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1  Introduction
1.1  Evolution of agriculture: from agriculture 1.0 to agriculture 4.0

Throughout human history, agriculture has remained a fundamental aspect of existence, 
evolving significantly in how food is produced. This evolution is delineated into distinct 
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Abstract
Higher production costs, declining profitability, labor shortages, increasing wages, 
environmental degradation, and freshwater scarcity are major issues in agriculture. 
Agriculture 4.0, a data-driven transformation, addresses these issues through 
modern technologies like Internet of Things (IoT), artificial intelligence (AI), big data 
analytics, unmanned aerial vehicles (UAVs), and agricultural robots. It automates 
farm operations, enhances crop yield, food quality, safety, traceability, resource use 
efficiency, early issue detection, and minimises waste. By collecting and analyzing 
real-time data on soil, crop, and weather, Agriculture 4.0 enables tailored soil and 
crop management, reducing external inputs cost, mitigating labor constraints, 
protecting environment, increasing climate resilience, and promoting long-term 
sustainability while safeguarding natural resources. Despite its potential, the adoption 
of Agriculture 4.0 remains slow and uneven, particularly in developing nations and 
among smallholder farmers. This review examines the key barriers to adoption and 
proposes strategies for scaling implementation. Major obstacles include high initial 
investment costs, fragmented land holdings, diverse cropping systems, limited farmer 
awareness, lack of technical skills, inadequate digital literacy, complex AI algorithms, 
unreliable infrastructure, insufficient high-quality training data, poor internet 
connectivity, data privacy concerns, and a lack of supportive government policies. 
To overcome these challenges, a multi-faceted approach is necessary. This includes 
developing cost-effective sensors, user-friendly algorithms, and versatile machinery 
tailored for small-scale farms. Additionally, investments in rural infrastructure, public-
private partnerships, farmer training programs, and policy interventions, such as 
subsidies, tax incentives, and regulatory frameworks are critical to ensuring equitable 
access and maximizing the benefits of Agriculture 4.0 for sustainable and inclusive 
agricultural growth.
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phases known as agricultural revolutions (Fig.  1). The first agricultural revolution, or 
Agriculture 1.0, emerged approximately 10,000 years ago, marking the transition from 
nomadic hunting and gathering to settled farming [1]. It involved the domestication of 
plants (like wheat, barley, rice, maize) and animals (sheep, goats, cattle) for food, labor, 
and materials. Basic tools like grindstones and early plows were developed [2]. This piv-
otal shift led to the establishment of permanent settlements and the advent of early agri-
cultural practices [3]. A more stable and reliable food supply enabled population growth 
and led to permanent settlements, fostering the development of villages and early urban 
centers. This era also saw the emergence of land ownership and the initial alteration of 
landscapes through practices like irrigation and slash-and-burn agriculture.

In the 18th century, the second agricultural revolution, or Agriculture 2.0, dawned 
with the introduction of agricultural mechanization aimed at enhancing land productiv-
ity and output [4]. This period, often overlapping with the Industrial Revolution, hence 
called Industrial Agriculture. This era witnessed a significant departure from traditional 
farming methods toward more modern, market-driven, and intensive system. Breeding 
crop and animals for desired traits (e.g., larger size, more meat/wool production) began. 
Mechanization of tasks with inventions like the seed drill, improved plows, and later, 
threshing machines and tractors, diminishing the reliance on manual labor [5, 6]. The 
development of factories and new materials like iron enabled better farm tools, shifting 
agriculture from subsistence to a commercial enterprise [7]. The consolidation of com-
mon lands into larger farms boosted efficiency but displaced small farmers. Increased 
efficiency reduced the need for farm labor, driving people to urban centers and provid-
ing a stable food supply and workforce for burgeoning industries.

The third agricultural revolution, or Agriculture 3.0, also known as the Asian Green 
Revolution, unfolded between the 1960s and 1990s. This period saw the introduction of 
high-yielding crop varieties, irrigation systems, and the widespread use of fertilizers to 
bolster crop productivity [8]. Agriculture 3.0 played a crucial role in sustaining a bur-
geoning global population and enhancing food security worldwide. However, it was not 
without criticism.

Graphical abstract
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1.2  Agriculture 3.0

Agriculture 3.0 led to exacerbated inequality among farmers. The introduction of high-
yielding crop varieties, fertilizers, and modern irrigation provided larger farms with a 
significant competitive advantage over smallholder farmers, concentrating wealth and 
resources in the hands of a few large farms while disadvantaging smallholder farmers 
[9]. Fertilizers have played a crucial role in enhancing crop yields, but their imbalanced 
application and over-reliance have contributed to environmental issues such as eutrophi-
cation in streams and lakes, depletion of nutrients like potassium, zinc, boron, and iron, 
soil fertility degradation, and greenhouse gas emissions [10–12]. High-yielding varieties 
introduced during the Green Revolution displaced traditional crop varieties, resulting in 
a loss of genetic diversity [13]. Additionally, inefficient irrigation practices and excessive 
groundwater withdrawal for irrigation have led to a rapid decline in groundwater levels 
and increased soil alkalinity [14, 15].

Climate change, marked by unpredictable weather patterns and frequent extreme 
weather events such as floods and droughts, has caused significant crop losses and 
increased challenges in crop production [16, 17]. The rising prevalence of pests and dis-
eases, coupled with their rapid resistance development to pesticides, further burdens 
farmers, resulting in reduced yields, increased production costs, and pesticide resi-
dues in soil and food. The migration of young people to urban areas for better wages 
and living conditions leads to an aging farming population and labor shortages [18, 19]. 
Inadequate infrastructure, including poorly maintained roads and insufficient storage 
facilities, complicates crop transportation and storage, leading to spoilage and waste 
[20]. The major sustainability issues of Agriculture 3.0 are summarized in Fig. 2.

The Food and Agriculture Organization (FAO) of the United Nations reports that 
approximately 500  million family farms worldwide produce nearly 85% of the world’s 
food [21]. These small-scale farms often rely on manual crop scouting for assessing 
crop health and diagnosing pests and diseases, a process that is both time-consuming 
and inefficient. Additionally, decision-making is purely based on farmers experience, 

Fig. 1  A historical perspective on the agricultural revolution and its key components

 



Page 4 of 35Vijayakumar et al. Discover Food           (2025) 5:265 

neglecting the considerable spatial and temporal variability within fields [22]. Small-
scale farmers typically lack access to timely, accurate information on weather patterns, 
crop health, and the technology and equipment that could boost productivity and effi-
ciency [23]. As a result, managing farms effectively using Agriculture 3.0 methods is 
becoming increasingly difficult and unsustainable. Addressing these multifaceted chal-
lenges is essential to ensure the long-term resilience and sustainability of agriculture, 
and Agriculture 4.0 emerged as a feasible option.

1.3  Agriculture 4.0

Today, we are on the cusp of the fourth agricultural revolution, known as Agriculture 
4.0, Farming 4.0, Smart Farming, or Digital Farming. According to the FAO definition, 
Agriculture 4.0 is agriculture that integrates a series of innovations like precision farm-
ing, IoT and big data in order to achieve greater production efficiency [24]. Agriculture 
4.0 has four key objectives: boosting productivity, optimizing resource allocation, adapt-
ing to climate change, and minimizing food waste [5]. Different authors have defined it 
differently. Agriculture 4.0, hereafter referred to as smart farming, is a modern farming 
practice that leverages cutting-edge technologies such as sensors, unmanned aerial vehi-
cles (UAVs), global positioning systems (GPSs), robotics, artificial intelligence (AI), and 
big data analytics to apply inputs more efficiently, including pesticides, fertilizers, tillage, 
and irrigation water, and achieve higher crop yields and better quality without harm-
ing the environment [5, 25–27]. The overarching goal of smart farming is to make agri-
culture low-input, more efficient, sustainable, and accessible to all people [6, 28]. Smart 
farming leverages digital technologies to address concerns like sustainability, efficiency, 
profitability, resilience, and traceability and transparency [2]. The exact commencement 
of this revolution remains a matter of ongoing debate, with some articles suggesting that 
it began in approximately 2002 [29].

Fig. 2  Sustainable Issues of Agriculture 3.0

 



Page 5 of 35Vijayakumar et al. Discover Food           (2025) 5:265 

The escalating global demand for food, coupled with the pressing need for sustain-
able agricultural practices, necessitates innovative approaches to enhance productiv-
ity and resource efficiency. The adoption of smart farming has the potential to ignite a 
new techno-green revolution, offering a transformative pathway to achieve these goals. 
While the adoption of selective smart farming components is evident in several devel-
oped countries [30], the broader global adoption, especially in the Global South, remains 
nascent despite the immense untapped data potential, signaling a missed opportunity 
[31]. Even in regions with higher uptake, a comprehensive and integrated adoption of all 
smart farming components is often lacking. This review is thus motivated by the critical 
need to synthesize the existing knowledge on the benefits, opportunities, and challenges 
associated with the adoption of key smart farming technologies, thereby providing valu-
able insights for fostering a more widespread and effective techno-green revolution in 
agriculture. This review seeks to address the following key research questions:

(i)	What are the documented benefits of agricultural robots, UAVs, and big data analytics 
in smart farming?

(ii)	What opportunities exist for the widespread adoption of agricultural robots, UAVs, 
and big data analytics, drawing insights from the experiences of early adopters?

(iii)	 What are the primary challenges hindering the adoption of agricultural robots, 
UAVs, and big data analytics, and what feasible recommendations can be proposed to 
overcome these barriers?

2  Methodology
This review systematically synthesizes the current literature on agricultural robots, 
unmanned aerial vehicles (UAVs), and the application of Big Data Analysis in agriculture. 
The methodology adhered to the principles of systematic literature review to ensure a 
comprehensive, unbiased, and reproducible search and selection process.

2.1  Search strategy and information sources

An extensive and systematic literature search was conducted across multiple prominent 
online databases to identify relevant research and review articles. The primary databases 
utilized were ResearchGate, Google Scholar, IEEE Xplore, and ScienceDirect. The search 
strategy was developed using a combination of keywords related to the core themes of 
the review. Boolean operators (AND, OR) were employed to refine search queries and 
ensure comprehensive coverage. The keywords and their combinations were as follows:

Agricultural Robots: (“agricultural robot” OR “spraying robot” OR “mechanical weed-
ing robot” OR “multi-purpose robot” OR “laser weeder”) AND (“challenges to adoption 
of agricultural robots” OR “intervention for large-scale adoption”).

Unmanned Aerial Vehicles (UAVs) in Agriculture: (“Unmanned aerial vehicles” OR 
“UAVs” OR “drones”) AND (“applications of UAV in agriculture” OR “weed detection 
and mapping” OR “livestock monitoring” OR “pesticide spraying” OR “water stress map-
ping” OR “advantages of UAV in agriculture”) AND (“challenges to adoption of UAVs”).

Big Data Analysis in Agriculture: (“Big Data Analysis application in agriculture” OR 
“big data analytics in agriculture”) AND (“tools and platforms for big data analysis and 
visualization” OR “various applications of big data analytics in agriculture” OR “Digi-
tal Agro-advisory” OR “Disease identification and management” OR “Automated deci-
sions on irrigation and fertilization” OR “Price forecast” OR “Enhancing food supply 
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chain transparency and traceability” OR “Precision weed control” OR “Detection of agri-
cultural machinery failure” OR “Soil physio-chemical property analysis”) AND (“chal-
lenges to the adoption of Big Data Analytics” OR “challenges to the adoption of smart 
farming”).

To ensure a thorough search, variations and synonyms of these keywords were also 
considered during the search process (e.g., “drones” for “UAVs”, “smart farming chal-
lenges” for “challenges to the adoption of smart farming”). The search was not restricted 
by publication date to capture the historical development and latest advancements.

2.2  Eligibility criteria

Articles were included in the review if they met the following criteria:
Language: Published in English.Relevance: Directly addressed agricultural robots, UAVs 
in agriculture, or Big Data Analysis applications in agriculture.Content Type: Research 
articles, review articles, conference papers, and book chapters.Focus: Provided insights 
into applications, challenges, or required interventions for large-scale adoption within 
the specified domains.Articles were excluded if they were not available in full text, opin-
ion pieces, news articles, or informal reports without a clear methodological basis.

2.3  Study Selection Process

The retrieved articles from the initial database searches were systematically screened in 
two phases: (i) Title and Abstract Screening: All identified articles were initially screened 
by reading their titles and abstracts to remove irrelevant studies and duplicates. (ii) Full-
Text Review: Articles deemed potentially relevant after the initial screening underwent 
a full-text review. During this phase, articles were critically assessed against the pre-
defined eligibility criteria. Any discrepancies or uncertainties regarding inclusion were 
resolved through discussion among the review team.

3  Smart farming: innovative solutions to contemporary agricultural issues
Smart farming technologies enable farmers to manage their operations with greater 
precision, addressing the specific needs of crops and soil at smaller spatial and tempo-
ral scales. Through real-time data on soil moisture and nutrient levels collected from 
sensors and monitoring devices, smart farming allows precise tracking of crop and soil 
conditions [27, 32, 33]. The concept focuses on applying the right resources at the right 
time and place to enhance efficiency. By analyzing data on weather, soil physio-chemical 
properties, and crop status using advanced data analytics and machine learning (ML), 
smart farming detects unforeseen issues that might go unnoticed during periodic visual 
inspections and develops predictive models [30, 34]. This could help farmers make more 
informed decisions about crop management, allowing them to optimize yields, reduce 
waste, and increase profitability [27, 35, 36]. This site-specific application lowers produc-
tion costs, conserves resource, improves food quality, mitigates greenhouse gas emis-
sions and environmental impacts, and supports food safety [4, 33, 37].

Smart farming represents a significant shift away from traditional farming practices 
toward a more data-driven, technology-enabled approach to agriculture. It automates 
tasks such as planting, harvesting, and pest control and minimizes labor needs [4, 38]. 
For example, intelligent tractors use precise location data to ensure accurate seed place-
ment and optimal fertilizer distribution. Precise weather forecasting enables farmers 
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to adjust planting, irrigation, and harvesting schedules, reducing exposure to extreme 
weather events. In developing countries, traditional irrigation systems often operate at 
low efficiency (25–30%) due to outdated infrastructure and diesel dependence, result-
ing in higher greenhouse gas emissions and production costs [15, 38]. Smart farming 
improves irrigation efficiency by using weather forecasts and soil moisture sensors to 
optimize schedules, supporting reliable production in water-scarce areas [39, 40]. Addi-
tionally, it enhances market access by providing real-time information on demand and 
supply, helping smallholder farmers with limited resources and poor market access to 
compete globally and reduce postharvest losses. The major advantage of smart farming 
is summarized in Table 1.

4  Agricultural robots
Agricultural robots play a significant role in smart farming by providing efficient solu-
tions to various agricultural tasks. Robots equipped with sensors, cameras, and algo-
rithms are capable of monitoring soil moisture, temperature, and nutrient levels in real 
time [46–48]. They also identify and remove weeds or pests without the need for chemi-
cal sprays, thus reducing their environmental impact and increasing their efficiency [49, 
50]. For example, spraying robots apply pesticides and fertilizers with the exact amount 
of chemicals needed, thereby avoiding the excess application of pesticides and safe-
guarding the environment [51, 52]. They automate several agricultural operations, such 
as planting, weeding, irrigation, and harvesting (Table 2). Planting robots ensure precise 
seed placement at the right depth and distance from each other [53, 54], while harvest-
ing robots collect crops, reducing the need for manual labor and improving efficiency 
[47]. Overall, agricultural robots could help farmers reduce labor demand, minimize 
production costs, increase efficiency, and improve crop yields.

Robotic spot spraying for sugarcane leveraging computer vision and deep learning 
demonstrated 97% as effective as broadcast spraying while reducing herbicide usage by 
an average of 35% (up to 65% in low-weed areas). Crucially, it also led to a 39% reduction 
in herbicide concentration and a 54% reduction in load in irrigation runoff, highlight-
ing its potential to cut herbicide use and improve water quality without compromising 
weed control [55]. An AI-powered robotic system for precise weed control in rice fields, 
developed at SOA University in Bhubaneswar, India, uses a YOLOv5 machine learning 
framework. This robot showed exceptional accuracy in tests, varying by only 2% from 
the true weed count and achieving an impressive 95% weed control rate. It surpasses 
manual methods in both precision and speed, highlighting the vital need to deploy such 
AI innovations widely in modern agriculture [56].

Multipurpose robots are versatile machines capable of performing various agricultural 
tasks such as ploughing, sowing, weed control, irrigation, harvesting, and transportation 
(Fig.  3). These robots eliminate the need for multiple specialized machines, handling 
labor-intensive and repetitive tasks year-round. Their flexibility drives cost reduction 
and promotes automation adoption in agriculture. High-value conventional and organic 
horticultural crops stand out as prime candidates for agricultural robots, primarily 
because of their heavy reliance on manual labor, high production cost, and higher pesti-
cide residue risk associated with the cultivation of these crops. Table 2 presents a com-
prehensive list of commercialized agricultural robots, their designated uses, and their 
corresponding capacities.
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Table 1  Smart farming technology: targets, interventions, outputs, and potential areas of 
application
Target Problem Intervention Output Potential area References
Increasing 
crop yields

Low yield, higher 
yield gap

Improved decision-
making processes

Precise establish-
ment of tillage, 
sowing, irrigation, 
application of fertil-
izers and pesticides, 
harvesting, etc.

Rainfed, 
salt-affected, 
waterlogged, and 
low-fertility soil

 [25, 41]

Efficient 
irrigation 
water use

Declining ground 
water table 
and lower crop 
productivity in 
rainfed condi-
tions compared 
to irrigated 
conditions.

IoT-based auto-
mated irrigation 
schedule using 
real-time data of 
soil moisture levels, 
weather forecasts, 
and crop water 
requirements.

Precise and weather 
forecasting. Auto-
mated irrigation and 
water saving.

Arid, semi-arid, 
and rainfed areas 
where water is 
scarce. Green-
house farming, 
orchards and 
urban agriculture 
where water is 
expensive.

 [42, 43]

Addressing 
the agricul-
ture labor 
crisis

Shortage of 
agricultural work 
force and increas-
ing labor wages

Autonomous 
tractors, harvesters, 
robots, with AI and 
computer vision 
features and UAVs 
to perform various 
agricultural tasks

Reduced need for 
manual labor. Lower 
production cost.

Areas facing an 
acute scarcity of 
agricultural labors 
and rising labor 
wages.

 [43]

Efficient 
fertilizer & 
pesticide 
use

Imbalanced 
fertilization, 
multi-nutrient 
deficiency, lower 
nutrient use 
efficiency and 
environmental 
pollution

Precision fertilizer 
and pesticide appli-
cation in response 
to the varying 
conditions within 
the field.

Reduced environ-
mental pollution. Re-
source saving. Lower 
production costs. 
Maximizes crop yield 
and profits. Prevents 
soil degradation.

Regions practicing 
intensive agricul-
ture. Areas with 
problem soil and 
indiscriminate use 
of pesticides.

 [28, 44, 45]

Enhanced 
crop quality

Pesticide residue 
in food produce. 
Inferior food 
quality.

Identify potential 
issues and take 
corrective actions 
early to prevent 
the indiscriminate 
application of pes-
ticides. Avoid use of 
toxic chemicals.

Production of high-
quality and traceable 
products that meet 
the demands of con-
sumers and export 
markets. Reduced 
pesticide load in the 
food.

Health-conscious 
markets, export-
oriented agricul-
ture, and regions 
emphasizing 
organic and sus-
tainable farming.

 [40]

Climate 
resilience

Extreme weather 
events such as 
flood, drought, 
cyclone, heat 
waves, and cold 
waves damage 
the crop and 
cause yield loss.

Early warning 
through accurate 
prediction of 
extreme weather 
events using 
advanced weather 
monitoring systems, 
including satellites, 
and sensors.

Helps farmers to 
effectively adapt to 
extreme weather 
patterns. Allows 
farmers to take 
precautionary 
measures and make 
accurate decisions 
to minimize crop 
damage.

Regions that are 
more vulner-
able to extreme 
weather events 
and areas experi-
encing extreme 
weather events 
more frequently.

 [40]

Better mar-
ket access

Higher middle-
man commission, 
price volatility, 
lack of transpar-
ency, limited ac-
cess to markets, 
and unstable 
market demand.

Access to digital 
markets, includ-
ing e-commerce 
platforms, facilitates 
direct connections 
between farmers 
and consum-
ers, eliminating 
the need for 
intermediaries.

Connects farmers 
directly with con-
sumers, eliminating 
intermediaries.
Helps farmers to 
select high-return 
crops, stay informed 
about market trends.

Remote and 
underserved rural 
areas, developing 
countries, regions 
with difficult 
terrain, island 
nations, and arid 
regions

 [28]
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4.1  Challenges to the adoption of agricultural robots

Robots often exhibit low detection/recognition rates, especially on weeds, insect pests 
and disease. For example, RobHortic, a field robot designed to detect pests and diseases 
in horticultural crops using RGB, multispectral, and hyperspectral sensors, achieved a 
detection rate of only 66.4% for images obtained in the laboratory and 59.8% for those 
obtained in the field [58]. Most agricultural robots are battery-powered, resulting in lim-
ited operating time due to constrained battery capacity [50, 57]. Agricultural robots slow 
operation speed and navigation complexity limit their area coverage per unit of time. 
Consequently, multiple robots may be needed to cover large areas, which increases the 
initial investment cost. Concerns over job displacement and the potential impact of the 
use of agricultural robots on rural communities need to be adequately addressed [59].

Robots require regular maintenance to ensure optimal performance. Any system 
breakdown can lead to delays in agricultural operations and potential yield loss [60]. 
Farmers often need to hire specialized technicians, which is challenging in many regions 
due to the absence of service providers. Additionally, farmers generally lack the technical 
skills to address these issues themselves, as this technology is new to them [61]. Agricul-
tural robots also raise safety concerns, such as potential damage to crops in the event of 
a malfunction. Additionally, accidental exposure to laser robots could harm crops and 
pose health risks (eye injuries or burns) to operators and bystanders. Agricultural robots 
generate vast amounts of data; however, the lack of adequate infrastructure for data 
storage and analysis hinders their adoption and limits their potential to deliver valuable 
insights to farmers.

4.2  Intervention to overcome the challenges of agricultural robots

Agri-robots need to be energy efficient to operate for extended periods without fre-
quent recharging or refueling [60]. The development of solar power robots could address 

Fig. 3  Oz multi-purpose robot. a furrowing, b hoeing, c sowing, d transporting
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Robot Developer Country Purpose Special 
features

Power Suitable 
crop

Refer-
ences

Herbicide spraying robot
Ecorobotix Ecorobotix 

AG
Switzerland Autono-

mously 
detect 
and spray 
herbicides 
to control 
weeds 
with high 
accuracy.

Cover up to 
3 hectares 
per day.

Solar-powered Cereals, veg-
etables, and 
orchards

 [49]

See & Spray 
system

Blue River 
Technology

United 
States

Uses cam-
eras and AI 
to identify 
individual 
plants and 
deter-
mine the 
required 
treatment.

Precisely 
apply 
fertilizer and 
herbicides 
to individual 
plants. Save 
herbicide up 
to 70%.

Tractor powered Cotton, 
soybeans, 
and corn

 [52]

Mechanical weeding robot
Tertill Franklin 

Robotics
United 
States

Equipped 
with a spin-
ning string 
trimmer to 
cut weeds 
at its base 
and a 
watering 
system to 
water the 
plants.

Affordable, 
eco-friendly, 
saves water, 
and avoids 
the use of 
chemical 
herbicides.

Solar-powered Home & 
vegetable 
garden

 [51]

Vitirover Vitirover France The 
machine 
autono-
mously 
cuts grass, 
weeds, 
and other 
vegetation 
using a 
range of 
cutting 
blades that 
can be 
adjusted 
to different 
heights.

Uses soil 
moisture 
and tem-
perature 
sensors to 
make deci-
sions about 
irrigation 
and other 
manage-
ment 
practices.

Solar-powered Vineyards  [46]

Ted Naio 
Technologies

France Mechanical 
weeding 
(4.5 km/h), 
traction 
(upto 20% 
slope)

8 h per day 
autonomy, 
work output 
5 ha/day

100% electrical Vineyards  [50]

Aigro UP Dutch ag-
tech startup

Au-
tonomous 
weed-
ing and 
mowing

Up to 10 h 
of opera-
tional time

Dual Li-Ion 
battery

Narrow rows 
of crops, 
under the 
canopy of 
orchards

Multipurpose robot

Table 2  Commercial agricultural robots and their use in agriculture
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Robot Developer Country Purpose Special 
features

Power Suitable 
crop

Refer-
ences

Thorvald Saga 
Robotics

Norway Perform 
planting, 
weed-
ing, and 
harvesting. 
UV-C treat-
ment for 
powdery 
mildew 
control. 
Preda-
tory mites 
dispensing 
and runner 
cutting.

Provides 
flower and 
fruit counts 
for yield 
prediction.

Battery powered Strawberry, 
grape-
vine, and 
orchards

 [57]

Oz Naio 
Technologies

France Close-to-
crop and 
crop row 
weeding 
me-
chanically, 
furrow 
making, 
hoe-
ing, and 
seeding

Oz can carry 
up to 80 kg 
and tow as 
much as 
200 kg on a 
flat land.

Lithium 
batteries

For 
vegetables.

 [50]

Dino Naio 
Technologies

France Au-
tonomous 
weed-
ing and 
sowing. 
It’s larger, 
heavier 
(900 kg), 
and works 
faster.

Lithium 
batteries

Larger 
row crops 
(onion)

Orio Naio 
Technologies

France Seeding, 
cultivating, 
weeding, 
collecting 
data and 
more

5.5 km/h 
Speed

Iron-Phosphate 
Lithium 
batteries

Lettuce, on-
ions, carrots, 
parsnips, 
cabbage, 
leeks, cauli-
flower, gar-
lic, cilantro, 
mint, etc.

SwarmBot 
robot

SwarmFarm 
Robotics

Australia Perform 
planting, 
weed-
ing, and 
harvesting. 
Offers ser-
vices like 
soil testing 
and map-
ping, yield 
mapping, 
and data 
analytics.

Multiple 
robots oper-
ate together 
to cover 
large areas 
quickly and 
efficiently. 
Reduce soil 
compaction.

Fuel powered Row 
crops, turf 
grass, and 
orchards

 [47]

Table 2  (continued) 
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battery-related issues and ensure energy efficiency. Using renewable energy sources 
would also reduce operational costs by lowering electricity expenses [62]. A survey of 
174 farmers in Bavaria, Germany, by Spykman et al. [63] revealed a strong inclination 
towards non-purchase options like contractor services and machinery sharing through 
agricultural cooperatives or rental service providers. This approach not only mitigates 
the challenges of high initial costs and maintenance but also ensures the effective utiliza-
tion of expensive robotic equipment.

There is a need to develop multipurpose robots capable of efficiently performing vari-
ous tasks, such as plowing, sowing, weeding, irrigation, and harvesting. This approach 
would alleviate the financial burden on farmers, as they would not need to invest in sep-
arate robots for each operation. Instead, a single robot can efficiently perform multiple 
tasks [54]. Nevertheless, the cost of technology is expected to decrease over time, mak-
ing agricultural robots a viable option for boosting production in the future. Sophisti-
cated path planning and obstacle avoidance capabilities are crucial for overcoming the 
significant technical hurdle of navigating uneven terrain and avoiding obstacles like 
rocks and irrigation equipment. Agri-robots must adapt to diverse agricultural environ-
ments, necessitating the development of intelligent algorithms and sensors capable of 
recognizing and responding to changes [64]. Efforts should focus on developing robust 
infrastructure for storing and analyzing the large datasets collected by agricultural 
robots [65].

5  Unmanned aerial vehicles
Unmanned aerial vehicles (UAVs), commonly known as drones, are aircraft without 
human pilots on board. They enable farmers a bird’s-eye view of their field, offering valu-
able insights into issues like moisture stress, soil fertility variations, and pest or disease 
infestations [66, 67]. Farmers can regularly inspect crops according to their preferences, 
providing weekly or even daily pictures to show changes over time, thus revealing pos-
sible “trouble spots” and subsequently improving crop management and production in 
those areas by making better crop management decisions [68]. In addition to monitor-
ing plant growth, crop surveillance, and scouting, UAVs are used for pesticide spray-
ing, seeding, pollination, fertilizer spreading, and damage assessment (flood, drought, 
cyclone, etc.) [69–71]. The use of UAVs for crop monitoring saves farmers time and 
money by allowing them to target problem areas more precisely with GPS technology. 
China has employed UAVs for pesticide spraying in agriculture since 2010 [70]. By 2020, 
70,344 UAVs were treating 14.48 million hectares of cropland in China. Chinese farmer’s 
decision to adopt UAVs for pesticide application is primarily influenced by arable land 

Robot Developer Country Purpose Special 
features

Power Suitable 
crop

Refer-
ences

FarmDroid 
F20

Seed-
ing and 
weeding 
with 8 mm 
precision. 
Payback 
period as 
low as 2 
years

Row spacing 
22.5–90 cm.

Solar powered Multiple 
crop

Table 2  (continued) 
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size, with a 2-hectare threshold [72]. A survey of 2,000 farmers across 11 Chinese prov-
inces revealed that UAV adoption boosted per-hectare revenue by approximately USD 
434–USD 488 and reduced pesticide application time by 14.4–15.8 h per hectare [73].

5.1  Various applications of UAV in agriculture

5.1.1  Assessment of seedling emergence

Monitoring seedlings in the early stage of crop growth is challenging due to their small 
size and lack of distinctive morphological traits. Manually counting and identifying 
seedlings at the species level is labor-intensive, time-consuming, and extremely difficult 
[74]. Therefore, technological approaches are needed to quickly monitor large areas in 
the early stages of crop growth to provide timely recommendations to farmers. UAV 
field mapping offers a novel approach to seedling monitoring. The use of low-altitude, 
high-resolution imagery combined with automated object-based image analysis (OBIA) 
enables the detection and monitoring of small objects even in challenging terrain [75]. In 
agriculture, this approach is utilized to map areas with unsuccessful germination, pro-
viding farmers with critical information about the total area requiring gap filling, the 
number of seeds needed, and the specific locations where gap filling is necessary.

Buters et al. [69] achieved 80% accuracy in detecting and counting seedlings using low-
altitude UAV imagery and automated OBIA software. However, the accuracy of classifi-
cation decreases with higher flight altitudes (resulting in lower image resolution) and 
more complex background surfaces, such as increased coverage of nontarget grasses and 
varied substrate textures. The necessary spatial resolution depends on the plant’s leaf 
size postemergence, with crops featuring thin, wispy leaves requiring higher spatial reso-
lution than those with larger leaves [76]. Lin et al. [77] developed an efficient real-time 
peanut video counting model combining improved YOLOv5s, DeepSort, and OpenCV 
programs to accurately distinguish peanut seedlings from weeds. The model achieved an 
accuracy of 98.08%, comparable to human counting, but required only one-fifth of the 
time. This video-based model outperformed image-based target detection algorithms, 
making it more suitable for practical investigations of the germination rate in peanut 
production.

5.1.2  Weed detection and mapping

UAVs equipped with RGB, multispectral, and hyperspectral sensors and cameras pro-
vide high-resolution aerial imagery to precisely identify and locate weeds. The images 
captured by UAVs are processed using sophisticated algorithms to distinguish between 
crops and weeds. For mapping individual grassy weeds, a higher resolution of < 0.5 cm/
pixel is required [78]. Gašparović et al. [79] collected UAV data using a low-cost RGB 
camera and tested four classification algorithms for weed mapping. They employed both 
automatic and manual methods, as well as object-based and pixel-based techniques, on 
two data subsets. The automatic object-based classification method achieved the highest 
accuracy, with 89.0% for subset A and 87.1% for subset B. Campos et al. [80] reported 
a 45% reduction in herbicide usage with site-specific herbicide spray using a UAV in 
a vineyard without compromising weed control efficacy. High-precision GPS allows 
drones to navigate accurately and apply herbicides with minimal drift, further enhancing 
the precision of the operation. Weeds were detected with 92% accuracy at a spatial reso-
lution of 5.42 mm/pixel when the sensor was maintained at a 10 m altitude. However, 
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the accuracy decreased to 84% at a spatial resolution of 20.31 mm/pixel when the alti-
tude increased to 30 m above ground level [81]. Table 3 provides details on the success-
ful use of UAVs for weed mapping in different crops.

5.1.3  Livestock monitoring

UAVs are also utilized for livestock monitoring by capturing high-resolution images 
of animals and tracking their movements, which helps identify areas of concern such 
as injured or sick animals, and track animal behavior patterns. Livestock monitor-
ing using UAVs aids farmers in improving animal welfare and optimizing feeding and 
grazing practices [82]. UAV images were combined with vision algorithms for detecting 
changes in animals posture, for lameness detection within a herd. A study by Krul et 
al. [33] explored the performance of two visual simultaneous localization and mapping 
(VSLAM) algorithms, ORB-SLAM and LSD-SLAM using small commercial drones for 
indoor livestock monitoring, where GPS signals are typically unavailable. The findings 
indicated that drones equipped with an aerial VSLAM algorithm could achieve accurate 
positioning and waypoint navigation in indoor livestock environments with small posi-
tion errors.

Table 3  Weed mapping using different sensors and algorithms for different crops
Crop Sensor Algorithum Accuracy Remarks References
Oat RGB Pixcel-based RF, 

Object-based 
RF.

87–89% Classification accuracy is highest for 
the automatic object-based clas-
sification method

 [79]

Maize RGB, Thermal, 
Multispectral,

RF, SVM, NBC. 
Among three, 
SVM performed 
best.

96% Fusion of textural, structural, and 
thermal features achieved the best 
performance

 [85]

Maize & 
Sunflower

RGB OBIA by SVM, 
k-means, 
clustering, 
object-refining

~ 90% Various statistical, spatial, and 
texture metrics offer significant po-
tential for weed mapping between 
and within crop rows and work well 
when combined with OBIA.

 [86]

Maize Multispectral Pixel-based 
weed and crop 
classification 
using a U-Net

90% Low-cost system for weed 
mapping.

 [87]

Sunflower RGB, 
Multispectral

OBIA algorithm 100% for 
multispec-
tral, 60% for 
RGB

Only 3–23% of the field was treated 
with herbicide instead of treating 
the entire field.

 [88]

Rice RGB FCN, CNN 
(Patch-
based and 
Pixel-based)

FCN out-
performed 
(93%) other 
algorithms.

FCN is a fully supervised algorithm 
that relies on a large amount of 
labelled images for training and up-
dating, requiring extensive manual 
labelling. This limits its application.

 [89]

Silybum 
marianum

Multispectral OC-SVM, 
OC-SOM, 
Autoencoders 
and OC-PCA

OC-SVM– 
96%

One class novelty detectors can be 
applied operationally for mapping 
S. marianum with UAV

 [90]

Maize Multispectral OBIA 86% Area free of weeds was 23%, and 
the area with low weed coverage 
(< 5% weeds) was 47%.

 [91]

FCN Fully convolutional network; NBC naive Bayes classifier; OBIA   Object-based image analysis; OC-SVM One class support 
vector machine; OC-SOM One class self-organizing maps; OC-PCA One class principal component analysis; RF random 
forest; SVM support vector machine
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Bastos et al. [83] validated the feasibility of using UAV to collect zootechnical data in 
tropical cattle feedlots. UAV-captured images across 110 pens with up to 150 animals 
over 21 days, showed almost perfect agreement with conventional methods for feed 
trough levels (kappa = 0.901), and substantial agreement for fecal score (kappa = 0.785) 
and pen surface conditions (kappa = 0.737). While animal counts and water quality 
showed only fair agreement, the findings confirm UAV viability as an accurate, effi-
cient, and cost-effective alternative for monitoring key zootechnical indices, promis-
ing improved animal management, welfare, and yield. Li and Xing [84] optimized UAV 
deployment strategy for tracking GPS-collared livestock in pastures, focusing on mini-
mizing the average UAV-animal distance while accounting for animal mobility. The 
authors introduce a two-phase approach: first, a “sweep coverage” procedure by UAVs 
to acquire initial animal locations, followed by real-time UAV redeployment using a 
streaming K-means clustering algorithm that incorporates updated GPS data. Their 
method demonstrates superior performance in reducing the average UAV-animal dis-
tance compared to standard K-means, highlighting its potential for efficient livestock 
monitoring.

5.1.4  Pesticide spraying

UAVs equipped with tanks fly in proximity to fields, maintaining a consistent pesticide 
application rate and covering 20–33 hectares per day. This speed is 30–60 times faster 
than that of manual spraying [70]. Another study reported that UAV spraying cut the 
pesticide use by 30–505 and saved labor cost by 40–60% [92]. A UAV spray volume of 
30  L/ha achieved weed control efficiency statistically comparable to that of a manual 
knapsack sprayer using 500 L/ha, highlighting an impressive ~ 15 times less water usage 
[93]. Quan et al. [73] found that UAV adoption increased revenue by $434 to $488 per 
hectare and reduced pesticide spraying time by 14.4 to 15.8 h per hectare based on a 
survey of 2000 farmers across 11 Chinese provinces. Crop spraying using UAVs also 
improves worker safety by preventing labor exposure to harmful pesticides [66, 94]. 
The intelligent spraying system of UAVs enhances pesticide application precision and 
reduces pesticide residue. However, fine droplets (< 50 μm) tend to drift easily and lose 
kinetic energy quickly after release, causing external winds (> 5  m/sec) to direct them 
into the drift zone. In contrast, coarser droplets (> 400  μm) substantially reduce drift 
compared to finer droplets but encounter difficulties in achieving penetration [95].

5.1.5  Water stress mapping

Soil moisture sensors provide point data on soil moisture depletion but lack field-scale 
assessments at the desired spatial and temporal resolutions. Modern variable rate irri-
gation systems offer tailored water distributions to different sections of the field based 
on their unique needs. However, information about soil moisture is needed at higher 
spatial (0.3 m pixel) and temporal resolutions [96]. Drones have the potential to enhance 
irrigation systems by providing high spatial and temporal crop water stress maps across 
diverse environmental conditions [97]. Images obtained at 13.00  h show a maximum 
correlation with crop water stress [71, 98]. For water stress mapping, thermal cameras 
are more commonly used than other types of sensors. Table 4 provides details on the 
successful use of UAVs for water stress mapping in different crops.
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TCARI-transformed chlorophyll absorption in the reflectance index; RDVI - renor-
malized difference vegetation index, SAVI- soil-adjusted vegetation index; CWSI- crop 
water stress index.

5.2  Challenges to the adoption of UAVs

Despite the numerous benefits of using UAVs in agriculture, several bottlenecks hin-
der their large-scale adoption (Fig.  4). The high cost of UAVs, sensors, hardware, and 
software brings a significant financial burden to farmers [100]. Without the UAV, the 
cost of a single multispectral camera can reach up to 4,500 euros [101]. UAVs produce 
very fine spray droplets (25–500 microns) that are highly susceptible to drift. The risk 
of drift increases with increasing spray height and wind speed. It is generally recom-
mended to spray at heights less than 3 m and wind speeds less than 3 m/sec to minimize 
drift. Droplets smaller than 200 μm can drift considerably off-target when subjected to a 
crosswind of 5 km per hour [102]. Although UAVs cover large areas with small volumes 
of spray fluid, the spray is prone to rapid drying in hot weather. This shortens the win-
dow for weeds or plants to absorb pesticides, potentially reducing their efficiency.

Currently, apart from mapping drones, most drones have a flight endurance rang-
ing from 7 to 15 min with a single battery. Additional spare batteries are required for 
extended operation hours, which increases overall costs [68, 103]. UAVs used in agri-
culture typically have a payload capacity of 10–25 kg, resulting in frequent reloading of 
spray fluid or seeds/fertilizers. The use of low spray volumes may affect pest control effi-
ciency. Yan et al. [104] compared aerial and ground spraying methods for controlling 
thrips on cowpeas. UAV spray volumes of 22.5, 30, and 37.5 L/ha achieved thrips control 
rates of 69.79%, 80.15%, and 80.58%, respectively, demonstrating that lower spray vol-
umes were less effective.

The UAV spray units currently available on the market do not support automatic site-
specific application of herbicides based on GPS input. These units utilize the waypoint 
for herbicide applications, which is not capable of auto-triggering spray applications at 
a prespecified location [105]. Site-specific weed management operations using exist-
ing UAV spray platforms depend solely on the remote pilot’s skillset to manually trig-
ger applications at a required location. While this approach may work for small areas, 
it is not feasible for spot applications over a large farm. The use of UAVs is subject to 
various regulations related to aviation, privacy, and safety, which are complex and vary 
across countries, making adoption challenging for farmers [106]. The lack of supporting 

Table 4  Crop water stress detection using UAV thermal and multispectral images
Crop Sensor Parameters Remarks References
Maize Multispectral Nine vegetation 

indices
TCARI, RDVI, and SAVI had the best correla-
tions with CWSI

 [99]

Vineyard Thermal Canopy tem-
perature, leaf water 
potential

0.3 m pixel resolution is needed for precise 
CWSI mapping. The optimal time for obtain-
ing thermal images is 12:30 h, as CWSI cor-
relates with leaf water potential.

 [96]

Cotton Thermal Leaf stomatal con-
ductance, CWSI

Canny edge detection algorithm effectively 
eliminates the soil background in a thermal 
infrared image

 [98]

Cotton Thermal Canopy tempera-
ture histogram, sto-
matal conductance, 
transpiration rate

Simplified CWSI was used to diagnose water 
stress for cotton. Soil background pixels of 
thermal images were eliminated using the 
Canny edge detection.

 [71]
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infrastructure, such as charging stations and maintenance services, further hinders 
large-scale adoption. Moreover, using UAV technology requires technical knowledge 
and skills not readily available among farmers or farmworkers, making it difficult to 
interpret and act on the data collected [65, 107].

The large amount of data generated by UAVs could be overwhelming and require spe-
cialized skills for management and analysis [61]. Farmers need access to data manage-
ment and analysis tools for effective use. Concerns about privacy and data protection 
may arise, as UAVs equipped with cameras may capture images and videos of people 
without consent [108]. Technology providers often claim data ownership due to their 
platforms and sensors. Farmers frequently cede control of their valuable operational 
data through complex contracts. Consequently, their aggregated insights can be sold to 
third parties, often without their explicit knowledge or fair compensation. Large corpo-
rations can leverage aggregated farm data for market analysis, price discrimination, or 
even to create new products that are then sold back to the very farmers who supplied the 
data, sparking concerns about fair value exchange and potential exploitation. Contracts 
are often lengthy, filled with technical jargon, and difficult for non-legal experts to fully 
comprehend. Farmers may not understand the full implications of what they are agree-
ing to. Additionally, if UAV data are not properly secured, they may be vulnerable to 

Fig. 4  Bottlenecks for UAV technology adoption in agriculture
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unauthorized access or theft, especially when transmitted wirelessly to ground control 
stations [109].

5.3  Intervention to overcome the challenges of UAVs

Strict adherence to standard operating protocols, such as spraying at lower heights dur-
ing periods of lower wind speeds, can minimize the problem of drift hazards [102]. To 
ensure maximum uptake, it is advisable to spray when the weather is cooler. Spraying 
early in the morning or late in the evening is advised to prevent rapid drying of spray 
droplets. Additionally, wind speeds during these times are typically weaker than those 
at midday, reducing the risk of drift [105]. The invention of multipurpose UAVs, capable 
of performing diverse tasks such as seed spreading, fertilizer application, spraying, and 
mapping, has significantly enhanced the appeal of UAV technology for farmers. This ver-
satility has facilitated increased adoption and mitigated the high initial investment costs 
associated with UAV technology [110]. Moreover, UAV adoption is rapidly increasing 
in many developing Asian countries, including India, driven by the availability of more 
affordable agricultural drone rental services. Similarly, the development of fast-charging 
intelligent batteries has made this technology more viable and acceptable. Intelligent 
batteries can be charged in less than 20 min and have approximately 300 to 400 recharge 
cycles.

Establishing nationwide drone pilot training and certification centers could equip 
many agrarian populations with the knowledge and skills required to become UAV 
pilots [103]. Policymakers, industry players, and development agencies must collaborate 
to develop solutions that reduce the cost and complexity of UAV technology, improve 
access to finance and infrastructure, ensure technical support, and enforce regulatory 
compliance [100, 107]. To ensure a more ethical smart farming, we must establish clear 
legal frameworks and industry standards for data ownership, access, and usage, strongly 
emphasizing farmer data sovereignty [105]. Ethical considerations like fairness, account-
ability, and privacy need to be integrated into the design of agricultural AI systems from 
the outset. Furthermore, implementing user-friendly, transparent, and comprehensible 
consent processes will truly empower farmers to control their data.

6  Big data analysis
Data is one of the most valuable resources in modern agriculture, driving innovations 
and enhancing decision-making processes. Forbes estimates that the world gener-
ates approximately 2.5 quintillion bytes of data daily, highlighting the vast scale of this 
resource. Big data analysis in agriculture refers to the process of collecting extensive 
information on weather patterns, soil conditions, crop yields, pest dynamics, livestock 
health, and market trends and applying advanced analytical techniques, including ML 
and predictive modeling, to extract valuable insights and patterns, enabling farmers to 
interpret past events, predict future outcomes, and make more precise, timely decisions 
through targeted investigations [34, 111]. Big data in agriculture is defined by five key 
characteristics: volume, velocity, variety, veracity, and value (Fig. 5).

The decreasing cost of sensor technology is empowering farmers to monitor crucial 
factors such as animal movement, soil physio-chemical properties, and soil moisture 
in nearly real-time. With accessible and affordable computing power, analyzing these 
data has become feasible, leading to the development of decision-support tools such as 
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on-tractor dashboards and mobile applications (Table 5). These tools assist farmers in 
implementing more precise management practices, particularly with input applications. 
m-Krishi is a mobile-based agricultural platform developed by Tata Consultancy Ser-
vices that provides management advice to farmers in audio and video formats based on 
soil and crop conditions. The mKisan is an Android application available on the Google 
Play Store that offers an advisory to registered farmers through SMS, IVRS, etc. Sim-
ilarly, Krishimitra is an Android-based application that provides an advisory to Guja-
rat cotton growers using RESTful services. By proposing an agro advisory system, this 
open-source, cost-effective, and scalable big data analytics architecture narrows the 

Table 5  Mobile-based big data advisory system for agriculture
Tool Developer Purpose
aAQUA and 
Agro Advisory 
System

IIT Bombay Provide a solution to farmers queries related to crops. Multilingual ques-
tion and answer forum.

m-Krishi TCS Mobile-based agro advisory system provides the farm-specific soil and 
crop data, and expert’s advice to farmers in audio and video format.

Agrovoc FAO AGROVOC is a comprehensive thesaurus on food and agriculture, pub-
lished as linked open data and accessible for public use (https://www.
fao.org/agrovoc/). AGROVOC consists of 41,000 concepts and 1,151,000 
terms in up to 42 languages.

Green phablet ICRISAT in col-
laboration with 
NUNC Systems

Real-time information sharing between farmers and researchers helps 
farmers enhance crop productivity and enables researchers to gather 
accurate, practical data. Priced at US$ 299.

Agropedia ICAR- National 
Agricultural Inno-
vation Project

Online repository of agricultural information of nine crops, viz., rice, 
wheat, chickpea, pigeon pea, vegetable pea, lychee, sugarcane, ground-
nut, and sorghum ​(​​​h​t​t​p​:​/​/​a​g​r​o​p​e​d​i​a​.​i​i​t​k​.​a​c​.​i​n​/​​​​​)​​

CropInfo Arun Gulbadher Website & android-based application provide crop production, protection 
and compendium information in multiple language (https://cropinfo.in/)

mKisan Department of 
Agriculture and 
Cooperation, 
India

Give information/services/advisories to farmers by SMS (text/voice) in 
their language ​(​​​h​t​t​p​s​:​/​/​m​k​i​s​a​n​.​g​o​v​.​i​n​/​H​o​m​e​/​c​o​p​y​r​i​g​h​t​​​​​)​. A total of 106,738 
advisories were sent to 53 million registered users.

Fig. 5  The Five Vs (volume, velocity, variety, veracity, and value) of big data analytics
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technological gap between rural communities and information. This transformation is 
largely attributable to emerging Big Data analytical platforms, including cloud comput-
ing and ML algorithms, which drive AI in agriculture [111].

6.1  Tools and platforms for big data analysis and visualization

Numerous tools and platforms are available for data preparation, transformation, and 
modeling to extract valuable insights. Algorithms such as MapReduce enable the pro-
cessing and generation of large datasets with massive scalability through parallel, dis-
tributed computing. Hadoop clusters exemplify this approach, handling vast amounts 
of unstructured data. Knime offers an open platform for data-driven innovation, while 
OpenRefine facilitates working with unstructured data. The R-Project supports data 
mining and statistical analysis. Orange provides open-source ML and data visualization. 
Microsoft’s Power BI delivers interactive visualization and business analytics, and Tab-
leau supports data preparation, analysis, and collaboration. Infograms help create engag-
ing infographics and reports for data visualization. Olam Farmer Information System 
(OFIS) is a big data analytics technology that allows field staff to survey and record, on 
the spot, thousands of farms, the surrounding landscape, and the farmer’s social circum-
stances. The collected information is used to create detailed models that advise farmers 
and supply chain participants on maximizing effort, identifying risks and opportunities, 
and focusing resources such as training or infrastructure investment. The OFIS was ini-
tially launched in 2014 in Côte d’Ivoire as an initiative to understand the farm landscape 
of Olam’s cocoa suppliers. Since then, the platform has been rolled out across eight 
product categories, including coffee, cashew, cotton, and rice, in 30 countries, includ-
ing Brazil, Ghana, Indonesia, Mexico, Turkey, and Vietnam. By the end of 2018, 550,000 
farmers had been registered on the platform.

The big data pipeline comprises several crucial stages to transform raw data into 
valuable insights (Fig. 6). Initially, data extraction involves gathering data from various 
sources, such as sensors, databases, and social media, ensuring a comprehensive data-
set. These raw data are then stored in scalable storage solutions, such as data lakes or 
distributed file systems, to accommodate the large volumes and varied formats. Next, 
data processing and integration standardize and clean the data, and different data 
sources are merged into a cohesive dataset ready for analysis. Following this, data analy-
sis employs advanced algorithms and ML techniques to uncover patterns, trends, and 
actionable insights [34]. Finally, data visualization presents the analyzed data in an intui-
tive and accessible manner using charts, graphs, and dashboards, enabling stakehold-
ers to make informed decisions swiftly and effectively. This structured approach ensures 
that data flows seamlessly from collection to actionable insights, driving strategic 
decision-making.

Fig. 6  Stages of the big data pipeline
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6.2  Various applications of big data analytics in agriculture

Big data analytics is used in various agricultural processes, including agricultural 
machinery problem analysis, personalized production recommendations, price fore-
casts, agro-advisories, pest and disease identification, and autonomous robots and trac-
tors (Table 6).

6.2.1  Digital agro-advisory

Shah et al. [115] developed and implemented a big data analytic prototype for cotton 
crop advisory in the Ahmedabad district, Gujarat, India. Farmers who utilized real-time 
agricultural advisory services experienced economic benefits ranging from 22 to 379% 
greater [116]. Similarly, the “intelligent agricultural systems advisory tool– iSAT” deci-
sion support tool integrates past climate data, current weather conditions, and fore-
casts to provide pre- and in-season agro-advisories to farmers. These advisories have 
impacted both strategic and tactical decisions, leading to evidence of crop diversification 
in treated villages versus in control villages. Approximately 80% of the farmers utilized 
the information for harvesting decisions, 79% for sowing, and 65% for land prepara-
tion. Crop productivity in climate-informed villages increased by 1–56% compared to 
that in uninformed villages [117]. Digital advisory services play a crucial role in promot-
ing technology adoption among smallholder farmers. Asante et al. [118] reported that 
digital advisory services substantially increased the chances of embracing climate-smart 
agricultural methods such as row planting, zero tillage, and drought-tolerant seeds by 
12.4%, 4.2%, and 4.6%, respectively. Various factors impact farmers’ decisions to utilize 
digital advisory services, including age, gender, education, perceived pest and disease 
prevalence, and perceived drought pressure.

6.2.2  Disease identification and management

Digital image processing and model-based approaches accurately identify pests and dis-
eases. Integrating ML and image processing further enhances this by automating feature 
extraction, enabling cost-effective, early-stage detection, classification, and prediction 
of crop issues [119]. Kaur et al. [119, 120] developed a big data analytics framework to 
identify diseases based on symptom similarity and recommend solutions accordingly. 
The data are collected from various sources, such as laboratory reports and websites, 
and then cleansed and normalized to extract relevant information and features. The 
normalized data are stored in the Hadoop Distributed File System and processed using 
HiveQL, an SQL-like query language, to analyze agricultural data. By matching crop 
disease symptoms, the framework identifies disease names and proposes solutions in 
graphical form based on evidence from historical data [119].

The Big Data Analytics system architecture for pest and disease identification is pre-
sented in Fig. 7. The Smarter Pest Identification Technology (SPIDTECH) Android app 
was created to digitally identify and monitor insect pests and diseases in nine crops (cof-
fee, cacao, soybean, corn, banana, sugarcane, tomato, coconut, and rice) in the Philip-
pines. It can recognize 71 insects and 63 diseases and provides management strategies 
both in English and Filipino. Identification utilizes a trained MobileNetV2 convolutional 
neural network, achieving accuracy rates ranging from 55.7 to 73.3% with a dataset con-
taining 104 insects and 89 diseases [121].
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6.2.3  Automated decisions on irrigation and fertilization

A big data platform called esiFARM was developed in Italy and has four core compo-
nents: a data warehouse, a data transmission system, a data engine system, and a user 
panel. Real-time temperature, humidity, and crop volume data are collected by using 

Table 6  Different applications of big data analytics in agriculture
Purpose Country Technology 

used
Information/Ser-
vices provided

Advantage Develop-
ers & 
References

Agricultural 
machinery failure 
analysis

China Internet and big 
data analytics. 
MapReduce 
data analysis 
engine, Spark 
engine and 
Hadoop 
technology.

Machinery failure 
causes. Timely warn-
ing for maintenance 
requirements.

Reduce or 
eliminate number 
of breakdowns. 
Prevent loss of 
productivity and 
quality. Reduced 
maintenance cost 
and time.

[112]

Personalized 
production 
recommendations

Italy esiFARM web 
portal, big 
data analytics, 
Arduino MKR 
FOX 1200

Automated irrigation 
system. Information 
on weather and plant 
health.

Save water. 
Prevent losses 
due to weather 
hazards. Increased 
yield of fruits and 
vegetables.

FaMoSA 
(Farm 
Monitoring 
Systems for 
Agriculture)

Multipurpose wire-
less mobile robot

India IoT, Raspberry 
Pi 2 model B 
hardware

Moisture sensing, 
scaring birds and 
animals, spraying 
pesticides and switch-
ing ON/OFF electric 
motor.

Reduce labor re-
quirements. Real-
time monitoring.

[113]

Smart Assistant Japan GPS anten-
nas and other 
associated 
communication 
terminals

Visual surveillance, 
automation of agri-
cultural machinery.

Increase produc-
tion efficiency and 
operation status 
management.

Yanmar

Smart agricultural 
machinery informa-
tion service

China Internet, wire-
less communi-
cation and big 
data

Machinery position-
ing, dispatching, 
working area calcula-
tion and statistics.

Enhance effi-
ciency, safety, and 
productivity.

Ningbo 
Agricultural 
Machinery 
Station 
cooperated 
with Ningbo 
China Mo-
bile Branch

Agricultural Ma-
chinery Operation 
Management

China Beidou Satellite 
Navigation 
System, circuit 
system, data 
transferring and 
remote monitor 
and control

Positioning monitor-
ing, locomotive 
management, area 
statistics and soil tem-
perature and humid-
ity and locomotive 
speed in real time.

Enhance effi-
ciency, safety, and 
productivity.

Jointly de-
veloped by 
Zhengcheng 
Technology 
Company 
Ltd. and 
Jiangsu Bei-
dou Satellite 
Application 
Industry 
Research 
Institute 
[114].

iFarming: Providing 
scientific manage-
ment and business 
decisions

China Internet of 
Things and big 
data

Measure basic 
farmland data, collect 
location informa-
tion, and match with 
intelligent agricultural 
machinery.

Improve produc-
tivity, production 
efficiency, and 
minimized pro-
duction cost.

Revo Apos 
Group
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ground sensors and sensors on drones and satellites. These data are transmitted to the 
data warehouse via the LPWAN, GPRS/GSM, and Wi-Fi networks. The data engine 
system employs parallel calculations to create custom atmospheric evolution and plant 
growth models, facilitating personalized production recommendations [34]. Further-
more, irrigation systems automatically adjust external inputs to enhance agricultural 
productivity [112]. Zhang et al. [122] developed a system that utilizes the IoT and 
other technologies to monitor crop growth in real time, automatically collecting data 
and uploading it to Shandong Agricultural University’s central big data database. This 
database intelligently stores, screens, calibrates, mines, and extracts monitoring data to 
establish a crop growth model based on big data. This model predicts and forecasts the 
water requirements of crops during different growth stages, enabling automated deci-
sions regarding irrigation and fertilization.

6.2.4  Price forecast

Agricultural market prices are dynamic and nonlinear, posing challenges for accurate 
forecasting. Effective price prediction enables farmers to choose crops that maximize 
income [123], yet traditional models like ARIMA perform well only with linear trends, 
which is rarely the case in agriculture. This calls for more advanced approaches, such 
as ML models. Wang et al. [124], for instance, found that the SVM model effectively 
captures these nonlinear relationships in the garlic prices forecast. Notably, the ARIMA-
SVM hybrid model surpasses both standalone ARIMA and SVM in short-term price 
forecasting, demonstrating superior accuracy. Similarly, in Pakistan, the ML model 

Fig. 7  The architecture of a big data analytics system
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Long-Short-Term Memory (LSTM) outperformed ARIMA and Random Forest with a 
higher R2 value of 0.8 in the spinach prices forecast [123].

6.2.5  Enhancing food supply chain transparency and traceability

Concerns about food adulteration have been increasing, with incidents such as the 
intentional mislabeling of lower-quality food. Horsemeat was discovered in ground beef 
in the European Union [125], and 25% of seafood sold in Canada is mislabeled as more 
expensive varieties [126]. Big data analytics, in combination with DNA barcoding, sig-
nificantly enhances the transparency and traceability of global food supply chains. DNA 
barcoding and mini barcoding are increasingly used to verify the origins of food, thereby 
identifying mislabeled or adulterated foods [127, 128]. Big data analytics tools, such as 
ML and data mining, can efficiently process and analyze the large dataset generated 
by DNA barcoding (a technique that uses short genetic sequences to identify species), 
enabling the rapid identification of patterns, anomalies, and trends that may indicate 
food fraud. By combining the power of DNA barcoding and big data analytics, we can 
build a more robust and transparent food supply chain.

Gorini et al. [128] examined 212 food samples from various categories: seafood, 
plants, agricultural products, spices, and probiotics. Their analysis revealed that DNA 
barcoding accurately identified nearly 89% of the samples and confirmed its status as 
a fast and reliable method for ensuring quality and safety in the food field. Xing et al. 
[127] assessed the authenticity of 52 meat, poultry, and fish products from Chinese 
markets using mini- and full-barcoding. Nearly 23% of these samples were mislabeled 
or contained undeclared species. Mini-barcoding, a streamlined DNA sequencing tech-
nique, proved effective in detecting food fraud, especially in processed foods. Combin-
ing mini-barcoding with next-generation sequencing (NGS) offers a promising approach 
to identifying mislabeled food products. AI, leveraging ML algorithms, is transforming 
foodgrain quality assessment. It enables rapid and accurate identification of product 
quality by evaluating characteristics like color, texture, and kernel integrity across vari-
ous grains [119].

6.2.6  Precision weed control

Big data analytics automates the process of weed control in agriculture through systems 
that integrate autonomous vehicles with advanced GPS systems, drones, and digital 
libraries [105]. The IoT, cloud computing, mobile applications, and big data storage are 
technologies used to accomplish functions. The data sources are diverse and include offi-
cial government surveys and reports, weather stations, sensors, satellites, news feeds, 
social media, etc. The sensors are IoT-enabled and transmit live data to remote cloud 
servers, where they are studied and analyzed via machine learning applications in neural 
networks and logistics regression.

6.2.7  Detection of agricultural machinery failure

A novel platform for agricultural machinery failure analysis was developed in China by 
collecting and analyzing floor data from agricultural engineering machinery and lever-
aging the internet and big data technologies. The platform offers intuitive information 
on mechanical parts, failure causes, and maintenance requirements. It has access to 
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100 million data points, and its practical application has been demonstrated on numer-
ous farms across various provinces in China [112].

6.2.8  Soil physio-chemical property analysis

A Big Data environment for agricultural soil analysis from computed tomography 
images has been developed, incorporating three layers: source, big data environment, 
and applications. This system utilizes the Hadoop framework for processing computed 
tomography images and 3D reconstruction and includes statistical analysis of soil sam-
ples. The developed system serves as a comprehensive soil analysis tool to address agri-
cultural soil-related issues [129].

6.3  Challenges to the adoption of big data analytics

Big data comes with big challenges. The success of big data analysis in agriculture hinges 
heavily on the availability of accurate data and precise assessments of variability in space 
and time [130]. More data is not always better. Regularly collecting a targeted set of data 
streams is more valuable than aimlessly gathering a broad array of data. Therefore, when 
discussing big data, it is essential to emphasize the importance of high-quality data. Data 
safety and privacy are the other major concerns [111, 131]. The data collected by smart 
farming is valuable to competitors, hackers, or other malicious actors. Data breaches 
or unauthorized access to smart farming systems and devices could lead to the loss of 
sensitive information, such as financial data or personal information of farmers, or data 
manipulation, leading to significant financial and reputational damage [132, 133]. The 
ownership and control of data generated by smart farming technologies could be a con-
tentious issue. Farmers need to ensure that they retain control over their data and that it 
is not shared with third parties without their consent [134]. Smart farming technologies 
need to comply with various legal and regulatory frameworks related to data privacy and 
security. Farmers and their service providers should ensure that they comply with appli-
cable laws and regulations related to data collection, storage, and sharing and implement 
appropriate data security measures to protect sensitive data and maintain the trust of 
their stakeholders.

6.4  Intervention to overcome the challenges of big data analytics

Several guidelines are already in use in ASEAN and European countries to address data 
privacy and security issues. The Association of Southeast Asian Nations (ASEAN) frame-
work for personal data protection provides guidelines for ASEAN member countries. 
In 2018, ASEAN Telecommunications and Information Technology Ministers adopted a 
framework on personal data protection for digital data governance. Similarly, the Euro-
pean Union introduced the General Data Protection Regulation on 25 May 2018, which 
outlines six key data processing/protection principles (Fig. 8). Inadequate encryption of 
data in transit or at rest could leave data vulnerable to interception or theft. Farmers and 
their service providers should ensure that data are encrypted and secured at all stages 
of collection, storage, and transmission [135]. The problem of high capital investment 
can be partially addressed by using low-cost sensors and monitoring systems to collect 
data on soil moisture, temperature, and other factors [136, 137]. For example, low-cost 
multispectral sensors offer a viable alternative for automated weed control applications, 
providing accurate results. Although some misclassifications were observed in images 
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of small weeds and overlaps, along with minor over-segmentation, the overall accuracy 
(90%) demonstrated their potential [87]. Similarly, mobile app-based software platforms 
provide farmers with access to real-time data and analytics, helping them make more 
informed decisions about when to plant, irrigate, and harvest crops [5, 138].

7  Common challenges to the adoption of smart farming
The technology-specific challenges are discussed above individually under each respec-
tive technology. Here, we focus on common barriers to the adoption of smart farming, 
regardless of the specific technology. Many of the smart farming technologies currently 
available on the market are designed for larger commercial farms and may not be suit-
able for small-scale family farms due to their higher acquisition and maintenance costs 
[139, 140]. Many farmers, especially smallholders in developing countries, lack access to 
financial support for acquiring smart farming equipment. The heterogeneity of cropping 
systems and land fragmentation makes it infeasible for small landholding farmers to 
invest in smart farming technologies. The movement of machinery is restricted by small 
land holdings [140]. Cultural perceptions, resistance to adopting new technologies, and 
a lack of compelling success stories pose significant challenges for farmers consider-
ing investment in smart farming. Without clear and immediate benefits, farmers may 
hesitate to take risks and adopt new technologies, seeking evidence of their potential 
returns. Many smart farming technologies are still in the early stages of development, 
and it may take several years for them to become fully equipped.

An algorithm optimized solely for yield maximization, without considering local eco-
logical contexts or long-term sustainability, could inadvertently recommend practices 
that lead to environmental degradation in certain areas. Over-reliance on algorithms can 
devalue the generational knowledge and practical intuition of farmers. If they cannot 

Fig. 8  General data protection regulation for big data
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understand or challenge the algorithm’s decisions, their agency and critical thinking 
skills may diminish. As AI systems take over more decision-making processes, there’s a 
risk of “deskilling” farmers, reducing their active role in farm management to simply fol-
lowing automated instructions. Algorithms are only as good as the data they are trained 
on. If historical agricultural datasets predominantly reflect large-scale commercial farms 
in specific regions, an AI model trained on such data might generate recommendations 
that are unsuitable or even detrimental for smallholder farmers, those in different cli-
mates, or those practicing organic methods [105].

8  Interventions to overcome the challenges of smart farming
Traditional farming practices have a strong connection with farmers, and the transi-
tion to smart farming may not be easy for them. Farmers and other farmworkers require 
proper knowledge, information, and skills to effectively use smart farming tools [61, 
141]. Thus, farmers need training to enhance their digital literacy and understanding of 
smart farming technologies and their implications. Governments and development part-
ners should provide training and education programs on smart farming technologies to 
help farmers adopt new technologies [65, 142]. Regarding the willingness to adopt mod-
ern tools in agriculture, young farmers show more positive attitudes than older farmers 
[143]. Thus, capacity-building programs should target young farmers. Timpanaro et al. 
[141] found that public incentives and digital infrastructure are key to the adoption of 
innovative agricultural technologies. The high initial costs of equipment such as UAVs 
and robots can be managed through subsidies, tax exemptions, and other financial sup-
port to minimize investment costs. Farmers can also access these technologies through 
custom hiring or rental services provided by service providers [144]. Since most of this 
equipment is imported and thus expensive, encouraging local manufacturing could sig-
nificantly reduce costs. Nevertheless, the cost of technology decreases with time [145].

It’s crucial to develop “explainable AI” tools that let farmers understand algorithmic 
recommendations, fostering trust and enabling them to combine their expertise with 
technological insights. Each country should formulate national strategies to promote 
the automation of farming using robotics, data analytics, and sensor technology. Also, 
need to develop advanced agricultural technology parks in different parts of the coun-
try to train progressive farmers and early adopters, expose neighboring nonparticipating 
farmers to new technologies, and show the usefulness of the technology for short- and 
long-term management [140]. Governments and development partners should invest in 
research and development to improve smart farming technologies. This could involve 
developing technologies that are affordable, easy to use, and tailored to local conditions. 
A sustainable transition to smart farming requires an integrated approach that combines 
targeted incentives, training, and enhanced infrastructure [141]. Future research should 
investigate collaborative efforts between farms and technology providers and assess the 
impact of public policies on the widespread, informed adoption of smart farming tech-
nologies [141].

8.1  Policy interventions

(i)	National Agriculture 4.0 strategy and roadmap: Create a comprehensive national 
strategy with clear goals, timelines, and measurable targets for Agriculture 4.0 
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adoption. This should include specific sub-strategies for different farm sizes and types 
(e.g., smallholder vs. large-scale, crop vs. livestock).

(ii)	Invest in rural digital infrastructure: Prioritize and fund the expansion of reliable, 
high-speed internet (broadband) access to all rural farming communities. This 
includes incentivizing private sector investment in underserved areas. This will enable 
connectivity for IoT devices, cloud computing, and real-time data transfer.

(iii)	 Establish robust data governance frameworks: Enact legislation and regulations that 
clearly define data ownership (prioritizing farmer sovereignty), data access rights, 
usage permissions, and sharing protocols. Mandate transparent, understandable data 
agreements for all agri-tech providers. Conduct independent research on the ethical 
implications of data and AI in agriculture.

(iv)	 Create financial incentives and support programs: Implement grants, subsidies, 
low-interest loans, and tax credits specifically for farmers adopting Agriculture 4.0 
technologies. This will reduce the high upfront cost barrier, encourage investment in 
new technologies, and de-risk adoption for farmers. Tailor programs to be accessible 
to small and medium-sized farms. Develop tailored financial products (e.g., green 
loans, digital agriculture loans, pay-per-use models for technology) that consider the 
unique investment cycles and risks in agriculture. Work with farmers to assess the 
return on investment (ROI) of smart farming investments.

(v)	Fund research, development, and extension services: Increase public funding for R&D 
in agricultural AI, robotics, and sustainable precision farming practices. Focus R&D 
on practical, scalable, and affordable Agriculture 4.0 solutions for local contexts, 
especially for smallholders. Strengthen and modernize agricultural extension services 
to become hubs for Agriculture 4.0 knowledge transfer, offering hands-on training 
and technical support.

(vi)	 Promote digital literacy and capacity building: Develop and fund national digital 
literacy programs specifically designed for farmers, covering basic digital skills, 
understanding smart farming technologies, data interpretation, and cybersecurity 
best practices. Integrate these into existing agricultural training curricula.

(vii)	 Integrate sustainability and climate resilience: Design policies and incentives that 
link Agriculture 4.0 adoption with environmental benefits, such as reduced water and 
fertilizer use, lower greenhouse gas emissions, and enhanced biodiversity. Support the 
use of these technologies for climate change adaptation.

9  Conclusion
The evolution of agriculture, from the First Agricultural Revolution to today’s Fourth, 
has been transformative, reshaping production methods with each phase. The Fourth 
Agricultural Revolution represents a profound transformation, leveraging technologies 
like IoT, AI, big data analytics, UAVs, and agricultural robots to create a data-driven 
approach to farming. By automating farming practices and optimizing input usage 
through site-specific crop management, smart farming tailor’s practices to the spatial 
and temporal variability of agricultural production, boosting resource use efficiency, 
farm profitability and reducing external input use and environmental impact. Addition-
ally, it bolsters food quality, traceability, safety, climate resilience, and ultimately sus-
tainability. However, many developing nations and small landholders face barriers to 
adopting smart farming due to limited access to advanced agro-science technologies and 
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the digital divide between developed and developing countries, and between large-scale 
and smallholder farmers.

Challenges including high initial costs, fragmented land holdings, diverse cropping 
patterns, limited awareness and access to technology, skill deficits, inadequate infra-
structure, poor internet connectivity, and issues surrounding data privacy and ethical 
concerns, absence of supportive government regulations and policies, along with a lack 
of high-quality data for robust model creation, impede its widespread adoption. None-
theless, the adoption of specific components, such as UAVs, robots, smart irrigation, 
mobile-based decision support systems, and precision fertilizer applications, often in 
combination, both in developed and developing nations, is evident. Smart farming tech-
nologies like big data and AI remain in limited use and are still in developmental stages. 
Factors like labor shortages, higher wages, credit availability, well-developed infrastruc-
ture, higher education levels, and favourable government policies contribute to the 
uptake of smart farming in developed countries.

To increase smart farming adoption globally and ensure its equitable distribution, a 
holistic approach is essential. Crucially, establishing strong infrastructure, fostering pub-
lic and private sector investments, providing comprehensive skill transfer training for 
farmers, and implementing supportive government policies, regulations, subsidies, and 
tax exemptions are all vital steps toward accelerating global adoption and achieving a 
more productive, sustainable, and resilient agricultural future. Therefore, future research 
should focus on developing affordable sensors, open-source software solutions, context-
specific AI model development, and multipurpose equipment specifically tailored for 
small-scale family farms. Also, investigating the socio-economic impacts and equitable 
adoption strategies and assessing the long-term environmental sustainability of inte-
grated smart farming systems are important. By focusing on these areas, future research 
can bridge the existing gaps, mitigate barriers, and pave the way for a more inclusive, 
efficient, and sustainable global agricultural landscape driven by the Fourth Agricultural 
Revolution.
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