.77 39.14 ± 0.39 −11.91 ± 0.27 16.00 ± 0.43

The data are reported in mean ± standard error.

Table 13
Two-way ANOVAs regarding physiological measurements on tomato leaves.

Variable Effect of time Effect of treatment Effect of interaction

SPAD <0.001*** <0.001*** <0.001***
Chl a <0.001*** 0.0142* 0.040*
Chl b NS NS 0.020*
Chl tot 0.001** 0.030* 0.029*
Carotenoids <0.001*** 0.001** NS
L* <0.001*** NS <0.001***
a* <0.001*** <0.001*** <0.001***
b* 0.001** <0.001*** 0.015*
PIABS <0.001*** NS 0.043*
RC/ABS <0.001*** NS 0.043*
Area <0.001*** 0.025* 0.019*
(1-Vj)/Vj 0.001** NS NS

NS = not significant at 𝛼 = 0.05.
* Stars represent different 𝑝-value thresholds: < 0.001.
** Stars represent different 𝑝-value thresholds: < 0.01.
*** Stars represent different 𝑝-value thresholds: < 0.05.
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Appendix. Supplementary materials

This section contains supplementary material that expands on the
data and analyses discussed in the main text. These include additional
figures and tables that provide further insight (see Tables 11–13).
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