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Abstract: Climate variability constitutes a primary threat to fruit crop productivity. Specifically,
severe volumetric water deficits, extreme thermal anomalies, and excessive solar irradiance disrupt
essential physiological functions, directly reducing both total agricultural yield and the commercial
quality of export-oriented fruit species. This systematic review analyzes the impact of these
microclimatic stressors on crop physiology and evaluates how Internet of Things architectures
optimize agricultural management. The methodology was structured using the PIOC framework in
accordance with PRISMA 2020 guidelines to systematically retrieve and filter relevant scientific
literature. The synthesized evidence demonstrates that prolonged exposure to these climatic
extremes drastically reduces net photosynthesis and stomatal conductance. To counteract this
physiological degradation, integrating distributed agro-environmental sensors, long-range
communication networks, and machine learning algorithms can automate precision irrigation. This
technological synergy significantly improves water-use efficiency, minimizes yield variability, and
enables early prediction of physiological stress. Furthermore, these digital frameworks facilitate early
productivity forecasting, the detection of tissue anomalies, and the dynamic adaptation of
agronomic management across Mediterranean, semi-arid, and tropical microclimates. Ultimately,
IoT-driven digitization strengthens agroecological resilience, promoting highly efficient and
sustainable fruit cultivation under increasingly erratic global climate constraints.
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1. Introduction

Population growth and pressure on agricultural systems demand innovative solutions that enable
more food to be produced using fewer resources [1,2]. In this context, the use of Internet of Things
(IoT) technology facilitates the collection of real-time data on key parameters such as temperature,
radiation, the physiological state of fruit crops, and soil moisture [3,4]. In recent years, several systems
have described how the adoption of IoT solutions in agriculture has evolved from reactive models to
integrated systems with technologies such as Big Data and artificial intelligence [5,6].

This continuous monitoring capability contributes to improved decision-making regarding
irrigation, fertilization, and resource management, optimizing production efficiency and reducing
losses [7,8]. Recent studies have shown that the Internet of Things applied to fruit crops improves
irrigation management and yield prediction, highlighting significant differences between traditional
irrigation and automated irrigation using IoT technology [9]. Smart irrigation, supported by IoT
sensors and wireless communication, not only reduces excessive water consumption in areas with
water constraints but also improves the quality of the fruit obtained, as has been demonstrated in
tropical crops where water is the most critical input [7,8]. Furthermore, the integration of these
technologies helps to address the extreme climate variations that affect yields, promoting more
resilient and sustainable agriculture [2—4].

Climate change is one of the most significant global challenges, with direct effects on agriculture [10].
Changes in water patterns, such as temperature and soil fertility, create significant constraints on
production, especially in rural areas and developing countries, where producers face greater difficulties
in adapting. Water scarcity has evolved into a global challenge, affecting even regions where it was
not previously recognized as a limiting factor. This scenario is especially critical in agriculture, a sector
that accounts for approximately 70% of global freshwater withdrawals, according to reports by
the Food and Agriculture Organization of the United Nations.

The use of IoT and new digital solutions offers concrete alternatives to overcome these
limitations. Through sensors, remote sensing, and satellite image processing, it is possible to identify
crop areas in greater detail, adjust planning, and support more accurate decisions in the field [10,11].
Methods such as object-based analysis have proven to be more effective than traditional methods,
identifying orchards in detail and classifying crops in heterogeneous landscapes [12,13]. Likewise,
soil management through the application of conditioners such as dolomitic rock contributes to
optimized nutrient absorption [14], while drones equipped with spectral sensors allow for the early
detection of pests, such as thrips [15]. Another key aspect is accurate yield prediction. Advances
in computer vision and machine learning, integrated with vegetation indices and climate data, offer
more reliable predictive models [6,8]. The ability of the Internet of Things to provide constant
information is essential for optimizing resource management [3,4]. This makes this technology a
fundamental tool for increasing productivity and strengthening the quality of export-oriented crops
and fruits [7,16]. For this reason, the focus is on the fruit crop segment, whose high sensitivity to
water variations and the need for export quality make intelligent monitoring indispensable.

The objective of this review is to evaluate the impact of implementing [oT systems on water use
efficiency, yield prediction, and real-time data detection in fruit growth. To this end, the available
evidence on the effects of heat stress, water deficit, and solar radiation was synthesized, as well as [oT
applications linked to precision irrigation and predictive models used to improve yield and fruit quality.
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The rest of the article is structured as follows: in Section 2, the study selection procedure using
the PIOC approach is described. Section 3 presents the results, integrating evidence related to climate
variability, IoT technologies, and agronomic performance. Section 4 provides a discussion of the
findings, current trends, technical implications, and implementation challenges in different climate
contexts. Section 5 summarizes the key contributions of the review and highlights future opportunities
to strengthen digital management and the resilience of fruit crops.

2. Methodology

The study is a systematic literature review designed to identify, evaluate, and synthesize the
available evidence on the topic of interest. The search strategy is based on the PICO tool, an approach
used to formulate research questions, based on an acronym representing its main components [17]. In
this case, a variant of this method was used, called PIOC (Problem, Intervention, Outcomes, Context).
This adaptation omits the comparison component (C) because the study does not include comparative
analyses, and incorporates the element “Context”, which allows the research environment to be
defined. The specific questions were defined based on each component of the PIOC model and serve
to guide the search, selection, and categorization of the included studies. Based on these specific
questions, the general question of the review was constructed: What impact does climate variability
have on the productivity and quality of fruit crops, and how can IoT technologies optimize their
management and monitoring in the face of the challenges facing the sector? The specific questions and
respective keywords are presented in Table 1.

Table 1. Questions and keywords for the study.

Component  Question Keywords

P What is the impact of climate variability on the Climate variability, climate
productivity and quality of fruit crops? change, productivity, fruit quality

I How does the application of IoT technologies influence IoT, Internet of Things, precision
the optimization of fruit crop management? irrigation

O What are the benefits of applying IoT technologies to Yield, sustainable production,
fruit cultivation? production quality, sustainability

C What is the importance of fruit cultivation, and what are  Fruit

the main challenges in its production?

2.1. Search strategy and eligibility criteria

The search was conducted during November 2025 in the Scopus and Web of Science databases.
The keywords associated with each PIOC component, detailed in Table 1, were combined using the
Boolean operators OR and AND to filter the articles, where OR was utilized to broaden the search
scope, and AND was applied to intersect the core topics. Additionally, the following basic filters were
applied to the search: document type (article), year (2020-2026), access (open access), and
language (English). The search equations used in each database are presented below:

e Scopus: (TITLE-ABS-KEY (“climate variability” OR “climate change” OR “productivity”
OR “Fruit quality”) AND TITLE-ABS-KEY (IoT OR “internet of things” OR “precision irrigation”
OR “machine learning”) AND TITLE-ABS-KEY (yield OR “sustainable production” OR
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“production quality” OR sustainability ) AND TITLE-ABS-KEY (fruit*)) AND PUBYEAR >
2019 AND PUBYEAR < 2027 AND (LIMIT-TO (DOCTYPE, ‘“ar”)) AND (LIMIT-TO
(LANGUAGE , “English”)) AND (LIMIT-TO (OA , “all”));

e WoS: “climate variability” OR “climate change” OR productivity OR “fruit quality”
(Topic) and IoT OR “internet of things” OR “precision irrigation” OR “machine learning” (Topic)
and yield OR “sustainable production” OR “production quality” OR sustainability (Topic) and
fruit* and 2026 or 2025 or 2024 or 2023 or 2022 or 2021 or 2020 (Publication Years) and
Article (Document Types) and English (Languages) and All Open Access (Open Access).

The selection of documents was based on predefined inclusion criteria (IC) and exclusion criteria
(EC) to ensure the relevance of the selected studies. These criteria are detailed in Table 2.

Table 2. Inclusion and exclusion criteria for the study.

Inclusion criteria Exclusion criteria

CI1: Publications focused on fruit crop research CE1: Studies not focused on irrigation conditions
for fruit crops

CI2: Research on the use of IoT in the management CE2: Studies unrelated to IoT technologies

and monitoring of fruit crops

CI3: Studies evaluating yield, fruit quality, and CE3: Review articles
efficient water management

2.2. Selection process and PRISMA2020 tool

The selection process for the articles found followed the guidelines of the PRISMA2020
(Preferred Reporting Items for Systematic Reviews and Meta Analyses) tool [18], in order to
ensure that the procedure was transparent and easily reproducible. Each stage, from the initial
search to the final inclusion of studies, was systematically documented in an Excel spreadsheet,
allowing for a clear and orderly record of all decisions made during the review. A total of 86
articles were obtained from the Scopus platform and 86 articles from WoS, for a total of 172
articles. From this set, 56 duplicate articles were identified and eliminated. Subsequently, an initial
filter was applied based on reading the title and abstract, resulting in the exclusion of 50 articles. The
remaining 66 articles were selected for full-text eligibility assessment, for which they were
downloaded and managed in the Zotero bibliographic manager. Of these, 11 were excluded for not
being related to the topic, 3 for not being linked to IoT technology, and 2 for corresponding to
reviews, leaving a total of 50 selected articles. In addition to the primary database searches, a
secondary review was conducted on the Google Scholar portal using the snowball strategy, which
involves recursively identifying relevant references cited in the retrieved literature and
incorporating them into the analysis [19]. To broaden the scope of the review beyond irrigation
and fully align with the principles of precision agriculture, this snowball strategy specifically
targeted supplementary crop operations aimed at spatially variable rate crop input applications. The
search prioritized field-validated studies that addressed key concepts such as autonomous agricultural
robotics and unmanned aerial vehicles, variable-rate application for precision spraying, chemical
thinning, and artificial automated pollination in fruit crops. The PRISMA 2020 flow diagram,
illustrated in Figure 1, visualizes the detailed process of document selection.
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Figure 1. PRISMA2020 flow diagram ofthe study selection process.
3. Results

This section presents the findings from the 72 included scientific articles, synthesized to
address the research questions formulated under the PIOC framework. Figure 2 illustrates the
percentage of components present across the reviewed literature, as well as their level of
agreement based on the number of components. It shows that the integration of all four
components represents the highest frequency among multi-component groupings for the
application of IoT technologies, sensors, and machine learning in fruit crops. This reflects the
scientific community’s sustained interest in deploying these technologies to optimize agricultural
management in response to specific environmental stressors, primarily extreme air temperatures, high
solar irradiation, and soil moisture deficits [12,20].
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Figure 2. Distribution of studies according to research questions.
3.1. Influence of climate variability on fruit crops

Current research indicates that fruit tree systems respond to specific microclimatic and
edaphic parameters rather than broad climatic factors. These primary parameters include low
volumetric soil water content [21], extreme maximum air and canopy temperatures [22], high vapor
pressure deficit, and excessive solar irradiance [23]. Variations in these environmental variables
cause imbalances in crop physiology. They directly affect net photosynthesis [24], stomatal
conductance to water vapor, and leaf gas exchange [25,26]. Prolonged periods of soil moisture
depletion reduce fruit yield and commercial quality [13]. This production deterioration is also
driven by thermal stress, particularly when air temperatures exceed the critical physiological
threshold of 35 °C [27,28]. Thus, extreme air temperature anomalies and low soil water availability
are established as the main determinants ofyield loss in agricultural systems [12,28,29].

In addition to yield reductions, fluctuations in these microclimatic parameters compromise
not only yield but also the fruit's internal and external quality. Extreme air temperatures disrupt the
acid-base balance and degrade secondary metabolites. This process leads to reduced
concentrations of anthocyanins, carotenoids, and vitamin C [30]. Additionally, abrupt changes in
soil moisture and relative humidity are primary triggers for fruit cracking. This physiological
disorder diminishes marketability and increases susceptibility to fungal infections. Relying solely on
broad regional climatic data is insufficient to prevent these sudden shocks. Under such dynamic
conditions, precision irrigation scheduling based on real-time soil moisture sensors becomes essential.
This technology helps maintain stem water potential above the safe threshold of —1.2 MPa [31]. By
doing so, it maintains crop water balance, cools the canopy through transpiration, and prevents
irreversible tissue damage [32].

Table 3 shows the specific environmental stressors and their effects on fruit crop productivity.
The analysis reveals that these abiotic factors rarely act in isolation [9]. Their synergistic
interaction accelerates tissue damage more than their independent effects [23,33]. For instance, a
critical reduction in volumetric soil water content, combined with a high vapor pressure deficit,
induces osmotic stress and flower drop [34]. Moreover, prolonged exposure to excessive solar
radiation accelerates senescence [4,20]. When this radiation is combined with air temperatures above
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35 °C, it triggers physiological disorders, such as sunburn necrosis, berry shrivel, or surface
burns [26,32]. These results underscore the need for technological strategies to mitigate the impacts
of microclimatic extremes through precise environmental monitoring and automated control [7,35,36].

Table 3. Specific microclimatic parameters affecting fruit crop physiology, quality, and yield.

Parameter

Physiological problem

Reference

Low soil
moisture and

Severe osmotic stress and altered plant water balance

Reduced stomatal conductance and flower drop

[9,10,12,37,38]

[14,16,21-23]

high vapor . Altered gas exchange and reduced fruit yield under [31,39-42]
pressure deficit  yater deficit conditions. ’
Decreased fruit size, yield, and commercial quality [24,32-35]
Thermal stress, sunburn necrosis, and berry shrivel [4,9,16]
Extreme air Altered gas.exchal.lge and reduced fruit yield under 25-27.33]
. ; water-deficit conditions.
CHPEIAtIES — Blower drop and poor pollination [34,43,44]
Degradation of secondary metabolites and vitamins [30,45-48]
Excessive solar  Accelerated senescence and photo-oxidative damage [13,15,25,26]
irradiance Surface burns and superficial deterioration of the fruit [32,38,49]
Severe osmotic shock and triggering of fruit cracking [3,4,20,27]
Climate related changes in fruit nutritional quality and
. . . [29,30]
Abrupt moist increased fruit cracking.
an drl}llin?ilgiltsyure Susceptibility to fungal infections and elevated pest [38.45]
) pressure
fluctuations o e .
Fruit yield variability and challenges in disease (50-53]
detection and quality assessment.
Overall yield reduction [54,55]

High-density agricultural systems with continuous water demand have negative physiological

responses to extreme maximum air temperatures [36] and abrupt fluctuations in soil moisture
availability [56]. These specific microclimatic stressors induce a decline in yield parameters [10],
limit cultivar adaptability [13], and eventually reduce overall water productivity [26]. Along with these
physiological disruptions, prolonged thermal stress and water deficits accelerate plant energy
consumption [28], reduce fruit tissue firmness [43], and deplete volumetric soil water content [49].
Figure 3 illustrates the distribution of these contrasting physiological responses to microclimatic
variations. In this visual representation, the blue area represents positive values associated with
enhanced water-use efficiency, stable productivity, and post-stress physiological recovery. Conversely,
the red area reflects the negative values linked to physiological deterioration, energy consumption,
and structural damage.
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Figure 3. Impact of climate variability on agronomic indicators in fruit crops.
3.2. Application of loT technologies for optimizing fruit crop management

Current agricultural interventions integrate networked sensors to measure specific
microclimatic parameters. These parameters include air temperature, relative humidity, and
volumetric soil water content [57]. Mobile applications interface with these networks to enable
real-time monitoring [27] and automated remote control of irrigation schedules [58]. IoT
architectures facilitate the mass acquisition of meteorological data using distributed sensor nodes
connected via long-range communication protocols. This network supports automated decision-
making across extensive orchards [16]. Beyond standard drip irrigation, these IoT frameworks
now control advanced water-saving techniques such as automated subsurface irrigation and partial
root-zone drying. These specific methods drastically reduce water consumption by up to 64% while
enhancing fruit flesh firmness [43,49]. To optimize scheduling, precision irrigation strategies utilize
dendrometers to continuously monitor maximum daily trunk shrinkage. These physiological diameter
measurements serve as a direct criterion for regulating water application and preventing water
stress [14,59]. To mitigate extreme climatic shocks, sensor-driven automated sheds have been
implemented to physically protect crops from heavy rainfall and thermal stress exceeding 35 °C [44].

In addition to microclimatic control, recent IoT deployments incorporate deep learning and
computer vision to optimize crop health and yield estimation. Unmanned aerial vehicles and
ground-based optical sensors capture high-resolution multispectral imagery across orchards [1,56]. This
visual data is processed using convolutional neural networks and instance segmentation algorithms
to automatically detect individual fruits. As a result, these algorithms estimate fruit size and forecast
total yield prior to harvest [1,60]. Moreover, loT-based monitoring systems are increasingly
utilized for real-time epidemiological forecasting. By continuously analyzing environmental data,
these smart networks can predict outbreaks of severe fungal infections and pest infestations, such as
powdery mildew and codling moth [61]. Deep learning architectures, including hybrid optimal
attention capsule networks, classify these diseases with precision rates exceeding 99% [51]. Targeted
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automated spraying interventions based on these predictions reduce overall pesticide and fungicide
consumption by up to 50%. This reduction improves fruit quality and minimizes chemical residues.

Advanced agricultural frameworks integrate multiple sensors to continuously collect real-time
data on volumetric soil moisture [2], maximum air temperature [26], and solar light intensity [27].
The collected data is communicated through the Message Queuing Telemetry Transport protocol to
cloud platforms. Subsequently, various machine learning architectures process this sensory data to
anticipate plant development, optimize irrigation decisions, and forecast crop yields [58]. These
predictive algorithms include multiple linear regression and support vector machines [13]. Other
applied models include partial least squares regression, support vector regression, and extreme
gradient boost regression [20,58]. Additionally, multilayer perceptron, least absolute selection, and
selection operator regression analyze these agricultural datasets [62]. These mathematical models
provide robust estimates across different spatial scales. They process continuous environmental
variables transmitted via long-range communication networks for precise water control. The specific
technologies and computational methods used for this microclimatic anomaly detection and
comprehensive environmental monitoring are synthesized in Table 4.

Table 4. IoT technologies and computational methods for fruit crop optimization.

Technologies Application Method Reference
Sensors Precision volumetric water Multiple linear regression and ridge regression [21,22]
control and irrigation Support vector machine [20,58,62]
scheduling Random forest and least absolute shrinkage and [13,58]
selection operator
Volumetric water content monitoring [20,36]
MeteoHelix IoT Pro micro-weather station [11]
Partial least squares regression [13,63]
Extreme gradient boosting [23,58]
Hyperspectral Early detection of Support vector machine [20,58]
IoT vision physiological stress and K-means clustering [62]
tissue anomalies Partial least squares regression and support vector [63]
regression
Extreme gradient boosting, random forest, and [20,58,63]
multilayer perceptron
Wireless IoT  Automated fertigation and Long-range wide-area network, Wi-Fi, long-range [9,10,14,24,40]
networks distributed environmental —communication, and comma-separated value
monitoring retrieval on smartphones
Integrated crop monitoring loT-based sensor data fusion, automated [46,55,64]
and precision irrigation irrigation management, and digital dashboards for
management monitoring fruit yield and quality.
Cloud and Automated agricultural Perimeter computing systems, mobile applications [2,12,45,47]
edge decision support and real-  for remote monitoring, Magellan cloud,
platforms time data visualization ThingSpeak, and one-way analysis of variance

Threshold control methods and predictive machine learning models, including random
forest, extreme gradient boosting, and support vector regression, optimize irrigation scheduling [11],
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predict volumetric soil moisture [22], and improve overall water use efficiency [26]. On the
other hand, hyperspectral imaging techniques combined with convolutional neural networks and
mask region—based convolutional neural networks enable the early detection of fruit stress [13]
and physiological ripeness [24]. This integration facilitates precise interventions in harvesting and
fruit quality management [29]. The continuous application of these technologies, from Internet of
Things devices to analytical methods, controls specific agronomic variables and establishes a
functional link between digital tools and crop management [9,31,63]. In the long term, these
technological integrations drive the transition toward automated, predictive, and resilient
agricultural systems under climatic constraints [59]. Figure 4 illustrates this continuous intervention
flow and the sequence of technology applications.

Agronomic models combined with decision support systems dynamically adjust precise water
application [36] and nutrient distribution [42] in response to specific microclimatic fluctuations [65].
At the same time, the integration of cloud-based architectures and real-time data processing
mitigates severe soil moisture depletion [2]. This continuous data processing optimizes volumetric
water use [3] and reduces the electrical energy consumption of irrigation pumps [54]. These
technological interventions establish a network of continuous environmental control [15]. Therefore,
they sustain fruit-crop productivity [40] and enhance overall agricultural sustainability under
resource constraints [46]. The specific connections between these digital tools, analytical methods,
and controlled agronomic variables are illustrated in the Sankey diagram in Figure 4.

|Dfones + multispectral I I CNN/Mask-R-CNN I
Edge/Cloud Threshold control Smﬁnaiun’ty I
(FIWARE/ThingSpeak) CPSO-XGB (VWCIECIpH)  detection |
Real-time pipeli S
loT Stations + DSS st ol CPSO-XGB irrigation
Agronomic Performance
Hyperspectral/Vision models ML (RF/XGBoost/SVR) forecast
CNN/Mask- Agronomic Humidity/ETc |
LoRaWAN/ZigBee Networks R-CNN models prediction
Telemetry + ‘ MPC Irrigation/nutrient
rules | (predictive control) decisions
- Threshold control Real-time Irrigation
Soil-climate sensors (VWC/EC/pH) pipeline scheduling
ML I Telemetry + = ‘ I
(RF/XGaoosvSVR)] ’ | rules ot
MPC f Automatic
. (predictive control) | fertigation

Figure 4. Technological intervention flow in precision fruit growth.
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3.3. Impact and advantages of loT in fruit growing

The implementation of Internet of Things architectures in fruit systems drives intelligent
automation and data-driven management. These digital tools integrate specific microclimatic,
physiological, and edaphic variables into predictive mathematical models [28]. By doing so, they
optimize crop productivity and reduce uncertainty in agronomic decision-making [37].
Interconnected sensor networks transform traditional agriculture into an analytical and precise
activity [9,41]. By continuously processing field data, these systems facilitate adaptive crop
management under dynamic environmental constraints [35,56]. This technological integration
establishes a foundation for sustainable agricultural practices [42,45].

Field evaluations demonstrate the direct quantitative benefits of these digital interventions.
The deployment of cloud-based decision support systems in lemon orchards reduced irrigation
water consumption by 50% while increasing total fruit yield by 35% [9]. Similarly, in semi-
hydroponic strawberry cultivation, automated edge computing frameworks achieved a 20%
reduction in water usage and a 15% increase in production [45]. These systems also enhance
internal fruit quality, as evidenced by an 11.8% increase in the soluble solids content [45]. In arid
regions, automated subsurface irrigation networks controlled by real-time soil moisture sensors
reduced water application by 64.1% in date palm orchards compared to traditional surface
methods [49]. To complement irrigation controls, computer vision and deep learning algorithms
integrated into mobile platforms enable precise blossom detection and variable-rate chemical
thinning in apple orchards. This machine vision application optimizes fruit load and minimizes
chemical inputs [60].

Agricultural digitization optimizes precision irrigation and automated fertigation [24].
Moreover, it introduces advanced computational metrics to evaluate yield, fruit quality, and
electrical energy efficiency [22,38]. Sensor-controlled irrigation systems optimize water application,
leading to documented increases in water-use efficiency of up to 46% [11,66]. This structural
shift toward integrated fruit system management is characterized by minimized resource losses
and continuous environmental monitoring [28,36]. Conclusively, the synergy among control
algorithms, cloud platforms, and in-field sensors ensures long-term agricultural sustainability and
resource efficiency [63,65]. The main performance areas related to productivity, resource efficiency,
and environmental sustainability are summarized in Table 5.

Automation and smart control strategies balance fruit-crop productivity and agroecological
sustainability [28]. These specific technological interventions support total yield and resource-use
efficiency [49]. From a systems perspective, adopting interconnected digital networks facilitates the
stability of agricultural systems [10]. Implementing predictive computational processes reduces yield
variability under specific microclimatic stressors [23,56]. These interventions serve to bolster
orchard resilience to extreme thermal anomalies and severe soil moisture depletion [37,41,50].
Figure 5 plots the relationship between these crop yield increases and corresponding resource
savings as discrete pairings extracted from independent studies. Because these data points represent
separate field evaluations under diverse agronomic conditions rather than a single continuous trial,
the resulting trends exhibit non-monotonic fluctuations across the 15%—-20% yield increase range.

AIMS Agriculture and Food Volume 11, Issue 4, 1059—-1083.
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Table 5. Benefits of using [oT technologies in fruit cultivation.

Dimension Indicators Impact on fruit cultivation Reference
Agricultural 15%-20% total yield increase ~ Higher overall yield and optimized fruit [1,2,9,15,16]
productivity set
Improved fruit yield and More efficient production and better [22,28,29,35]
quality through irrigation and  fruit development
crop management
Artificial intelligence accuracy Enhanced fruit quality and precise [31,34,38,40,42]
up to 99.7% disease detection
Optimized irrigation Improved agricultural monitoring and  [43,44,47,49]
scheduling and agricultural resource management
productivity
Digital monitoring of fruit Improved fruit classification and [51,64]
diseases and guality disease identification
Real-time physiological data ~ Precise harvest timing and post-stress [53,54,56,58,66]
tracking recovery
Resource Savings of 25%—-50% of water ~ Precise irrigation scheduling and [31,38,4244]
efficiency and 46% higher water use optimized crop water balance
efficiency
Smart irrigation control and Improved water management and [34,40,47,49]
monitoring reduced unnecessary resource use
Digital nutrient monitoring Improved nutrient assessment and [39,48,63,67,68]
and resource optimization reduced agricultural resource footprints
Savings of 38%—65% in Automated fertigation and reduction in ~ [33,36,41,45,46]
applied nutrients nutrient leaching
Environmental Carbon footprint reduction of ~ Mitigation of greenhouse gas emissions [3,9,12,14,15]
sustainability  up to 40%
Remote sensing and sensor- Improved orchard surveillance, targeted [4,7,63,69]
based monitoring of orchard ~ crop management, nutrient
conditions, pest damage, crop  optimization, and fruit quality
nutrition, and growth
Reduction of deep percolation Resilient cultivation with low [24,25,50,53,59]
and leaching by 30% environmental impact
Automation Microclimatic checks every High-precision environmental tracking  [9,10,11,15,16]
and digital 10—15 minutes with root mean
monitoring square error below 0.002

Automated fruit detection and
crop stress monitoring
Integrated sensor monitoring
and predictive agricultural

management

Continuous operational

automated cycles

Early identification of crop conditions  [1,27,28,36]
and improved irrigation decisions
Improved yield estimation, nutrient

assessment, and resource management

[46,56,65,66,67]

Autonomous irrigation and significant  [37,38,40,49,55]

electrical energy savings

AIMS Agriculture and Food

Continued on the next page
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Dimension Indicators

Impact on fruit cultivation

Reference

Smart Robust water forecasting and

management  predictive microclimatic

and decision- anomaly detection

making Sensor-based irrigation and
fruit quality monitoring
Digital agricultural systems
and climate-related
productivity analysis
Integrated crop growth and
resource-use monitoring
Real-time crop phenology and
canopy monitoring
Integration of cloud-based
architecture and data analytics

Automated agronomic decision support

Better water management and
optimized crop production
Improved crop monitoring and
adaptation strategies

Improved irrigation management and
sustainable fruit production

Optimal decisions for efficient
harvesting

Long-term orchard management and
yield estimation

[12-14,20.21]

[22-24]

[39,47,48]

[54,67,69]

[26,29,34,43,45]

[52,55,57,62,65]

Note: The 100 citations listed represent 58 unique studies. Of these, 26 are counted once, 23 are double-counted, 8

are triple-counted, and 1 is quadruple-counted across dimensions, explaining the overlap.

120 @ Water savings ® Nutrient savings

2 8

Water savings and nutrient savings (%)
g

18
Performance increase (%)

115

17

Figure 5. Increased yield with water and nutrient savings.

The deployment of IoT architectures establishes a precision agriculture model that

integrates electrical energy efficiency [15], agroecological sustainability [34],

and fruit yield

optimization [40] into a unified operational framework. From a traceability perspective, the
integration of distributed cloud platforms and blockchain protocols ensures immutable crop
traceability throughout the agricultural supply chain [40,55]. Precise automated fertigation algorithms
minimize agricultural input losses by reducing nutrient leaching and deep percolation [36,45]. As a
direct result, this digital management strengthens orchard resilience, enabling rapid physiological
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recovery from extreme thermal anomalies and severe soil moisture depletion [42]. These
interconnected digital frameworks go beyond passive microclimatic monitoring [4]. In this manner,
they serve as automated decision support systems [53] that sustain crop productivity and ensure
long-term agricultural sustainability under severe environmental constraints [67].

3.4. Socioeconomic relevance and environmental challenges of fruit cultivation

The implementation of precision agricultural technologies in fruit orchards is strictly
conditioned by specific geographical constraints and regional microclimates. Severe thermal
anomalies [21], severe soil moisture depletion [33], and erratic precipitation patterns [37] directly
compromise overall irrigation efficiency and fruit quality. To counteract these microclimatic
fluctuations, regional agronomic strategies integrate IoT architectures and distributed sensor
networks. This technological deployment establishes precise volumetric water control [25] and
enhances the physiological recovery of plants post-stress [36,43]. To address these microclimatic
fluctuations, localized management protocols prioritize automated irrigation scheduling [28], data-
driven yield forecasting [31], and continuous real-time environmental monitoring [45].

Despite the proven agronomic benefits, the adoption of these digital frameworks in
developing regions faces significant socioeconomic barriers. In regions across South Asia and Latin
America, the transition toward automated agriculture is constrained by high initial deployment costs,
limited access to stable wireless communication networks in rural areas, and a lack of specialized
technical training among small-scale farmers [10]. Traditional farming practices in these areas
frequently rely on surface-flood irrigation, which accelerates groundwater depletion and reduces
overall crop profitability [44]. Nevertheless, the strategic implementation of low-cost, open-source
microcontrollers and long-range wide-area network protocols provides a practical alternative to
address these financial limitations [36]. The integration of these accessible digital tools minimizes
manual labor costs, optimizes the use of expensive agricultural inputs, and ultimately aligns fruit
production with global sustainable development goals [14,23].

Specific regional climates dictate the technological interventions required across global
fruit-growing regions. Semi-arid and dry Mediterranean environments require advanced water
conservation strategies due to severe volumetric water deficits [28] and prolonged exposure to high
solar irradiance [43,49]. Within these regions, the application of regulated deficit irrigation is
critical for sustaining crop productivity under prolonged thermal stress [10,31]. Conversely,
intensive fruit production in East and South Asia faces extreme maximum air temperatures
combined with low soil moisture retention. These specific edaphic and climatic conditions
necessitate the integration of continuous soil moisture sensors and wireless communication networks
to maximize irrigation efficiency [13,20]. In Latin America, tropical and semi-arid microclimates
demand precise volumetric water management [3,23] to minimize radiation damage and sustain the
commercial quality of export-oriented fruit crops [53]. The geographical distribution of these
prevailing environmental conditions and their corresponding agricultural regions is synthesized in
Table 6.
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Table 6. Environmental and geographical conditions of fruit cultivation areas.

Region Prevailing climate and environmental constraints Reference
East and South Asia Monsoon-influenced climates with seasonal rainfall [12-14,20]
variability and prolonged dry periods
Arid and semi-arid conditions characterized by elevated [24,26,53]
summer temperatures and limited water availability
Seasonal water deficits and soils with low water retention [28,29,33,37]
capacity
High solar radiation and increased exposure to heat and water  [39,41,64,66]
stress
Mediterranean basin Mediterranean climate characterized by hot, dry summers and [10,25,28]

relatively mild winters

Seasonal precipitation deficits and high atmospheric [31,34,43]
evaporative demand

Intense solar radiation and elevated temperatures during [48,49,53]
critical crop development periods

Heat stress and water scarcity requiring regulated deficit [59,65]
irrigation strategies.

Latin America Semi-arid to tropical conditions with severe precipitation [3,4,23,52]
deficits and high temperatures
High solar radiation and dependence on technical irrigation [53,54,55,59]
for fruit crops export

Oceania Dry subtropical climate with sandy soils, low water retention, [14,15]
and high evapotranspiration
North and Central Mediterranean and warm temperate climates with severe [10,36,65]
America water deficits and heat stress
Mainland Europe Temperate to humid continental climate with irregular rainfall [1,9,46,47,48]

and precipitation variability

Note: The 44 citations listed represent 36 unique studies. Of these, 29 are counted once, 6 are double-counted, and 1 is

triple-counted across regions, explaining the overlap.

In Oceania, dry subtropical climates characterized by sandy soils and high evapotranspiration
rates require the implementation of automated fertigation frameworks to compensate for severe soil
moisture depletion [15,40]. Similarly, perennial fruit crops in North America experience marked
temperature variability and seasonal water deficits, necessitating continuous climate monitoring
systems for precise irrigation scheduling [10,36]. Across mainland Europe, erratic precipitation
patterns and the increasing risk of intermittent droughts drive the adoption of digital predictive
models to sustain agricultural productivity [9,46,48]. Across all evaluated geographies, severe
volumetric water deficits and extreme thermal anomalies remain the most restrictive microclimatic
factors that determine the overall productivity of modern fruit orchards [3,28,43].

Specific fruit species exhibit varying degrees of vulnerability to microclimatic stressors,
dictating the focus of technological research. Commercial crops such as apple [29], mango [31], and
strawberry [56] demonstrate high sensitivity to extreme thermal anomalies and severe water deficits.
Other intensive crops, including melon [7], tomato [35], and grape [16], frequently integrate
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advanced irrigation-efficiency protocols, automated fertigation, and continuous climate control.
Conversely, tropical fruits such as bananas, mandarins, and watermelons receive less technological
intervention [3].

This lower representation is primarily attributed to their cultivation in humid environments
with reduced exposure to prolonged drought [52]. As a result of this vulnerability, current digital
agricultural research predominantly targets commercially valuable fruit species that are highly
vulnerable to restrictive climatic conditions and water scarcity [10,23,28,36]. This direct correlation
between specific environmental stressors and the level of applied digital innovation drives the
deployment of IoT architectures [39]. These frameworks, integrated with artificial intelligence
algorithms and advanced distributed sensor networks, dynamically adjust precision irrigation [12] and
automated fertilization protocols based on real-time microclimatic data [34]. Digital fruit
cultivation therefore functions as a direct adaptive response to global climate change [10]. In
practice, regional geographical constraints and specific environmental conditions dictate the rate and
methods by which producers adopt these advanced interconnected technologies [23,28]. The
quantitative distribution of these most frequently studied fruit species is summarized in Figure 6.

W ot P ;;& oﬂﬁﬁ’
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.

;ﬁ \*ﬂf

Figure 6. Frequency distribution of fruits in the studies analyzed.
3.5. Variable-rate applications beyond irrigation

Recent advancements in precision agriculture have expanded variable-rate application
technologies beyond water management to encompass complex crop operations. These digital
frameworks manage physical agricultural inputs through the Internet of Things [10] and autonomous
machinery driven by artificial intelligence [47]. Specifically, variable-rate fertilization enhances
nutrient use efficiency [3] by eliminating redundant, uniform applications [65]. The integration
of sensor-based fertigation facilitates the delivery of fertilizers at site-specific rates strictly tailored to
the active root uptake zone. This targeted spatial distribution improves overall fruit yield and
commercial quality [11] while substantially reducing nutrient leaching into groundwater [21]. Despite
these validated agronomic advantages, widespread commercial adoption remains constrained by high
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initial deployment costs, sensor vulnerability to harsh field microclimates, and the need for
specialized technical expertise among traditional producers [47].

The deployment of variable-rate applications for crop protection relies on continuous real-
time disease detection protocols. Deep learning models deployed on edge computing devices
successfully identify specific leaf diseases directly under field conditions [70]. Concurrently,
unmanned aerial vehicles [4] integrated with single-stage object detection architectures localize
specific pathogens [71] and facilitate highly targeted agrochemical interventions [72]. During the
physical application of these chemicals, ground-based autonomous robots [47] and intelligent
sprayers utilize advanced sensor fusion [73] to dynamically adjust nozzle outputs according to real-
time canopy architecture [74]. This precision spraying method targets specific zoned canopy
volumes to substantially decrease chemical waste [75] and minimize toxic air drift [76]. In
complex or high-density orchards where ground machinery encounters severe operational
constraints, unmanned aerial vehicles adaptively modulate spraying parameters using neural
network—driven controllers to ensure optimal droplet distribution [24, 77]. In practice, the
performance of these automated spraying systems is limited by dynamic field variables, including
sudden wind disturbances, inconsistent solar lighting, and strict payload capacities [77]. Addressing
these operational limitations requires the continued development of robust adaptive control
algorithms and enhanced sensor fusion capabilities for consistent real-time execution [73].

Variable-rate application protocols are progressively adapted for highly specialized
horticultural tasks involving physical inputs beyond conventional agrochemicals. Advanced
computer vision [1] and hyperspectral imaging systems estimate total fruit load with high
precision [13]. Within apple orchards, these computational systems generate georeferenced fruitlet
maps to guide precision sprayers [62], continuously modulating chemical thinning agents on a
localized per-tree basis [60]. Expanding beyond chemical treatments, unmanned aerial vehicles
extend their agricultural utility into non-chemical interventions, including automated artificial
pollination [24]. Artificial intelligence—driven drones optimize date palm pollination by
delivering precisely targeted, variable-rate pollen loads directly to the inflorescence [78]. The
successful transition of these technologies from controlled prototype validation to extensive
commercialization requires addressing spatial mapping errors induced by global navigation satellite
system inaccuracies [60]. Furthermore, these autonomous frameworks must continuously adapt to the
inherent biological complexity and structural variability of diverse orchard architectures. These
persistent technical challenges necessitate comprehensive lifecycle assessments prior to extensive
commercial deployment [78].

4. Discussion

Climate variability remains a primary driver of yield and quality degradation in fruit crops.
Extreme thermal anomalies and prolonged water deficits disrupt net photosynthesis and transpiration.
High temperatures before flowering reduce pollen starch content and compromise fruit set [79]. Rather
than viewing these abiotic factors in isolation, current research demonstrates their synergistic effects,
where soil moisture fluctuations during ripening interact with ambient vapor pressure deficits to cause
fruit cracking. To counteract these vulnerabilities, agronomic strategies are increasingly divided
between genetic adaptation and digital intervention. Although thermally resilient or dwarfing
rootstocks provide a passive, long-term defense against sunburn damage [80], they cannot dynamically
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adjust to rapid microclimatic fluctuations. This limitation highlights the need for active IoT
monitoring systems that continuously track in-field water status and trigger automated microclimate
controls to preserve fruit quality under severe environmental stress.

IoT architecture addresses these monitoring needs by establishing structured, multi-layer
frameworks that integrate real-time perception, low-latency transport, cloud-based processing, and
decision-support applications. A critical challenge in these deployments is achieving seamless
interoperability across diverse, multi-vendor agricultural systems. Integrating standardized open-
source middleware and long-range wide-area networks resolves this compatibility barrier by providing
unified data interfaces [81]. However, a critical comparison of the literature reveals a clear trade-
off between architecture complexity and processing latency. While cloud-based middleware
simplifies data aggregation across large geographical areas, it often suffers from communication
delays that limit its effectiveness in high-frequency, closed-loop control tasks. In contrast,
decentralized edge-computing solutions bypass these latencies, enabling immediate local decisions.
To maximize overall agroecological resilience, these digital frameworks must evolve beyond
isolated, single-parameter monitoring systems and transition toward comprehensive multi-sensor
integrations [82]. A robust agricultural approach requires integrating microclimatic, edaphic, and
physiological data to adapt dynamically to severe environmental constraints.

This architectural trade-off also extends to selecting predictive computational models. Integrating
sensor networks with machine learning has shifted agronomic management from descriptive tracking
to predictive optimization in smart farming [83]. Predictive platforms leverage multi-source data
fusion to anticipate crop development, as illustrated in the AgriFusion model [84]. A comparative
analysis of these predictive frameworks highlights a clear division between lightweight traditional
models and advanced deep learning systems. Lightweight algorithms, such as support vector
regression and random forest, are highly efficient for localized soil moisture prediction because they
require minimal computational resources. However, these traditional models struggle to process
high-dimensional spatial, visual, or spectral datasets. Conversely, advanced convolutional neural
networks and hybrid attention models achieve superior accuracy in non-destructive quality
management and defect detection. As critically synthesized in [85], harnessing artificial intelligence
for fruit quality management enables automated sorting, internal defect tracking, and precise
ripeness estimation. However, these deep learning architectures impose high computational
demands that restrict direct edge deployment and require extensive annotated training datasets.
Therefore, selecting the optimal algorithm depends on a careful balance between the available
computational infrastructure and the required predictive precision.

Despite these technological advances, a critical synthesis of the literature reveals a significant
geographic and economic divide in technology adoption. Most field-validated IoT deployments are
concentrated in developed regions and focus on high-value, export-oriented commercial species, where
the high initial costs of sensor networks and cloud infrastructure are economically viable. Conversely,
small-scale producers in developing areas face severe financial and technical barriers, including
unstable rural telecommunication networks and a lack of specialized training. To bridge this gap,
future research must prioritize low-cost, open-source hardware and energy-efficient, long-range
communication protocols. Developing highly durable, low-maintenance sensors that withstand harsh
field conditions is essential to globally ensure the long-term viability and equitable distribution of
digital agriculture.
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5. Conclusions

Extreme thermal anomalies, severe volumetric water deficits, and excessive solar irradiance
constitute the primary microclimatic stressors degrading fruit crop productivity. These restrictive
environmental conditions disrupt essential physiological processes, including net photosynthesis and
stomatal conductance, directly altering crop water balance. Under these circumstances, this continuous
exposure induces severe osmotic stress, premature flower drop, and surface tissue necrosis, ultimately
reducing total agricultural yield and compromising the commercial quality of export-oriented fruit
species.

The strategic deployment of Internet of Things architectures establishes a robust framework to
counteract these environmental constraints. Distributed agro-environmental sensors, integrated with
artificial intelligence algorithms and advanced machine learning models like extreme gradient
boosting and random forest, process real-time data transmitted through long-range wide-area
networks. This technological synergy automates precision irrigation and facilitates the early detection
of physiological stress. In practice, these digital interventions achieve predictive accuracies of up to
99.7%, increase water-use efficiency by saving 25%-50% of applied water, and drastically
reduce nutrient leaching. In summary, this precision management reduces the agricultural carbon
footprint by up to 40%, strengthening the overall agroecological resilience of fruit orchards.

The successful implementation of these digital frameworks is strictly conditioned by specific
regional geographies. Semi-arid and Mediterranean environments facing severe water deficits
prioritize precision agriculture research on high-value commercial species, including apple,
strawberry, and mango. Within these regions, advanced agronomic strategies such as regulated deficit
irrigation demonstrate that localized microclimates dictate the optimal deployment of digital networks.
As global agricultural systems face increasingly erratic climatic shifts, the continued integration
of accessible, data-driven technologies remains essential to sustain long-term crop profitability and
ensure global food security.
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