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Abstract

The use of digital tools in agroecological crop production can help mitigate current farming
challenges such as labour shortage and climate change. The aim of this study was to map
digital tools used in crop production, assess their impacts across economic, environmental,
and social dimensions, and determine their potential as enablers of agroecology. A system-
atic search and screening process, following the Preferred Reporting Items for Systematic
reviews and Meta-Analyses methodology, identified 453 relevant studies. The results
showed that most digital tools are applied for crop monitoring (83.4%), with unmanned
aerial vehicles (37.7%) and camera sensors (75.2% combined) being the most frequently
used technologies. Farm Management Information Systems (57.6%) and Decision Support
Systems (25.2%) dominated the tool categories, while platforms for market access, social
networking, and collaborative learning were rare. Most tools addressed the first tier of
agroecology, which refers to input reduction, highlighting a strong focus on efficiency
improvements rather than systemic redesign. Although digital tools demonstrated positive
contributions to social, environmental, and economic dimensions, studies concentrated
mainly on economic benefits. Future research should investigate the potential role of digital
technologies in advancing higher tiers of agroecology, emphasising participatory design,
agroecosystem services, and broader coverage of the agricultural value chain.
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1. Introduction
During the previous decades, the world exhibited rapid technological and economic

growth in all sectors [1]. However, this growth was conducted without taking into consid-
eration the limited available resources that the planet offers as well as the environmental
consequences that may arise by using unsustainable production methods [2,3]. Thus,
various issues have arisen from this approach, including climate change, environmental
pollution, health risks, demographic changes, and biodiversity decline [4–8]. The agricul-
tural sector has not been an exception to this. Heavy dependence on chemical pesticides and
synthetic fertilisers has resulted in health problems due to the consumption of unhealthy
food, as well as water, soil, and air pollution [9]. Moreover, the use of heavy machinery
has led to soil degradation [10], while urban migration has also led to the abandonment
of rural areas [11]. Furthermore, farmers’ aging may further limit the ability to feed an
increasing population in coming years [12].

Thus, there is a need for more sustainable and socially just agricultural production
systems. Many initiatives have started in the previous years at national and international
levels (e.g., European Union’s Green Deal [13], United Nations’ Sustainable Develop-
ment Goals [14], and Paris Agreement [15]) that apply to agriculture and promote an
economically, socially, and environmentally sustainable future. Adoption of agroecology
can contribute to this future. Agroecology refers to a holistic approach that combines
social, economic, and environmental elements that can lead to sustainable agricultural
production [16]. Agroecology can contribute to both incremental and transformational
changes in agriculture. According to previous research, adoption of agroecological practices
can be categorised into five different tiers, namely: Tier One: input reduction; Tier Two:
substitution with sustainable inputs; Tier Three: incorporation of biodiversity through
agricultural system redesign; Tier Four: reconnection of producers and consumers; and
Tier Five: creation of a just and equitable global food system [17].

The path of agroecology is not the only one that can lead to a more sustainable
future. Smart farming can also contribute to this future. Many studies have indicated the
incremental and transformational power of the adoption of digital tools that are applied in
agriculture. Digital tools refer to offline or online software-based systems (e.g., programs,
applications, platforms, and other computational resources) that are used on computers,
mobile, or other devices for the completion of tasks through the utilisation of digital
information [18]. Digital tools applied in agriculture include various sensors like red-green-
blue (RGB), red-green-blue-depth (RGB-D), multispectral, hyperspectral, and thermal
cameras, light detection and ranging (LiDAR), Internet of Things (IoT)-based weather
sensors (air temperature, air humidity, precipitation, wind velocity and direction), smart
traps, soil sensors (moisture, temperature, soil electrical conductivity) and actuators, soil
electrical conductivity sensors, synthetic aperture radar (SAR), Global Navigation Satellite
Systems (GNSSs), proximal canopy sensors, and others. These are mounted on satellites,
crewed and uncrewed terrestrial or aerial vehicles, or stationary platforms [19–21]. The
data collected from these sensors are analysed using artificial intelligence (AI) and machine
learning (ML) methods to provide insights to optimise crop production [22,23].

Although the aims of smart farming and digitalisation in agriculture are consis-
tent with the scope of agroecology, their relationship is still relatively new and under-
explored [24,25]. Furthermore, there is a huge debate among advocates and opponents of
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using digitisation for agroecological transformation. The first supports this by emphasis-
ing improved yields and optimal decision-making, whereas the latter refers to restricted
autonomy in decision-making and disenfranchisement [26]. Consequently, the primary
goal of this study was to map digital tools utilised in crop production and analyse their
economic, environmental, and social impacts in order to determine their potential as
agroecology enablers.

2. Materials and Methods
2.1. Search Strategy and Query Design

A systematic literature search using the Web of Science database was conducted to
identify relevant digital tools that were applied in crop production over the past ten years
and that could enable the transition to agroecology. The reason for selecting Web of Science
as the sole database is that it is one of the leading research article databases, covering more
than 34,000 journals and containing over 270 million records [27]. Additionally, the long
time span helps reduce potential biases caused by the limited number of studies included
in the analysis. A structured query was applied on 28 February 2025 to the search engine
to identify relevant research articles (Table 1). The query was developed for identifying
relevant information for crop, animal, and agroforestry production as part of the Horizon
Europe and Innovate UK co-funded project Digitalisation for Agroecology (D4AgEcol) [28].
The outcomes of this query were further screened to extract relevant studies with a focus
on crop production.

Table 1. Query used in the Web of Science database to identify relevant publications [28].

Web of Science Database Query

(TS=(“Internet of Things”) OR TS=(“cloud computing”) OR TS=(“big data”) OR TS=(“artificial intelligence”) OR
TS=(“machine learning”) OR TS=(“simulation”) OR TS=(“augmented reality”) OR TS=(“additive manufacturing”) OR

TS=(“horizontal and vertical system integration”) OR TS=(“autonomous robo*”) OR TS=(“cybersecurity”) OR
TS=(“DSS”) OR TS=(“decision support”) OR TS=(“sens*”) OR TS=(“databas*”) OR TS=(“ICT”) OR TS=(“robo*”) OR
TS=(“GPS”) OR TS=(“GNSS”) OR TS=(“information syste*”) OR TS=(“image analys?s”) OR TS=(“image processing”)
OR TS=(“camera*”) OR TS=(“video”) OR TS=(“RFID”) OR TS=(“eID”) OR TS=(“ruminal bolus”) OR TS=(“drafting”)

OR TS=(“walk over weight”) OR TS=(“thermistore*”) OR TS=(“smart trap*”) OR TS=(“e?trap*”) OR TS=(“insect
trap*”) OR TS=(“UAV*”) OR TS=(“UAS*”) OR TS=(“accelerometer*”) OR TS=(“pedometer*”) OR TS=(“virtual

fencing”) OR TS=(“RGB”) OR TS=(“multispectral”) OR TS=(“hyperspectral”) OR TS=(“thermal”) OR TS=(“LIDAR”)
OR TS=(“RADAR”) OR TS=(“EMI”) OR TS=(“satellite”) OR TS=(“UGV*”) OR TS=(“recording”) OR TS=(“guidance”)
OR TS=(“steering”) OR TS=(“reacting”) OR TS=(“variable rate”) OR TS=(“monitoring”) OR TS=(“social network*”)
OR TS=(“social platform*”) OR TS=(“social media”) OR TS=(“platform*”) OR TS=(“aerial”) OR TS=(“proximal”) OR

TS=(“ground”) OR TS=(“FMIS”) OR TS=(“farm management information syste*”) OR TS=(“blockchain”) OR
TS=(“marketplace*”) OR TS=(“load cell*”) OR TS=(“flow meter*”) OR TS=(“microphone*”) OR TS=(“feeder*”) OR

TS=(“drinker*”) OR TS=(“body temperature device”) OR TS=(“photoelectric sensor”) OR TS=(“scale”) OR TS=(“force
plat*”)) AND (TS=(“diversit*”) OR TS=(“knowledge AND (co-creat* OR shar*)”) OR TS=(“synerg*”) OR

TS=(“efficien*”) OR TS=(“recycl*”) OR TS=(“value* AND (human OR social)”) OR TS=(“cultur*”) OR TS=(“food AND
tradition*”) OR TS=(“responsib* AND govern*”) OR TS=(“economy AND (circular OR solidarity)”)) AND
(TS=(“digital agriculture”) OR TS=(“digital farming”) OR TS=(“agroecolog*”) OR TS=(“agro-ecolog*”) OR
TS=(“sustainable agriculture”) OR TS=(“precision agriculture”) OR TS=(“smart farming”) OR TS=(“smart

agriculture”) OR TS=(“precision livestock farming”)) AND (TS=(“crop*”) OR TS=(“vineyard*”) OR TS=(“vegetable*”)
OR TS=(“orchard*”) OR TS=(“arable”) OR TS=(“livestock”) OR TS=(“poultry”) OR TS=(“chicken”) OR TS=(“hen”)
OR TS=(“ruminant*”) OR TS=(“pig*”) OR TS=(“goat*”) OR TS=(“sheep”) OR TS=(“lamb*”) OR TS=(“cow*”) OR

TS=(“cattle”))

2.2. Results Filtering

The selected research articles were published between 2012 and December 2024 in
order to concentrate on recent research publications. To map the pertinent research papers
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and guarantee a methodical and transparent approach, the literature review adhered to the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) method-
ology. PRISMA is an evidence-based minimum set of items for reporting in systematic
reviews and meta-analyses [29].

The aforementioned query yielded 2412 research articles, which were reviewed by
people with prior experience on the topics of this study. The systematic map targeted
research articles in English with a focus on digital tools applied to arable, vegetable, and
orchard crops, as well as vineyards. Consequently, studies related to livestock, agroforestry,
or livestock–crop farming systems were excluded, as well as studies with a focus on genetics
and mechanised interventions without the use of digital tools. Each record was screened
independently by two reviewers at the stages of screening and eligibility. Conflicts at either
stage were resolved by a third reviewer, who adjudicated and issued the final decision.
As a result, the first outcomes were filtered to exclude articles that, based on the title and
abstract, were unrelated to the study’s goal. On this basis, 1531 of the retrieved items were
omitted. The subsequent screening round was applied on the remaining 881 articles and
excluded inaccessible items as well as articles that were irrelevant to the study scope based
on the entire text. The final number of suitable articles that were evaluated in depth for this
study was 453 (Figure 1).

Figure 1. The PRISMA workflow diagram of the research articles search.

2.3. Classification

The selected articles were categorised into three generic classes and several subclasses
based on relevant research [17,19–21,30–32]. Each article followed a consistent method-
ology for categorisation, involving two reviewers for assessment and a third reviewer to
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resolve any conflicts. The classification into agroecology tiers was based on the following
criteria. Articles focusing on digital tools aimed at increasing the efficiency of agricultural
operations at the field level (e.g., variable rate nitrogen application [33], decision support
system for pest monitoring [34]) were assigned to Tier One, “reduce inputs.” When digital
tools were referenced in conjunction with sustainable inputs (e.g., organic fertilisers [35],
or other sustainable practices like mechanical pruning [36]), the articles were classified
under Tier Two, “substitute with sustainable inputs.” Tier Three, “redesign agricultural
systems to incorporate biodiversity,” included articles addressing holistic management
approaches at the regional level (e.g., land suitability tools [37], risk assessment for heavy
metal pollution in soils [38]). Articles related to applications that enhance crop yield char-
acteristics to better meet consumer needs (e.g., plant phenotyping [39]), contribute to food
safety (e.g., yield prediction [40]), or improve traceability [41] were assigned to Tier Four,
“reconnect producers and consumers.” Tier Five, “create a just and equitable global food
system,” comprised articles focusing on regional-level food systems (e.g., [42,43]). The
final selection of studies was subjected to qualitative and statistical analysis to extract
key insights into existing digital tools for the crop sector (Table 2). One article can be
categorised into multiple keywords, resulting in percentages of each keyword contribution,
not summing up to 100%.

Table 2. Technical aspect keywords used in the literature review.

Classes Options

Crop-related characteristics and applications

Farming Type Arable Crops; Vegetable Crops; Orchard Crops; Vineyards

Farming System Type Conventional; Organic; Integrated Management

Operation Type Land Preparation; Irrigation; Fertilisation; Pest Control; Weeding; Harvest; Monitoring;
Marketing; Breeding

Characteristics and use of digital tools on crops

Application Type Guidance/Steering; Recording/Monitoring/Mapping; Reacting/VRA (Variable Rate
Application)/Control; Information/Knowledge Sharing

Platform Satellite; UAV (Uncrewed Aerial Vehicle); UGV (Uncrewed Ground Vehicle); Crewed
Ground Vehicles; Stationary; Wearable; Mobile Ground; Crewed Aerial Vehicles

Sensors

Hyperspectral; Multispectral; Thermal; RGB/RGB-D; LIDAR; Weather Station; Load Cell;
Sound Sensor; Flow Meter; Temperature Sensor; Weight Sensor; Soil Sensor; Stem Water
Potential Sensor; NIRS (Near- Infrared Spectroscopy; Smart Trap; Synthetic Aperture
Radar; GNSS; Soil Electrical Conductivity Sensor; Canopy Sensor; Fluorescence; Water
Quality Sensor; Ground-Penetrating Radar; Soil Cutting Resistance Sensor; Electronic Plate
Meter; Force Plate; pH Sensor

Software Software; FMIS (Farm Management Information System); DSS (Decision Support System);
Social Platform; Digital Marketplace

Contribution to transition to agroecology

Tier of Agroecology
Tier One: reduce inputs; Tier Two: substitute with sustainable inputs; Tier Three: redesign
agricultural systems to incorporate biodiversity; Tier Four: reconnect producers and
consumers; Tier Five: create a just and equitable global food system

2.4. Impact Categorisation

The collected records were assessed in terms of different impacts, and specifically envi-
ronmental, economic, and social impacts. The impacts were based on the work performed
by Wolters et al. [44] (Table 3).
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Table 3. Impacts used for the assessment of the selected research articles [28].

Impact Type Impact

Economic Impact

Productivity
Revenue, profit, farm income
Input costs
Shelf life of product
Product quality
Product wastage

Environmental Impact

Air protection
Soil protection
Water protection
Biodiversity protection
GHG emission

Social Impact

Labour time
Stress for farmer
Amount of heavy physical labour
Number and/or severity of personal injury accidents
Number and/or severity of accidents resulting in spills, property damage, incorrect
application of inputs, etc.
Human exposure to chemicals

An “Impact Scale” with a simple grading was used to analyse the impact of digital
tools for agroecology found in the research articles. This scale, ranging from “Large De-
crease” to “Large Increase,” was used to assess the impact of digital technologies on the
aforementioned economic, environmental, and social variables [28]. The aim of using this
scale was to classify the effect of each solution allowing, for a disciplined and uniform
way of measuring the possible advantages or drawbacks. The scale’s categorical nature
allowed for a clear delineation of impact, highlighting tools that might substantially im-
prove conditions or those that could possibly pose risks or challenges across the assessed
areas. Numerical values were assigned for each impact based on each category with the
aim of making the impact of digital tools, which present heterogeneous evidence, easily
comparable (Table 4). Each digital tool was accounted for once, regardless of its application
system. In case one publication introduced several tools, the impact scale was created for
the combined use of the digital tools. Two reviewers with relevant experience assigned
the numeric values to each record, where if there was a conflict, a third reviewer made the
final decision.

Table 4. Numeric values assigned per impact type [28].

Impact
Numeric Value

Large Decrease Small Decrease No Effect Small Increase Large Increase

Economic Impacts

Productivity −2 −1 0 +1 +2
Revenue, profit, farm
income −2 −1 0 +1 +2

Input costs +2 +1 0 −1 −2
Shelf life of product −2 −1 0 +1 +2
Product quality −2 −1 0 +1 +2
Product wastage +2 +1 0 −1 −2
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Table 4. Cont.

Impact
Numeric Value

Large Decrease Small Decrease No Effect Small Increase Large Increase

Environmental Impacts

Air protection −2 −1 0 1 +2
Soil protection −2 −1 0 1 +2
Water protection −2 −1 0 1 +2
Biodiversity protection −2 −1 0 +1 +2
GHG emission +2 +1 0 −1 −2

Social Impacts

Labour time +2 +1 0 −1 −2
Stress for farmer +2 +1 0 −1 −2
Amount of heavy physical
labour +2 +1 0 −1 −2

Number and/or severity of
personal injury accidents +2 +1 0 −1 −2

Number and/or severity of
accidents resulting in spills,
property damage, incorrect
application of inputs, etc.

+2 +1 0 −1 −2

Human exposure to
chemicals +2 +1 0 −1 −2

After evaluating the economic, environmental, and social impact, the overall score
for each category was calculated by summing the scores for each type of impact. A
similar technique was used to assess the combined economic and environmental impact,
as well as the overall impact, which considered economic, environmental, and social
impacts. This was conducted to provide a more holistic assessment, since economic,
environmental, and social dimensions are often interdependent and can influence one
another. However, the combinations of economic with social and environmental with
social were not considered, as these pairs do not provide the same level of complementary
insight. In these evaluations, weights were used to normalise the numbers to account
for the fact that the environmental effect category has one fewer type of impact than
the economic and social categories [28,45]. Specifically, the weights in the Table 5 were
assigned to ensure comparability across categories and to avoid over-representing any
single dimension when impacts were combined. For the economic, environmental, and
social categories, a weight of 1 was used, since each represents a distinct and independent
type of impact. In contrast, combined categories such as economic and environmental
and the overall impact (economic, environmental, and social) were given smaller weights
(0.5 and 0.33 for each impact, respectively) to normalise their scores. In this way, balanced
scores for the combined categories in relation to the single-dimension scores was ensured
(Table 5).

Table 5. Weights and categorisation rules per impact category [28].

Impact Type Weight for Each Impact Type
Numeric Values

Low Impact Medium Impact High Impact

Economic 1 <4 ≥4 and <8 ≥8
Environmental 1 <3 ≥3 and <7 ≥7
Social 1 <4 ≥4 and <8 ≥8
Economic and
Environmental * 0.5 <4 ≥4 and <8 ≥8

Overall ** 0.33 <4 ≥4 and <8 ≥8

* Each impact (economic and environmental) was assigned 0.5 to result in normalised values. ** Each impact
(economic, environmental, and social) was assigned 0.33 to result in normalised values.
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The distribution of the overall scores was used to provide a standardised and data-
driven way of defining thresholds to assign each record to low, medium, or high impact [28].
Specifically, values falling in the lower numeric values range were categorised as low
impact, mid-range values as medium impact, and upper numeric values as high impact
(Table 5).

2.5. Analysis

The statistical analysis included the number of research studies published annually. In
addition, frequency analysis was performed for the crop characteristics (type, operation,
and farming system), the digital tools (scope of use, sensors, and platforms), the agroecology
tier, and the impact assessment. The PRISMA checklist, the classification and analysis of
the selected research articles are presented in the Supplementary Materials [33–43,46–487].

3. Results
3.1. Annual Publications

Between 2012 and 2024, there was a significant and consistent increase in the number
of published research articles on digital tools for crop production that could support
the transition to agroecology. Starting with a negligible number of articles in 2012, the
research output shows a gradual rise until 2017, after which there is an exponential growth,
culminating in over 100 articles in 2024 (Figure 2).

Figure 2. Number of articles per year (the 2025 bar represents articles that were accepted in 2024,
published in 2025, and subsequently included in the database).

3.2. Crop-Related Characteristics and Applications of Digital Tools

The percentages of research articles that correspond to different agricultural man-
agement systems are presented in Figure 3. According to the analysis, the conventional
agricultural management overwhelmingly dominates the discourse, with digital tools being
applied in 99.3% of relevant articles. In contrast, “Integrated Management” and “Organic”
farming systems show significantly lower percentages, at 74.2% and 57.4%, respectively.
While “Integrated Management” still features digital tools in a substantial portion of its
research, the gap between this and “Conventional” is considerable. “Organic” agricul-
ture, which aligns most closely with agroecological principles, has the lowest mention of
digital tools.
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Figure 3. Percentage of relevant articles per system.

The percentage of research articles that use digital tools in crop production across
different crop categories is presented in Figure 4. The results indicate that “Arable Crops”
dominate the research landscape, accounting for 61.8% of the articles. In contrast, “Veg-
etable Crops” and “Orchard Crops” receive considerably less attention, representing 24.1%
and 22.3% of the articles, respectively. While still a notable portion, their combined share is
less than that of arable crops. Finally, “Vineyards” receive the lowest percentage, represent-
ing only 15.0% of the research articles.

Figure 4. Percentage of relevant articles per crop type.

Regarding the application of digital tools in crop production across various farming
operations, “Monitoring” overwhelmingly dominates the research landscape, accounting
for 83.4% of the articles. “Fertilisation” and “Harvest” are the next most researched areas, at
22.7% and 19.0%, respectively. “Irrigation” and “Pest Control” ranked fourth and fifth, also
receiving substantial attention in 18.5% and 12.8% of the articles, respectively. “Weeding,”
“Land Preparation,” “Breeding,” and “Marketing” have comparatively lower percentages
at 9.7%, 7.1%, 5.7%, and 1.1%, respectively (Figure 5).
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Figure 5. Percentage of relevant articles per operation type.

3.3. Characteristics and Use of Digital Tools on Crops

As presented in Figure 6, regarding the application type of digital tools on crops,
“Recording/Monitoring/Mapping” stands out as the predominant use, accounting for a
remarkable 85.7% of the research articles. “Reacting/VRA/control” is the second most
common use of digital tools in crops, but at a significantly lower percentage (14.8%).
This category involves using data gathered from monitoring devices to trigger specific
actions, such as automatically adjusting irrigation, applying fertilisers at variable rates,
or controlling machinery. Finally, “Information/Knowledge Sharing” at 6.6% and “Guid-
ance/Steering” at 4.6% were the least frequent application type categories.

Figure 6. Percentage of relevant articles per application type.

Figure 7 shows the percentage distribution of different sensor types used in the
selected research articles. According to the analysis, there is a diverse but uneven focus
across various sensing technologies. “Multispectral” and “RGB/RGB-D” sensors are
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clearly the most prominent, used in 33.6% and 28.3% of the selected research articles,
respectively. Following these, “Hyperspectral” sensors (9.1%) and “Soil Sensor” (9.7%)
also show significant usage. “Weather Station” (7.1%), “Canopy sensor” (6.6%), “LiDAR”
(5.1%) and Thermal” (4.2%), represent another tier of commonly used sensors. Many
other sensor types, such as “Soil Electrical Conductivity Sensor” (4.2%), “Fluorescence”
(1.1%), and “GNSS” (0.9%), are present but with much lower percentages, reflecting their
more specialised applications or their role as components within larger digital systems
rather than primary data collection tools for crop parameters (e.g., GNSS for location,
not direct crop sensing). A large number of sensor types, including “load cell,” “sound
sensor,” “flow meter,” “weight sensor,” “stem water potential sensor,” “NIRS,” “smart
trap,” “Synthetic Aperture Radar,” “water quality sensor,” “ground-penetrating radar,”
“soil cutting resistance sensor,” “electronic plate meter,” “force plate,” and “pH sensor”
were rarely mentioned (mostly under 2% and many under 1%).

Figure 7. Percentage of relevant articles per sensor type.

In Figure 8, the percentage of articles per platform type is presented. According to the
results, “UAV” ranked first as the most frequently researched platform, accounting for 37.7%
of the articles. “Stationary” platforms ranked second at 22.3%, “Mobile Ground” platforms
ranked third at 21.6%, and “Satellite” platforms ranked fourth at 19.6%. The remaining
platform types showed significantly lower percentages, specifically, “Crewed Ground
Vehicles” at 8.2%, “UGV” at 4.9%, “Crewed Aerial Vehicles” at 1.1%, and “Wearable”
devices at 0.7%.

Regarding the distribution of research articles per software type, “FMIS” (Farm Man-
agement Information Systems) was by far the most prominent system type in the screened
research, accounting for 57.6% of the articles, with “DSS” following as the second most com-
mon system type, representing 25.2% of the articles. On the contrary, “Social Platform” and
“Digital Marketplace” showed low percentages, at 1.1% and 0.9%, respectively (Figure 9).
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Figure 8. Percentage of relevant articles per platform type.

Figure 9. Percentage of relevant articles per software type.

3.4. Crop-Related Digital Tools and Contribution to Transition to Agroecology

As presented in Figure 10, regarding the distribution of research articles on digital tools
in crop production across the five different “tiers” of agroecological transformation, “Tier
One: reduce inputs” received the most research focus, accounting for 66.9% (303 from 453)
of the articles, followed by “Tier Three: redesign agricultural systems to incorporate
biodiversity” at 24.7% (112 from 453) and “Tier Two: substitute with sustainable inputs” at
12.4% (56 from 453) of the articles. “Tier Five: create a just and equitable global food system”
and “Tier Four: reconnect producers and consumers” exhibited very low percentages, at
6.4% (29 from 456) and 2.4% (11 from 453), respectively.
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Figure 10. Percentage of relevant articles per tier of agroecology.

3.5. Impact Assessment of Application of Digital Tools on Crops

According to the results of the impact assessment analysis, the use of digital tools
in crop production contributes to positive economic, environmental, and social impacts
(Figure 11). Specifically, from an economic perspective, the impact of digital tools in crop
production is positive. Digital tools can contribute to large increases in productivity and
farm income. Additionally, the digital tools found in the research articles contributed to
a decrease in input costs and product wastage. Furthermore, the use of digital tools was
associated with “Some” or a “Large Increase” in product quality (70%). Most digital tools
showed little to no impact on the product’s shelf life.

Figure 11. Distribution of perceived societal, environmental, and economic impact levels of digital
tools adoption in agriculture.

Regarding the environmental benefits of digital tools, the results indicated that the
use of digital tools in crop production can contribute to increased protection of biodiversity,
water, soil, and air. However, no contribution (“No Effect”) to environmental protection may
also be experienced by using digital tools, according to the results. Regarding greenhouse
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gas emissions, more than 70% of the applications of digital tools in crop production can
contribute to “Some” or a “Large Decrease.”

In the social dimension, digital tools can contribute to a reduction in the amount of
heavy physical labour, stress for farmers, accidents leading to spills or property damage,
and personal injury accidents. Most of the applications of digital tools led to “No Effect”
regarding human exposure to chemicals (more than 50%). Finally, most of the articles
indicated “Some” or a “Large Decrease” in labour time.

For the accumulated economic impact, the results indicated that digital tools can
mainly result in “High Impact” (46.1%). Digital tools exhibited “Medium Impact” and
“Low Impact” at 27.4% and 26.5% of the studies, respectively. With regard to environmental
impact, digital tools exhibited “High Impact,” “Medium Impact,” and “Low Impact” at
44.8%, 21.2%, and 34.0% of the research articles, respectively. Similar results were found
for the social impact with “High Impact” at 51.0%, “Medium Impact” at 13.7%, and “Low
Impact” at 35.3% of the research articles. Considering the “Economic and Environmental
Impacts,” the results presented “High Impact” at 44.8%, “Medium Impact” at 21.9%, and
“Low Impact” at 33.3% of the research articles. Finally, for “All Impacts,” the distribution
was at 43.3% for “High Impact,” 21.0% for “Medium Impact,” and 35.8% for “Low Impact”
regarding the use of digital tools in crop production (Figure 12).

Figure 12. Distribution of perceived impact levels (low, medium, high) of digital tools in crop
production across social, environmental, and economic dimensions.

4. Discussion
4.1. Number of Publications

The increase in research article publications on the use of crop-related digital tools for
agroecology, particularly from 2018 onwards, can be justified by several factors. One of
the reasons is the increasing urgency of sustainable agriculture due to climate change and
environmental degradation [488,489]. Also, the growing maturity and accessibility of digital
technologies (such as AI, IoT, and remote sensing) applicable to agriculture can justify this
trend [19,21]. Moreover, the scientific community is increasingly recognising the potential
of agroecology in ensuring food security and promoting ecological sustainability [490,491].

4.2. Crop Characteristics

The high percentage of studies on conventional farming systems indicates that the
vast majority of research on digital tools in crop production is still focused on optimising
and enhancing traditional, input-intensive farming practices. This can be justified by
the historical prevalence of conventional agriculture, by the existing infrastructure and
relatively small market for organic farming technologies, and the immediate economic
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incentives for maximising yields through technological means in established systems [492].
Regarding “Organic” and “Integrated Management,” the lower values suggest that the
integration of digital technologies into more sustainable and agroecological approaches is
still in its nascent stages [493]. The lower figures for Integrated and Organic management
could be justified by several factors. These include the inherent complexity of agroecological
systems, which may not be easily amenable to conventional digital optimisation [494], and
the debate within these movements towards open-source and simple solutions specifically
tailored for their unique requirements [26,495].

Regarding the results on crop types, the predominance of tools used in arable crops is
justified by the vast cultivated area dedicated to arable crops (e.g., cereals, oilseeds, and
pulses), their critical role in global food security, and the significant economic scale of their
production [496–500], which incentivises the adoption and research of digital technologies
for efficiency and yield optimisation [501]. Regarding the lower percentage in vegetables
and orchards, this can be justified by their generally smaller individual farm sizes, more
specialised cultivation practices, and sometimes exhibiting higher operation complexity
compared with large-scale arable farming, which might lead to different priorities for
digital tool development [502–504]. Similarly for the vineyards, the lower percentage
can be justified given that viticulture is a highly specialised and often regionalised agri-
cultural sector compared with the rest of the crops while requiring higher operational
complexity [505,506].

The high percentage of articles that address “Monitoring” operations is well justified
given that this operation is foundational to smart farming and enables data-driven decision-
making across almost all other farming operations. Digital tools like sensors, drones,
and satellite imagery are crucial for data collection on crop health, soil conditions, and
environmental factors. Processed data from these sensors can lead to timely and accurate
decisions for all operations [507–510]. The emphasis on “Fertilisation” reflects the economic
and environmental importance of optimising nutrient application, where digital tools
(e.g., variable rate spreaders, IoT sensors for nutrient analysis) can be used for optimising
application of nutrients based on crop needs due to better detection of crops (<5% error)
and can achieve savings of >8% depending on the nutrients compared with traditional
practices [511,512]. Accordingly, digital tools for “Harvest” are used to improve efficiency,
reduce losses, and optimise timing for quality and yield by achieving yield prediction of
>90% [513]. Similarly, “Pest Control” and “Irrigation” benefit significantly from digital
solutions for optimised pest management and water application due to the fact that they can
reduce chemical use and resource waste by >70% according to the pesticide type through
the use of prescription maps and >10% in irrigation water by coupling weather, soil, and
crop data to assess the specific needs [21,514]. Regarding the low percentages of “Weeding”
and “Land preparation,” these can be justified by the fact that these operations are of high
importance, mainly in arable crops. Digital tools can save >20% herbicides through spot
spraying due to high accuracy in weed detection (>90%), while >50% fuel savings and
>0.6 tonnes reduction of air pollution can be achieved due to trajectory optimisation and
path following through the use of autosteering and appropriate tillage depth compared
with traditional practices [501,515,516]. The low focus on “Breeding” can be justified by it
being a longer-term, more scientific process that is not as directly impacted by real-time
digital tools in the field [517]. The very low percentage for “Marketing” suggests that
research on digital tools in crop production predominantly focuses on the production
aspects within the farm gate, with less emphasis on post-harvest value chain and market
access strategies using digital technologies, while this aspect is of higher interest in urban
agriculture [518,519].
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The main focus on the “Recording/Monitoring/Mapping” application can be justi-
fied by the fact that digital tools are mainly used to monitor and map the agricultural
environment and provide the essential data layer for all other advanced digital farming
applications [507–510]. Accordingly, “Reacting/VRA/control,” while crucial for optimising
inputs and outputs, inherently relies on the preceding “Recording/Monitoring/Mapping”
phase, which justifies its lower percentage [20]. “Information/Knowledge Sharing,” while
important for knowledge transfer and community building, does not exhibit immediate
and measurable results [520]. Similarly, the low percentage of “Guidance” can be justified
by its niche application to specific machinery operations, compared with the broad utility
of monitoring, although it is vital for precision and efficiency in field operations [521,522].

4.3. Digital Tools

Our study showed that imaging sensors can provide a higher volume of information
compared with other sensors, and for this reason they were selected in the field studies, in
accordance with preceding studies. Specifically, multispectral imaging captures specific
light bands to assess crop health, nutrients, and stress, while thermal imaging measures
temperature variations to detect water stress and disease. Both are key in remote sensing
for large-area monitoring [523,524]. RGB/RGB-D cameras support visual inspection (e.g.,
weed, pest, crop), 3D mapping, and agricultural robotics [525,526]. Hyperspectral imaging
provides even richer spectral detail for advanced plant analysis, though it is less common
due to higher cost and data complexity [527,528]. Additionally, soil sensors are funda-
mental for precise irrigation and fertilisation, measuring parameters like moisture, pH,
and nutrient levels, directly impacting resource efficiency [529]. LiDAR provides highly
accurate 3D structural information of crops and fields, useful for canopy volume, plant
height, and terrain mapping that can be used for optimising application of nutrients and
plant protection products, pruning, and yield prediction [530]. Canopy sensors directly
measure plant properties, often relating to nitrogen status or biomass. These sensors sup-
port more specific or detailed analyses compared with broad-area remote sensing [531].
Regarding the low use of the rest of the sensors in crops, the results can be justified by
the fact that these sensors are used in specific agricultural applications. Also, they are
less frequently the primary focus of research articles on digital tools in crop production
compared with the more broadly applicable and widely adopted imaging and soil sensing
technologies. Finally, these sensors provide limited benefit in comparison with the other
sensor types [19,21].

The high percentage of “UAV” in the category platform is well justified by the unique
advantages of UAVs in agriculture, namely their ability to provide high-resolution, on-
demand imagery, flexibility in deployment, and capacity to cover significant areas quickly
and cost effectively for application and monitoring compared with ground-based methods.
They are particularly valuable for monitoring and mapping, which, as seen in a previous
analysis, is the dominant use of digital tools [532]. “Stationary platforms” includes fixed-
position sensors and actuators (e.g., soil sensors, solenoid valves) and weather stations.
Their significant presence is justified by the need for continuous, long-term, and precise
data collection at specific points within the field, providing a stable and reliable data source
for various agricultural parameters [533]. “Mobile Ground” platforms encompass a range
of handheld devices, mainly used for monitoring and mapping. Their importance lies in
their ability to perform close-range sensing, detailed sampling, and precise application
of inputs, complementing aerial data with ground-truth information [531]. “Satellites”
offer broad-area coverage and frequent revisit times, but their resolution can be lower
than UAVs, and cloud cover can be an issue when using optical data. Also, satellites are
used for enabling accurate positioning, and consequently, allowing accurate navigation
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and application of crop robots. However, their ability to cover vast regions makes them
economically crucial for large-scale monitoring and regional analysis, justifying their
substantial, though not leading, share [534]. “Crewed Ground Vehicles” and “Crewed
Aerial Vehicles” represent traditional human-driven machinery and aircraft, which are less
the focus of novel digital tool research compared with autonomous or remote systems,
justifying their lower percentages due to safety and less work effort for the operators [19,21].
The “UGV” category, while promising for precision tasks and reducing labour, are still in
earlier stages of adoption and research compared with UAVs, explaining their modest share
due to regulations and higher manufacturing costs [535]. “Wearable” devices, while useful,
are currently less central to the automated data collection and application processes that
dominate digital agriculture research. Hence, they exhibited limited use in crop-related
studies, although they are widely used in the livestock sector [536,537].

Regarding the results on software types, the high percentage of “FMIS” is highly
justified because the systems are comprehensive software platforms designed to integrate
and manage various aspects of farm operations, from planning and record-keeping to
resource management and financial analysis. They serve as the central hub for data collected
by sensors and other digital tools, enabling holistic decision-making and operational
efficiency. The strong emphasis on FMIS aligns with the previous findings that “monitoring”
is the dominant use of digital tools, as FMISs are crucial for processing and utilising these
monitored data [538–540]. DSS are specialised computer programs that analyse data to
provide recommendations or assist farmers in making informed decisions regarding, for
example, optimal fertilisation, irrigation scheduling, or pest control. Their substantial
presence is logical, as they represent the analytical and actionable layer built upon the data
foundation provided by FMIS and monitoring tools [541]. In contrast, “Social Platform” and
“Digital Marketplace” percentages indicate that research has very little focus on platforms
designed for farmer-to-farmer interaction, knowledge exchange, or direct buying and
selling of agricultural products. This could be justified by the fact that the core of precision
agriculture research is typically centred on in-field production efficiency and optimisation,
rather than on social aspects or broader supply chain and market dynamics where the
farmers are utilising traditional platforms [542–545].

4.4. Transition to Agroecology

The application of digital tools in agriculture presented the strongest focus on “Tier
One: input reduction,” where digital tools optimise fertilisers, pesticides, water, and energy
use to cut waste and environmental impact while maintaining yields, aligning with preci-
sion agriculture goals [546]. Accordingly, digital tools that address “Tier Two: substitution
with sustainable inputs” received less focus, because most tools are designed to improve
the efficiency of existing inputs rather than replacing them, although in some cases they
can be used for the application of sustainable crop inputs (e.g., organic fertilisers and pesti-
cides) [547]. Similarly, digital tools for “Tier Three: incorporation of biodiversity through
agricultural system redesign” received less focus due to the need for more complicated
systems [548]. “Tier Four: reconnection of producers and consumers” and “Tier Five:
creation of a just and equitable global food system” received minimal research, as current
digital agriculture efforts remain centred on on-farm production [542–545]. The results can
be justified by the fact that Tiers Four and Five aim at value chains as well as complicated
food systems. These involve interconnected activities and actors that make it challenging
to develop and assess solutions [549]. Moreover, incremental changes like the ones that
correspond to Tiers One, Two, and Three are more preferable due to lower risk, shorter
adoption and adaptation periods, and a lower number of conflicts compared with the
radical changes that correspond to Tiers Four and Five [550]. Also, different barriers have
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been identified for the adoption of informatics technologies in agri-food chains that are
relevant to production processing and commercialisation and include data privacy and
security, high costs to connectivity, training, interoperability, data standards, scalability,
governance, technological and infrastructure gaps, technological readiness, farm size, time
consumption, and age [551]. Thus, appropriate policies and practices should be imple-
mented to address these barriers and enable the development of radical digital tools that
address Tier Four and Tier Five.

4.5. Impact Assessment

Regarding the results on the impacts, these are in alignment with other studies that
found that there are economic, environmental, and societal benefits to the use of digital
tools in agriculture. Digital tools are expected to reduce product wastage, improve prod-
uct quality and shelf life, cut input costs, and boost revenue, profit, farm income, and
productivity. These gains derive from better timing, resource optimisation, and targeted ap-
plication of inputs indicating that the adoption of digital tools can provide direct economic
benefits [547,552–554]. Accordingly, environmental impacts were also beneficial. Digital
tools contribute to decreased GHG emissions by optimising fuel and fertiliser use. Many
studies referred to increases in biodiversity, water, and air protection, with some seeing
no effect. Soil protection trends are positive, reflecting benefits from the use of digital
tools [555–557]. Moreover, the social impacts of digital tools in agriculture were also in
alignment with the rest of the results from the other impacts. Digital tools can contribute
to reduced human exposure to chemicals through precision operations (e.g., spraying,
fertilisation) and automation, and they also tend to slightly lower the number and severity
of accidents and personal injuries. The amount of heavy physical labour is widely expected
to decrease due to the use of robots and other automated systems, although they may add
pressures from data management, complexity, and financial costs [21,558–560].

Digital tool use in agriculture is generally seen as positive by the reviewers of the
database across economic, environmental, and social dimensions, with the strongest con-
sensus around significant economic benefits such as increased productivity, revenue, and
reduced input costs, and very few studies rating the impact as low. However, concerns
have been raised that productivity gains might not cover the capital costs of investments,
for instance in site-specific management [561]. Environmental impacts are also widely seen
as beneficial, though the scale of these benefits is slightly lower than for economic gains.
Social impacts, despite mixed assessments, also received a high proportion of high-impact
ratings, likely reflecting a broader recognition that digital tools can substantially reshape
labour needs. Combined assessments showed that economic and environmental impacts
together are rated as high in 44.7%, medium in 21.9%, and low in 33.3% of the research
articles, while all impacts combined (economic, environmental, and social) receive high,
medium, and low ratings in 43.2%, 21.1%, and 35.7% of the cases, respectively. The slight
drop in high-impact ratings when all dimensions are considered suggests that lower-impact
perceptions in certain social aspects diluted the strong economic and environmental scores.
This is justified by the limited focus of the research on digital tools in the social impact
category [518,519].

4.6. Future Directions

The findings highlight a significant opportunity and need for increased research and
development into digital tools that genuinely support and enable the transition towards
more sustainable and agroecological farming systems, rather than predominantly reinforc-
ing conventional methods. Specifically, the identified digital tools prioritise crop yield
and input optimisation rather than contributing to radical agroecological transformation.
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Thus, there is a need to support whole-system transformation and social innovation such as
polyculture, agribusiness diversification strategies, and community-based networks [561].
Additionally, the wide use of FMIS and DSS platforms reflects that there is a focus on
farm-level decision-making. However, agroecology emphasises the co-creation of knowl-
edge, participatory learning, and stronger relations across value chains, and for this reason,
these should be further investigated [562]. For example, the integration of blockchain tech-
nologies can promote environmental sustainability and efficient resource contribution and
enhance trust and traceability while optimising inventory and distribution [563], and thus,
it should be further developed. Similarly, different types of sensors should be developed
to provide a richer picture of agroecosystem functions (e.g., pollinator activity through
insect traps with camera sensors, multi-sensor integrated approaches for soil nutrient
cycles monitoring) [564–566] along with robotics and automation platforms that are better
adapted to agroecological environments and handle multicultural systems [132]. From the
abovementioned discussion, it is clear that a better coupling between digitalisation and
agroecology at socio-technical levels through participatory design is needed to empower
all actors across value chains under the principles of agroecology [24,562,567]. Also, the
socio-cultural drivers and barriers that affect the adoption level of digital tools that can be
utilised as enablers of agroecology should be further investigated at regional, cultural, and
traditional levels [568,569], along with the suggested technologies referred to above.

5. Study Limitations
The present literature review, while providing valuable insights into the intersection

of digital tools and agroecology in crop production, is subject to several limitations that
warrant consideration. Firstly, the query structure employed, relying on specific keywords,
inherently narrowed the scope of included articles. This approach, while necessary for focus,
may have inadvertently excluded relevant studies that utilised alternative terminologies,
focused on related but not directly matched concepts, or were published in disciplines less
accustomed to the precise phrasing used in the search string, particularly at the nuanced
interface of “digital tools” and “agroecology.” Secondly, the review’s reliance on a defined
number of years (2012 to 2024 as seen in the initial analysis) means that foundational
research published prior to this period, or very recent, cutting-edge developments that have
not yet been indexed or widely disseminated, may have been omitted. Thirdly, the exclusive
use of one database for article retrieval introduces a potential bias, as different academic
databases index varying sets of journals across diverse disciplines and geographical regions.
This singular source might not fully capture the global breadth and depth of research,
leading to an incomplete representation of the existing literature [570]. Additionally, the
broad focus of this survey did not allow narrowing of the focus to the most significant
cases where digital tools have the most impact [571]. Finally, the inherent subjectivity
in interpreting and categorising information from diverse research articles and impact
assessments, coupled with the rapidly evolving nature of digital agriculture, means that
the findings represent a snapshot in time and may not fully capture the dynamic landscape
of this interdisciplinary field [572].

6. Conclusions
As it was presented above, crop-related digital tools are more focused on input re-

duction, which corresponds to the first tier of agroecology. This indicates that current
developments remain primarily efficiency-oriented and do not fully integrate systemic
agroecological approaches that can be radical and transformative across value chains and
regions. Accordingly, the impact assessment revealed that although the digital tools can
contribute positively to economic, environmental, and social dimensions, the majority of
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studies focused on economic outcomes, with limited evaluation of environmental and
social impacts.

Thus, future research on the digitalisation of crop production should place greater
emphasis on assessing and enhancing the environmental and social contributions of digital
tools, integrating appropriate agroecological frameworks into their development. Efforts
should also explore the potential of underutilised technologies, such as ground-based
robots, wearable sensors, and diversified environmental monitoring systems, across a
wider range of production stages, including breeding, land preparation, and post-harvest
marketing. More databases (e.g., IEEE, Scopus, Google Scholar) should be included in
future studies to better map the relevant technologies. Finally, digital tools should be
co-designed with farmers and other stakeholders to identify potential socio-cultural drivers
and barriers that may differ and to consequently ensure social acceptability, foster partici-
patory knowledge exchange, and support transitions toward higher tiers of agroecology.
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Sensors and Machine Learning. Sensors 2021, 21, 4846. [CrossRef]

378. Zhang, Y.; Guo, L.; Chen, Y.; Shi, T.; Luo, M.; Ju, Q.; Zhang, H.; Wang, S. Prediction of Soil Organic Carbon Based on Landsat 8
Monthly NDVI Data for the Jianghan Plain in Hubei Province, China. Remote Sens. 2019, 11, 1683. [CrossRef]

379. Marcu, I.; Drăgulinescu, A.-M.; Oprea, C.; Suciu, G.; Bălăceanu, C. Predictive Analysis and Wine-Grapes Disease Risk Assessment
Based on Atmospheric Parameters and Precision Agriculture Platform. Sustainability 2022, 14, 11487. [CrossRef]

380. Rosso, P.; Nendel, C.; Gilardi, N.; Udroiu, C.; Chlebowski, F. Processing of Remote Sensing Information to Retrieve Leaf Area
Index in Barley: A Comparison of Methods. Precis. Agric. 2022, 23, 1449–1472. [CrossRef]

381. Valero, S.; Morin, D.; Inglada, J.; Sepulcre, G.; Arias, M.; Hagolle, O.; Dedieu, G.; Bontemps, S.; Defourny, P.; Koetz, B. Production
of a Dynamic Cropland Mask by Processing Remote Sensing Image Series at High Temporal and Spatial Resolutions. Remote Sens.
2016, 8, 55. [CrossRef]

382. Filgueiras, R.; Mantovani, E.C.; Althoff, D.; Dias, S.H.B.; Cunha, F.F.D.; Venancio, L.P. Productivity and Water Demand of Maize
Estimated by the Modified Satellite Priestley-Taylor Algorithm. Semina Ciênc. Agrár. 2019, 40, 2991. [CrossRef]

383. Bhadra, S.; Sagan, V.; Sarkar, S.; Braud, M.; Mockler, T.C.; Eveland, A.L. PROSAIL-Net: A Transfer Learning-Based Dual Stream
Neural Network to Estimate Leaf Chlorophyll and Leaf Angle of Crops from UAV Hyperspectral Images. ISPRS J. Photogramm.
Remote Sens. 2024, 210, 1–24. [CrossRef]

384. Jiménez-Brenes, F.M.; López-Granados, F.; De Castro, A.I.; Torres-Sánchez, J.; Serrano, N.; Peña, J.M. Quantifying Pruning Impacts
on Olive Tree Architecture and Annual Canopy Growth by Using UAV-Based 3D Modelling. Plant Methods 2017, 13, 55. [CrossRef]

385. Boonupara, T.; Udomkun, P.; Kajitvichyanukul, P. Quantitative Analysis of Atrazine Impact on UAV-Derived Multispectral
Indices and Correlated Plant Pigment Alterations: A Heatmap Approach. Agronomy 2024, 14, 814. [CrossRef]

386. Zhang, J.; Zhao, B.; Yang, C.; Shi, Y.; Liao, Q.; Zhou, G.; Wang, C.; Xie, T.; Jiang, Z.; Zhang, D.; et al. Rapeseed Stand Count
Estimation at Leaf Development Stages With UAV Imagery and Convolutional Neural Networks. Front. Plant Sci. 2020, 11, 617.
[CrossRef] [PubMed]

387. Tonnang, H.E.Z.; Balemi, T.; Masuki, K.F.; Mohammed, I.; Adewopo, J.; Adnan, A.A.; Mudereri, B.T.; Vanlauwe, B.; Craufurd,
P. Rapid Acquisition, Management, and Analysis of Spatial Maize (Zea mays L.) Phenological Data—Towards ‘Big Data’ for
Agronomy Transformation in Africa. Agronomy 2020, 10, 1363. [CrossRef]

388. Han, N.; Zhang, B.; Liu, Y.; Peng, Z.; Zhou, Q.; Wei, Z. Rapid Diagnosis of Nitrogen Nutrition Status in Summer Maize over Its
Life Cycle by a Multi-Index Synergy Model Using Ground Hyperspectral and UAV Multispectral Sensor Data. Atmosphere 2022,
13, 122. [CrossRef]

389. Li, N.; Zhang, X.; Zhang, C.; Guo, H.; Sun, Z.; Wu, X. Real-Time Crop Recognition in Transplanted Fields With Prominent Weed
Growth: A Visual-Attention-Based Approach. IEEE Access 2019, 7, 185310–185321. [CrossRef]

390. Zong, Z.; Liu, G.; Zhao, S. Real-Time Localization Approach for Maize Cores at Seedling Stage Based on Machine Vision. Agronomy
2020, 10, 470. [CrossRef]

391. He, J.; Jia, Y.; Li, Y.; Biswas, A.; Feng, H.; Yu, Q.; Wu, S.; Yang, G.; Siddique, H.H.M. Regional-Scale Precision Mapping of Cotton
Suitability Using UAV and Satellite Data in Arid Environments. Agric. Water Manag. 2025, 307, 109215. [CrossRef]

https://doi.org/10.1016/j.atech.2023.100231
https://doi.org/10.3390/su16135748
https://doi.org/10.3389/frai.2020.00028
https://doi.org/10.3389/fpls.2024.1302435
https://doi.org/10.3390/rs13224632
https://doi.org/10.3390/rs13214476
https://doi.org/10.3389/fpls.2020.603921
https://www.ncbi.nlm.nih.gov/pubmed/33597959
https://doi.org/10.3390/app13148531
https://doi.org/10.3390/s21144846
https://doi.org/10.3390/rs11141683
https://doi.org/10.3390/su141811487
https://doi.org/10.1007/s11119-022-09893-4
https://doi.org/10.3390/rs8010055
https://doi.org/10.5433/1679-0359.2019v40n6Supl2p2991
https://doi.org/10.1016/j.isprsjprs.2024.02.020
https://doi.org/10.1186/s13007-017-0205-3
https://doi.org/10.3390/agronomy14040814
https://doi.org/10.3389/fpls.2020.00617
https://www.ncbi.nlm.nih.gov/pubmed/32587594
https://doi.org/10.3390/agronomy10091363
https://doi.org/10.3390/atmos13010122
https://doi.org/10.1109/ACCESS.2019.2942158
https://doi.org/10.3390/agronomy10040470
https://doi.org/10.1016/j.agwat.2024.109215


Agronomy 2025, 15, 2600 37 of 44

392. Caruso, G.; Palai, G.; Gucci, R.; Priori, S. Remote and Proximal Sensing Techniques for Site-Specific Irrigation Management in the
Olive Orchard. Appl. Sci. 2022, 12, 1309. [CrossRef]

393. Na, I.S.; Lee, S.; Alamri, A.M.; AlQahtani, S.A. Remote Sensing and AI-Based Monitoring of Legume Crop Health and Growth.
LEGUME Res.—Int. J. 2024, 47, 1179–1184. [CrossRef]

394. Solgi, S.; Ahmadi, S.H.; Seidel, S.J. Remote Sensing of Canopy Water Status of the Irrigated Winter Wheat Fields and the Paired
Anomaly Analyses on the Spectral Vegetation Indices and Grain Yields. Agric. Water Manag. 2023, 280, 108226. [CrossRef]

395. Shao, H.; Tang, R.; Lei, Y.; Mu, J.; Guan, Y.; Xiang, Y. Rice Ear Counting Based on Image Segmentation and Establishment of a
Dataset. Plants 2021, 10, 1625. [CrossRef]

396. Jiang, X.; Fang, S.; Huang, X.; Liu, Y.; Guo, L. Rice Mapping and Growth Monitoring Based on Time Series GF-6 Images and
Red-Edge Bands. Remote Sens. 2021, 13, 579. [CrossRef]

397. Tseng, H.-H.; Yang, M.-D.; Saminathan, R.; Hsu, Y.-C.; Yang, C.-Y.; Wu, D.-H. Rice Seedling Detection in UAV Images Using
Transfer Learning and Machine Learning. Remote Sens. 2022, 14, 2837. [CrossRef]

398. Utstumo, T.; Urdal, F.; Brevik, A.; Dørum, J.; Netland, J.; Overskeid, Ø.; Berge, T.W.; Gravdahl, J.T. Robotic In-Row Weed Control
in Vegetables. Comput. Electron. Agric. 2018, 154, 36–45. [CrossRef]

399. Rodriguez-Gallo, Y.; Escobar-Benitez, B.; Rodriguez-Lainez, J. Robust Coffee Rust Detection Using UAV-Based Aerial RGB
Imagery. AgriEngineering 2023, 5, 1415–1431. [CrossRef]

400. Bai, X.; Gu, S.; Liu, P.; Yang, A.; Cai, Z.; Wang, J.; Yao, J. RPNet: Rice Plant Counting after Tillering Stage Based on Plant Attention
and Multiple Supervision Network. Crop J. 2023, 11, 1586–1594. [CrossRef]

401. Tarariko, O.; Ilienko, T.; Kuchma, T.; Novakovska, I. Satellite Agroecological Monitoring within the System of Sustainable
Environmental Management. Agric. Sci. Pract. 2019, 6, 18–27. [CrossRef]

402. Gabbrielli, M.; Corti, M.; Perfetto, M.; Fassa, V.; Bechini, L. Satellite-Based Frost Damage Detection in Support of Winter Cover
Crops Management: A Case Study on White Mustard. Agronomy 2022, 12, 2025. [CrossRef]

403. Sabzi, S.; Abbaspour-Gilandeh, Y.; García-Mateos, G.; Ruiz-Canales, A.; Molina-Martínez, J.M. Segmentation of Apples in Aerial
Images under Sixteen Different Lighting Conditions Using Color and Texture for Optimal Irrigation. Water 2018, 10, 1634.
[CrossRef]

404. Pérez-Ortiz, M.; Peña, J.M.; Gutiérrez, P.A.; Torres-Sánchez, J.; Hervás-Martínez, C.; López-Granados, F. Selecting Patterns and
Features for Between- and within- Crop-Row Weed Mapping Using UAV-Imagery. Expert Syst. Appl. 2016, 47, 85–94. [CrossRef]

405. Rovira-Más, F.; Saiz-Rubio, V.; Cuenca-Cuenca, A. Sensing Architecture for Terrestrial Crop Monitoring: Harvesting Data as an
Asset. Sensors 2021, 21, 3114. [CrossRef]

406. Prey, L.; Schmidhalter, U. Sensitivity of Vegetation Indices for Estimating Vegetative N Status in Winter Wheat. Sensors 2019, 19,
3712. [CrossRef] [PubMed]

407. Sachin, K.S.; Dass, A.; Dhar, S.; Rajanna, G.A.; Singh, T.; Sudhishri, S.; Sannagoudar, M.S.; Choudhary, A.K.; Kushwaha, H.L.;
Praveen, B.R.; et al. Sensor-Based Precision Nutrient and Irrigation Management Enhances the Physiological Performance, Water
Productivity, and Yield of Soybean under System of Crop Intensification. Front. Plant Sci. 2023, 14, 1282217. [CrossRef] [PubMed]

408. Vizzari, M.; Santaga, F.; Benincasa, P. Sentinel 2-Based Nitrogen VRT Fertilization in Wheat: Comparison between Traditional and
Simple Precision Practices. Agronomy 2019, 9, 278. [CrossRef]

409. Santaga, F.S.; Benincasa, P.; Toscano, P.; Antognelli, S.; Ranieri, E.; Vizzari, M. Simplified and Advanced Sentinel-2-Based Precision
Nitrogen Management of Wheat. Agronomy 2021, 11, 1156. [CrossRef]

410. Lee, C.-J.; Yang, M.-D.; Tseng, H.-H.; Hsu, Y.-C.; Sung, Y.; Chen, W.-L. Single-Plant Broccoli Growth Monitoring Using Deep
Learning with UAV Imagery. Comput. Electron. Agric. 2023, 207, 107739. [CrossRef]

411. Argento, F.; Anken, T.; Abt, F.; Vogelsanger, E.; Walter, A.; Liebisch, F. Site-Specific Nitrogen Management in Winter Wheat
Supported by Low-Altitude Remote Sensing and Soil Data. Precis. Agric. 2021, 22, 364–386. [CrossRef]

412. Ali, T.; Rehman, S.U.; Ali, S.; Mahmood, K.; Obregon, S.A.; Iglesias, R.C.; Khurshaid, T.; Ashraf, I. Smart Agriculture: Utilizing
Machine Learning and Deep Learning for Drought Stress Identification in Crops. Sci. Rep. 2024, 14, 30062. [CrossRef]

413. Ghanimi, H.M.A.; R, S.; Jeyaraj, J.P.G.; K, S.; Rangasamy, R.; Sengan, S. Smart Fertilizing Using IoT Multi-Sensor and Variable
Rate Sprayer Integrated UAV. Scalable Comput. Pract. Exp. 2024, 25, 3766–3777. [CrossRef]

414. Esmail Karar, M.; Abdel-Aty, A.-H.; Algarni, F.; Fadzil Hassan, M.; Abdou, M.A.; Reyad, O. Smart IoT-Based System for Detecting
RPW Larvae in Date Palms Using Mixed Depthwise Convolutional Networks. Alex. Eng. J. 2022, 61, 5309–5319. [CrossRef]

415. Cruz, M.; Mafra, S.; Teixeira, E.; Figueiredo, F. Smart Strawberry Farming Using Edge Computing and IoT. Sensors 2022, 22, 5866.
[CrossRef]

416. Asiimwe, G.; Jaafar, H.; Haidar, M.; Mourad, R. Soil Moisture or ET-Based Smart Irrigation Scheduling: A Comparison for Sweet
Corn with Sap Flow Measurements. J. Irrig. Drain. Eng. 2022, 148, 04022017. [CrossRef]

417. Schirrmann, M.; Gebbers, R.; Kramer, E.; Seidel, J. Soil pH Mapping with an On-The-Go Sensor. Sensors 2011, 11, 573–598.
[CrossRef] [PubMed]

https://doi.org/10.3390/app12031309
https://doi.org/10.18805/LRF-795
https://doi.org/10.1016/j.agwat.2023.108226
https://doi.org/10.3390/plants10081625
https://doi.org/10.3390/rs13040579
https://doi.org/10.3390/rs14122837
https://doi.org/10.1016/j.compag.2018.08.043
https://doi.org/10.3390/agriengineering5030088
https://doi.org/10.1016/j.cj.2023.04.005
https://doi.org/10.15407/agrisp6.01.018
https://doi.org/10.3390/agronomy12092025
https://doi.org/10.3390/w10111634
https://doi.org/10.1016/j.eswa.2015.10.043
https://doi.org/10.3390/s21093114
https://doi.org/10.3390/s19173712
https://www.ncbi.nlm.nih.gov/pubmed/31461857
https://doi.org/10.3389/fpls.2023.1282217
https://www.ncbi.nlm.nih.gov/pubmed/38192691
https://doi.org/10.3390/agronomy9060278
https://doi.org/10.3390/agronomy11061156
https://doi.org/10.1016/j.compag.2023.107739
https://doi.org/10.1007/s11119-020-09733-3
https://doi.org/10.1038/s41598-024-74127-8
https://doi.org/10.12694/scpe.v25i5.3132
https://doi.org/10.1016/j.aej.2021.10.050
https://doi.org/10.3390/s22155866
https://doi.org/10.1061/(ASCE)IR.1943-4774.0001668
https://doi.org/10.3390/s110100573
https://www.ncbi.nlm.nih.gov/pubmed/22346591


Agronomy 2025, 15, 2600 38 of 44

418. Sarkar, S.; Sagan, V.; Bhadra, S.; Rhodes, K.; Pokharel, M.; Fritschi, F.B. Soybean Seed Composition Prediction from Standing Crops
Using PlanetScope Satellite Imagery and Machine Learning. ISPRS J. Photogramm. Remote Sens. 2023, 204, 257–274. [CrossRef]

419. Kerry, R.; Ingram, B.; Hammond, K.; Shumate, S.R.; Gunther, D.; Jensen, R.R.; Schill, S.; Hansen, N.C.; Hopkins, B.G. Spatial
Analysis of Soil Moisture and Turfgrass Health to Determine Zones for Spatially Variable Irrigation Management. Agronomy 2023,
13, 1267. [CrossRef]

420. Gargiulo, J.; Clark, C.; Lyons, N.; De Veyrac, G.; Beale, P.; Garcia, S. Spatial and Temporal Pasture Biomass Estimation Integrating
Electronic Plate Meter, Planet CubeSats and Sentinel-2 Satellite Data. Remote Sens. 2020, 12, 3222. [CrossRef]

421. Cordero, E.; Longchamps, L.; Khosla, R.; Sacco, D. Spatial Management Strategies for Nitrogen in Maize Production Based on Soil
and Crop Data. Sci. Total Environ. 2019, 697, 133854. [CrossRef]

422. Stumpf, F.; Schneider, M.K.; Keller, A.; Mayr, A.; Rentschler, T.; Meuli, R.G.; Schaepman, M.; Liebisch, F. Spatial Monitoring of
Grassland Management Using Multi-Temporal Satellite Imagery. Ecol. Indic. 2020, 113, 106201. [CrossRef]

423. Mousavi, S.R.; Jahandideh Mahjenabadi, V.A.; Khoshru, B.; Rezaei, M. Spatial Prediction of Winter Wheat Yield Gap: Agro-
Climatic Model and Machine Learning Approaches. Front. Plant Sci. 2024, 14, 1309171. [CrossRef]

424. Borra-Serrano, I.; Peña, J.; Torres-Sánchez, J.; Mesas-Carrascosa, F.; López-Granados, F. Spatial Quality Evaluation of Resampled
Unmanned Aerial Vehicle-Imagery for Weed Mapping. Sensors 2015, 15, 19688–19708. [CrossRef]

425. Lourenço, V.R.; Montenegro, A.A.D.A.; Carvalho, A.A.D.; Sousa, L.D.B.D.; Almeida, T.A.B.; Almeida, T.F.S.D.; Vilar, B.P. Spatial
Variability of Biophysical Multispectral Indexes under Heterogeneity and Anisotropy for Precision Monitoring. Rev. Bras. Eng.
Agríc. E Ambient. 2023, 27, 848–857. [CrossRef]

426. Jiang, S.; Wu, J.; Wang, Z.; He, Z.; Wang, M.; Yao, W.; Feng, Y. Spatiotemporal Variations of Cropland Carbon Sequestration and
Water Loss across China. Agric. Water Manag. 2023, 287, 108427. [CrossRef]

427. Heinemann, P.; Schmidhalter, U. Spectral Assessments of N-Related Maize Traits: Evaluating and Defining Agronomic Relevant
Detection Limits. Field Crops Res. 2022, 289, 108710. [CrossRef]

428. Bazame, H.C.; Pinto, F.A.C.; Queiroz, D.S.; Queiroz, D.M.D.; Althoff, D. Spectral Sensors Prove Beneficial in Determining Nitrogen
Fertilizer Needs of Urochloa Brizantha Cv. Xaraés Grass in Brazil. Trop. Grassl.-Forrajes Trop. 2020, 8, 60–71. [CrossRef]

429. Chen, H.; Qiu, Y.; Yin, D.; Chen, J.; Chen, X.; Liu, S.; Liu, L. Stacked Spectral Feature Space Patch: An Advanced Spectral
Representation for Precise Crop Classification Based on Convolutional Neural Network. Crop J. 2022, 10, 1460–1469. [CrossRef]

430. Lombardi, F.; Lualdi, M. Step-Frequency Ground Penetrating Radar for Agricultural Soil Morphology Characterisation. Remote
Sens. 2019, 11, 1075. [CrossRef]

431. Mattupalli, C.; Moffet, C.A.; Shah, K.N.; Young, C.A. Supervised Classification of RGB Aerial Imagery to Evaluate the Impact of a
Root Rot Disease. Remote Sens. 2018, 10, 917. [CrossRef]

432. Al-Naeem, M.; Hafizur Rahman, M.M.; Banerjee, A.; Sufian, A. Support Vector Machine-Based Energy Efficient Management of
UAV Locations for Aerial Monitoring of Crops over Large Agriculture Lands. Sustainability 2023, 15, 6421. [CrossRef]

433. Kim, D.-W.; Min, T.-S.; Kim, Y.; Silva, R.R.; Hyun, H.-N.; Kim, J.-S.; Kim, K.-H.; Kim, H.-J.; Chung, Y.S. Sustainable Agriculture by
Increasing Nitrogen Fertilizer Efficiency Using Low-Resolution Camera Mounted on Unmanned Aerial Vehicles. Int. J. Environ.
Res. Public Health 2019, 16, 3893. [CrossRef] [PubMed]

434. Sulaiman, A.; Anand, V.; Gupta, S.; Alshahrani, H.; Reshan, M.S.A.; Rajab, A.; Shaikh, A.; Azar, A.T. Sustainable Apple Disease
Management Using an Intelligent Fine-Tuned Transfer Learning-Based Model. Sustainability 2023, 15, 13228. [CrossRef]

435. Abuova, A.B.; Tulkubayeva, S.A.; Tulayev, Y.V.; Somova, S.V.; Kizatova, M.Z. Sustainable Development of Crop Production with
Elements of Precision Agriculture in Northern Kazakhstan. Entrep. Sustain. Issues 2020, 7, 3200–3214. [CrossRef]

436. Qadir, A.; Mondal, P. Synergistic Use of Radar and Optical Satellite Data for Improved Monsoon Cropland Mapping in India.
Remote Sens. 2020, 12, 522. [CrossRef]

437. Wu, C.; Tang, X.; Xu, X. System Design, Analysis, and Control of an Intelligent Vehicle for Transportation in Greenhouse.
Agriculture 2023, 13, 1020. [CrossRef]

438. Khan, R.; Ali, I.; Zakarya, M.; Ahmad, M.; Imran, M.; Shoaib, M. Technology-Assisted Decision Support System for Efficient Water
Utilization: A Real-Time Testbed for Irrigation Using Wireless Sensor Networks. IEEE Access 2018, 6, 25686–25697. [CrossRef]

439. Lyle, G.; Lewis, M.; Ostendorf, B. Testing the Temporal Ability of Landsat Imagery and Precision Agriculture Technology to
Provide High Resolution Historical Estimates of Wheat Yield at the Farm Scale. Remote Sens. 2013, 5, 1549–1567. [CrossRef]

440. Lucena, F.; Breunig, F.M.; Kux, H. The Combined Use of UAV-Based RGB and DEM Images for the Detection and Delineation
of Orange Tree Crowns with Mask R-CNN: An Approach of Labeling and Unified Framework. Future Internet 2022, 14, 275.
[CrossRef]
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