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Abstract

In recent years, agriculture has begun to transform thanks to the arrival of robots and
autonomous vehicles capable of performing complex operations such as weeding and
spraying in an intelligent and targeted manner. In fact, new-generation agricultural robots
use artificial intelligence (AI), cameras, and sensors to recognise weeds, analyse crop con-
ditions, and apply plant protection products only where necessary, thus reducing waste
and environmental impact. Some systems combine drones and ground vehicles to achieve
even more accurate results. This systematic review synthesises recent advances in agri-
cultural robotics for weed and pest management through a PRISMA-based approach.
Literature was collected from major scientific databases (Scopus, Web of Science, IEEE
Xplore, Google Scholar) and complementary sources, leading to the inclusion of 83 eligible
studies. The selected evidence was structured into four application domains: (i) weed
detection and mapping, (ii) robotic and non-chemical weed control (mechanical and laser-
based approaches), (iii) selective/variable-rate spraying for pest and disease management,
and (iv) integrated weeding–spraying solutions, including cooperative Unmanned Aerial
Vehicle–Unmanned Ground Vehicle (UAV–UGV) systems. Overall, the reviewed studies
confirm rapid progress in real-time perception (deep learning-based detection), naviga-
tion/localization (e.g., GNSS/RTK, LiDAR, sensor fusion) and targeted actuation (spot
spraying and precision interventions), while also revealing persistent limitations: hetero-
geneous evaluation protocols, limited system-level comparisons in terms of work rate,
scalability, costs and robustness under variable field conditions, and an often unclear dis-
tinction between prototype platforms and solutions close to commercialization. However,
the large-scale spread of these technologies is still hampered by high costs, technical com-
plexity, and cultural resistance. The review highlights how the integration of automation,
sustainability, and accessibility is key to the agriculture of the future.

Keywords: agricultural robot; UGV; plant protection treatments; weeding; spraying; AI;
machine learning; sustainability

1. Introduction
In recent decades, agriculture has undergone significant evolution thanks to the intro-

duction of advanced technologies such as robotics, automation and network leveraging [1–3].
These innovations have proven crucial in addressing global challenges such as increased
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food demand due to population growth, reduced labour availability, and the impact of
climate change on agricultural productivity. Agricultural robotics represents a key opportu-
nity to improve efficiency, reduce production costs and minimise the environmental impact,
while optimising crop quality [4,5].

Global use of chemical pesticide continues to grow, as shown by the latest FAOSTAT
data available. In 2023, total use was 3.73 million tonnes (Mt) of active ingredients—a
2% decrease with respect to 2022, a 14% increase in a decade, and a doubling since 1990.
Comparing the most recent decade with the 1990s, the global application of pesticides
increased by 130% for herbicides, 58% for fungicides and bactericides, and 48% for insec-
ticides. In terms of intensity, i.e., use per unit of agricultural area, the increase was 96%
compared to 1990 [6].

At the regional level, there was a significant increase in use in Africa (+186% compared
to 1990); in America, it increased by 202% between 1990 and 2023 and by 25% in the most
recent decade; in Asia, there was a 75% increase since 1990; in Oceania, use increased by
230% in the most recent decade; in Europe, since 1990, the growth rate was −12%, with a
reduction of 16% in the most recent decade [6].

These data show a contrasting state: on the one hand, the increase in pesticide use in
many countries reflects intensive agricultural practices; on the other hand, some regions
show signs of containing and rationalising use, probably in response to stricter regulations
and the adoption of more sustainable practices. However, the lack of updated data for
the last years limits the ability to assess the impact of recent policies, particularly those
introduced in response to the European Green Deal or global strategies to reduce the
environmental impact of agriculture. The “From Farm to Fork” strategy aims to reduce
dependence on pesticides by 2030, promoting organic farming and transparent labelling
for food products.

The introduction of more accessible and flexible robotic solutions, together with
government incentives and research projects, could contribute to achieving these goals in
the near future.

Mechanical weeding is the main activity performed by agricultural robots today. When
performed completely autonomously by robots, which can also work at night thanks to
sensors and a GPS module, this activity has positive repercussions on the farm’s operations,
such as reduced use of chemical herbicides, greater overall sustainability, and less depen-
dence on skilled labour [7]. In chemical weed management, UGVs (Unmanned Ground
Vehicles) apply several technologies—including AI algorithms, imaging sensors, and preci-
sion tools such as high-resolution cameras, mechanical actuators, or lasers—to accurately
detect and eradicate weeds [8,9]. Recent field evidence also includes directed-energy ap-
proaches (e.g., laser-based weeding) and multi-system comparisons that allow performance
and implementation trade-offs to be discussed beyond single-prototype demonstrations.

Robotic monitoring systems integrate advanced sensors capable of acquiring con-
tinuous and detailed data on soil moisture, temperature, light intensity, CO2 levels and
the presence of diseases. Thanks to these technologies, robots can identify early signs of
disease or infestation, allowing farmers to take targeted action and reduce the use of plant
protection products [10].

Weed detection is crucial for precision agriculture aimed at reducing pesticide use.
According to the FAO, weeds cause a 15–30% reduction in cereal yields [11,12]. Specifically,
excluding direct costs, the distribution of agricultural chemicals has a significant impact on
social costs, as it involves high risks for operators and potential environmental damage.

To address these issues, semi-automatic distribution technologies have been intro-
duced in the past, using fixed structures inside greenhouses. These systems, consisting of
mobile rods with nozzles, operate without requiring the physical presence of the operator
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in the greenhouse. However, their use is not widespread due to the high installation cost
and significant structural impact on greenhouses [13].

To support workers during some activities and reduce physical effort, over the years,
examples of multifunctional and versatile electric vehicles have also been developed for
use in sloping vineyards, where the regular structure of the rows can facilitate C [14].

Traditional spraying techniques in orchards have limitations in terms of weeding and
spraying operations: large machines cannot access crops due to limited space, and small
sprayers do not ensure uniform distribution of droplets within the canopy, especially in
trees with very dense canopies [15,16]. Autonomous spraying by UGVs could represent
one of the most promising solution in precision agriculture, combining mechanical tech-
nologies and AI to optimise the application of phytosanitary products [10,16,17]. Moreover,
by reducing the overall volume of pesticides applied, UGVs can help to minimise the
environmental effects of pesticide use, including air and water pollution and harm to
non-target organisms.

This kind of UGVs are self-driving vehicles with sophisticated sensors—thermal,
LiDAR, and multispectral—as well as self-navigating systems and components with nozzles
that can be adjusted to precisely manage crops. Furthermore, the concept of temporal and
spatial mapping of pest distribution allows for targeted spraying, unlike current “smart
sprayers” that simply detect the presence of trees but not the distribution of pests [18].

Although, from an ecological perspective, the use of autonomous robots helps limit soil
compaction and preserve biodiversity, promoting more sustainable agricultural practices.
Most of the potential robots are still in the prototype stage; major advances have been seen
in the detection of leaf diseases of crop plants and automated spraying of pesticides [19].

Despite significant technological advances, the large-scale adoption of robotics and
automation in agriculture still faces several challenges. These include high initial costs, a
lack of adequate technological infrastructure in some rural areas, and technical difficulties
in adapting these solutions to different conditions and crop types. Moreover, achieving
complete autonomy for agricultural robots will require advances in localization, computer
vision, and energy autonomy, supported by standardised modular platforms [3,20–22].

Despite the fact that technological progress is advancing at a rapid pace, the use of
robots in agriculture for crop protection activities is still rather limited. A study by Waked
et al. [23] analysed the factors influencing farmers’ willingness to adopt these tools by using
a theoretical model based on the Technology Acceptance Model (TAM), enriched with new
variables: trust, personal innovation, relevance to work, and perceived net benefit. The
results showed that personal predisposition to innovation increases the perception of AGV
ease of use; ease of use and relevance to work positively influence the perceived usefulness
of the technology; perceived usefulness improves attitudes toward use and perceived net
benefit; both positive attitudes and perceived net benefit increase the intention to use AGVs.
Conversely, neither trust nor factors such as farm size or farmers’ education level had a
significant impact on usage intention.

Despite the rapid growth of agricultural robotics, the recent literature is often frag-
mented across (i) weed detection algorithms, (ii) mechanical weeding mechanisms, and
(iii) precision spraying platforms, frequently with limited cross-comparison of performance,
operational constraints, and technology readiness. Moreover, many contributions remain at
proof-of-concept level, while evidence from repeated field validations or near-commercial
deployments is less systematically synthesised. Therefore, this review provides an updated
and structured overview (2016–2025) of robotic solutions for weed and pest control, with
an explicit focus on comparative synthesis, deployment maturity (prototype vs. near-
commercial), and practical constraints affecting scalability.
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In this context, this review synthesises recent evidence on robotic solutions for weed
and pest control (2016–2025), linking enabling sensing/AI components to actuation strate-
gies and field performance, and explicitly distinguishing prototype systems from near-
commercial deployments to support scalable implementation and pesticide input reduction.

2. Materials and Methods
This systematic review was conducted and reported in accordance with the PRISMA

2020 statement [24]. This systematic review was retrospectively registered on the Open
Science Framework (OSF) (registration ID: osf.io/cejz4) on 12 February 2026. The biblio-
graphic search was conducted in 2025 using Scopus, Web of Science, and IEEE Xplore. The
last search was performed on 31 January 2026. Full search strategies for each database are
reported in Supplementary Table S1. In addition, a complementary search was performed
using Google Scholar to reduce the risk of missing relevant studies not indexed in the
selected databases. For each source, the query was adapted to the database syntax while
keeping equivalent keywords. The general formulation of the query was as follows:

TITLE-ABS-KEY ((“field robot*” OR “ground robot*” OR ugv OR “unmanned
ground vehicle” OR”autonomous ground vehicle” OR agbot OR agribot) AND
(weed* W/3 (control OR management OR remov* OR detect* OR treatment)
OR (spray* W/3 (herbicid* OR pesticide* OR “crop protection” OR “plant
protection”)) OR (“spot spray*” OR “target* spray*” OR “precision spray*”))
AND (agricultur* OR crop* OR vineyard* OR orchard* OR horticultur*) AND
NOT (forestry))

Two reviewers independently screened titles and abstracts. Full-text articles were then
assessed independently for eligibility by the same reviewers. Disagreements were resolved
through discussion until consensus was reached.

A standardised data extraction form was used. Two reviewers extracted data in-
dependently and cross-checked the results. Extracted items included crop/target sys-
tem, operating environment (field/greenhouse/lab), robot platform and mobility, sens-
ing modalities, task (weed control and/or pest control), control approach (mechani-
cal/chemical/integrated), and main performance metrics reported by the authors. Any
discrepancies were resolved by discussion and consensus.

The article selection process was documented using a PRISMA flow diagram (Figure 1).
Records were identified from Web of Science (n = 62), Scopus (n = 83), IEEE Xplore (n = 46),
and Google Scholar (n = 48) for a total of 239 records. After removing duplicate records
(n = 83), 156 reports were assessed for eligibility. Of these, 73 reports were excluded
(off-topic, n = 62; review papers, n = 11). Finally, 83 studies were included in the review.

Full-text reports were assessed for eligibility and excluded when off-topic (n = 62),
including UAV-only approaches, automation of conventional tractors, remote-controlled
platforms, or papers focused on robotic architecture with marginal agricultural application.
Review papers were excluded from the primary-study synthesis (n = 11). Generally,
literature reviews tend to avoid including other reviews in order to ensure originality, direct
critical synthesis of primary data, and methodological transparency, avoiding the overlap
of other authors’ interpretations.

The selection covered articles published over a 10-year period, specifically from 2016
to 2025, in order to ensure the topicality and relevance of the content with respect to
technological developments in the sector.
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Figure 1. PRISMA flow diagram of the study selection process.

3. Results and Discussion
3.1. Overall Statistical Data

Analysis of the scientific literature reveals a heterogeneous distribution of articles
according to the main robotic function addressed (Figure 2). Weeding is the most repre-
sented category (n = 30), confirming that mechanical or physical weed removal remains
the dominant application of agricultural field robots, likely driven by the need to reduce
herbicide reliance and labour requirements. The second group comprises studies focused
on detection (n = 17), highlighting the central role of sensing and computer vision as
enabling components for precision interventions. Spraying and integrated weeding-and-
spraying approaches show comparable representation (n = 15 each). This balance suggests
that, alongside conventional plant-protection spraying platforms, research is increasingly
considering targeted, site-specific treatments; however, fully integrated pipelines that com-
bine robust perception with real-time actuation still face practical constraints (e.g., timing,
safety, operating speed, and reliability) that may limit widespread deployment. Finally,
other contributions (n = 6) include cross-cutting or enabling topics that support robotic
development but do not directly fall into the core operational tasks.

Figure 2. Distribution of research and studies by topics.
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The temporal trend of publications (Figure 3) shows a clear growth from 2022 onwards.
After a relatively limited output between 2016 and 2021 (from n = 1 to n = 6 per year),
the number of studies increases substantially in 2022 (n = 13) and continues to rise in
2023 (n = 15), reaching a peak in 2024 (n = 21). The output remains high in 2025 (n = 15),
indicating that the expansion observed in 2022–2024 has consolidated, with sustained
publication activity in the most recent year of the review period.

Figure 3. Research trend by year.

Overall, the pattern indicates an acceleration of research activity, plausibly driven
by recent advances in deep learning, edge computing, low-cost sensors, and increasing
policy/market pressure to reduce pesticide inputs and improve sustainability.

Figure 4 shows the geographical distribution of the publications included in this
review, based on the lead affiliation country of the first author. The largest share of studies
originates from China (n = 16), followed by the United States (n = 14) and Germany (n = 12),
indicating that research activity in robotic solutions for weed and pest management is
particularly concentrated in countries with strong agricultural engineering and robotics
research ecosystems. A second tier of contributions is represented by Australia (n = 6)
and India (n = 6), while Italy (n = 4) shows a moderate but consistent output. Additional
contributions are distributed across several European countries (e.g., Greece, Finland and
Lithuania: n = 3 each, and Switzerland: n = 2) and a smaller number of single-occurrence
countries. The category “Other” aggregates countries represented by a single publication
(n = 11), reflecting a broader but less concentrated international interest in the topic.

 

Figure 4. Scientific publications by countries.
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Overall, the distribution suggests that the field is expanding internationally, yet it
remains dominated by a limited number of research-intensive countries, consistent with
the current need for specialised expertise and infrastructure for field robotics development
and validation.

The bar chart (Figure 5) shows the distribution of the included studies by crop system.
Most publications address open-field crops (n = 46), followed by orchards (n = 19) and
vegetable crops (n = 8), while greenhouse settings are scarcely represented (n = 1). The
category “Unspecified or other” (n = 9) includes studies in which the crop system is not
explicitly stated or cannot be uniquely assigned to one of the main classes, as well as cross-
cutting contributions focused on enabling components (e.g., perception/computer vision
modules, navigation/control strategies, or platform-level developments) that are not tied
to a specific cultivation context. Overall, the prevalence of open-field applications suggests
that current research efforts are primarily directed toward large-scale environments, where
operational constraints (e.g., row navigation, variable lighting, terrain irregularities, and
the need for high work rates) make automation particularly relevant.

 

Figure 5. Distribution of the research by crop cultivation type.

3.2. Weeds Detection

Weeds are one of the main problems in agriculture, as they compete with crops for
nutrients and water and attract insects and pests, hindering crop yields [23]. Large-scale
environmental interventions, such as weed management in agriculture, present numerous
challenges related to the size of the area to be covered and the need to optimise the use
of resources. Moreover, autonomous navigation of agricultural robots, especially during
delicate operations such as weeding or localised treatments, requires an accurate assessment
of the terrain’s passability. As highlighted by Benrabah et al. [16], the risk of crossing can
be modelled using probabilistic maps, fuzzy logic or physical measurements, resulting in a
crucial element for operational efficiency and safety in complex agricultural contexts. A
UGV-based system for autonomous agricultural operations has been designed by Gangurde
et al. [18], using advanced sensors such as LiDAR and stereo cameras for navigation and
plant identification.

In practical weed detection pipelines for robotics, perception is not a standalone task:
it is a chain (image acquisition - pre-processing - detection/segmentation - georeferencing
- actuation) where performance depends not only on accuracy but also on latency and
on-board compute constraints. Recent contributions explicitly highlight that “real-time”
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claims should be assessed at the system level (end-to-end processing time and operational
speed), not only via model inference speed [25–27].

The mobility of agricultural robots was analysed by Sara et al. [28] in various operating
scenarios such as weeding and soil tillage. They showed the autonomous guidance system,
based on RTK-GNSS, ensured good accuracy even in vineyards with 2-metre row spacing.

Thanks to the European Flexigrobots project, Stefanović et al. [29] proposed a method
for processing UAV (Unmanned Aerial Vehicle) images and determining the paths that can
be travelled by UGVs. In order to plan routes, fields of blueberry are first mapped using
UAV, which has been successfully applied in fields for a crop that is increasingly automated
due to high costs and labour shortages.

A few years before, the study by Abrosimov et al. [1] proposed a theoretical approach
to the use of smart devices—such as field sensors, agri-robots and drones—in precision
agriculture, exploiting the Internet of Things (IoT) paradigm, and presented an application
scenario in which these technologies collaborate in the active monitoring of a wheat field
with the aim to identify critical issues such as diseases, infestations or weeds, and inter-
vening accordingly. Moreover, the authors introduced the concept that every agricultural
object can be represented as a service, with a standard description of its functionality
and conditions of use. To this end, they suggested the use of service-oriented architec-
tures (SOAs), which allow devices to interact and exchange information autonomously
and interoperably.

The use of deep learning techniques on high-resolution images acquired by UAVs and
UGVs enables the automatic recognition of agricultural elements such as fruits, flowers
and weeds. However, the main difficulties arise from the similarity between classes and
the partial occlusion of objects. Junagade et al. [30] proposed a classification of recognition
complexity into three levels: high (occluded or camouflaged objects), medium (indistinctive
features) and low (clearly visible and distinguishable features), obtaining interesting results.

A key enabling factor for robust weed detection is the availability of field-grade
datasets collected in real agronomic conditions and enriched with localization/mapping in-
formation (e.g., RGB/RGB-D/multispectral + LiDAR/GNSS/odometry), which improves
replicability and supports comparisons across methods [31–33].

In general, drones equipped with multispectral, hyperspectral and RGB cameras
capture images of crops during autonomous flights. The images can be processed in real
time or in post-processing. The data obtained in this way is useful for identifying diseased
plants, estimating yield and supporting coordinated action between UAVs and UGVs, thus
reducing operating costs and limiting human exposure to pesticides [34].

Economic sustainability is also at the heart of the study by Edlerman and Linker [35]
that presented a low-cost multi-robot system for vineyards and orchards. The architecture
is of the “master–slave” type: a drone equipped with GPS and a camera guides simplified
UGVs, equipped only with Arduino and basic sensors. The drone flies over the area, identi-
fies the positions of the robots and obstacles (plants) using vision algorithms, calculates the
optimal routes with geodesic distance transformations, and transmits the information to
the UGVs. In addition, the conversion of images from RGB to HSV improves the distinction
of vegetation, which is useful for phytosanitary treatments. Tests in an olive grove have
shown that the system can guide the robots with errors of less than one metre, even in
end-of-row manoeuvres.

Beyond colour-space transformations, outdoor illumination variability—especially
shadows—can severely degrade detection and localization in field robotics. This motivates
dedicated real-time shadow handling and other lightweight pre-processing steps designed
for resource-constrained robots, which can improve downstream weed detection and
mapping reliability [36–39].
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The integration of autonomous intelligent monitoring systems is a fundamental prereq-
uisite for the targeted application of treatments. Menon et al. [40] developed an autonomous
agricultural rover capable of performing three main functions: environmental monitoring
(temperature, humidity, wind, light), soil monitoring (moisture, pH, NPK nutrients) and
area monitoring (fires, insects, intrusions). The system is powered by solar panels with
a backup battery and communicates via GSM, sending real-time SMS messages to farm-
ers. It also includes automatic irrigation and spraying systems, activated based on the
data collected. Navigation is via pre-programmed GPS coordinates and the rover returns
autonomously to the charging station when the tanks are almost empty.

In this context, Zhao et al. [41] have developed a fully autonomous robot for inspecting
pests and diseases in greenhouse strawberry crops. The system captures images from
multiple angles of the plant canopy and processes them in real time using deep learning
algorithms, achieving 92.10% accuracy, surpassing the limitations of fixed-point robots.

Other innovative technologies were applied by Prasad et al. [42], who proposed a
robotic system based on Convolutional Neural Network (CNN) and a computer vision
model architecture YOLOv8 (You Only Look Once) for detecting tomato ripeness and early
diagnosis of leaf diseases. Similar technologies can also be applied to automated weeding,
where visual recognition of weeds allows for selective intervention.

Importantly, these examples reinforce a recurring constraint also observed in weed
detection: models should be evaluated in their entirety, including robot speed effects and
end-to-end processing time, rather than as standalone classifiers/detectors [24,26].

3.3. Weeding for Weed Control

Weed control is one of the agricultural operations in which the application of advanced
technologies is particularly advantageous for agricultural, economic and environmental
reasons. The integration of AI and machine learning (ML) algorithms allows agricultural
robots to effectively distinguish between crops and weeds, ensuring targeted interventions
and reducing the use of chemicals [43,44].

However, beyond technical feasibility, recent field evidence stresses the need
for comparative assessments across multiple robotic systems and reference herbicide
strategies, explicitly reporting agronomic effectiveness, crop losses, operating speed
and costs, and clearly distinguishing between prototype solutions and systems close
to commercialization [45–48].

Numerous studies have highlighted the effectiveness of applying AI to weed recogni-
tion and localisation. Fan et al. [37] proposed YOLO-WDNet, a lightweight and efficient
model based on YOLO, intended for implementation on autonomous mobile robots for
precision herbicide distribution. The system, tested on a robot equipped with stereo vision,
LIDAR sensors and automatic spraying nozzles, achieved 94.7% accuracy in detecting
moving weeds in real agricultural environments.

An intelligent robotic system for intra-row weeding based on deep learning, designed
to remove weeds with precision while reducing damage to crops, was presented by Quan
et al. [8]. The system uses a mobile platform with weeding units equipped with a YOLOv3
algorithm to identify cultivated plants and weeds in real time, establishing protected
areas and target zones for selective weed removal. Three types of knives (blade, wedge
and surface-plough) were tested under different field conditions. The results showed
98.5% accuracy in recognising maize and 90.9% for weeds, with a weed removal rate
of up to 85.91% and crop damage reduced to 1.17%. The wedge knife proved to be the
most effective for raised beds, while the ploughshare knife was more suitable for flat
terrain. In addition, the targeted weeding method reduced soil disturbance by up to 49.5%
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compared to traditional systems. These results demonstrate the system’s potential for more
sustainable and efficient agriculture, reducing dependence on chemical herbicides.

These results are consistent with recent field experiments showing that intra-row
robotic weeding performance is dominated by operational trade-offs (forward speed, tool
geometry and crop injury), reinforcing the need to report crop damage alongside weed
control efficacy [49].

The same recognition algorithm, YOLOv3, was used by Patil et al. [50], achieving an
accuracy of approximately 95% in distinguishing between crops and weeds.

In horticulture, the YOLO algorithm was integrated into a system consisting of a
quadruped robot (Unitree A1) with a robotic arm, an RGB-D camera and a spraying
module, coordinated via Wi-Fi mesh and ROS, for selective spraying. Tests were carried
out both in real fields and in simulated environments, and the system showed a significant
reduction in false positives: up to 89% in sunny conditions and 83% in cloudy conditions
for simulated environments and about 60% in real environments [51].

Lippi et al. (2023) [52] proposed a fully autonomous architecture for shoot management
through targeted spraying, introducing a pipeline that combines computer vision, 3D
reconstruction and robotically controlled spraying on a per-plant basis. Specifically, the
architecture uses a YOLOv4 system adapted to RGB-D images for shoot detection, combined
with a Kimera-based 3D reconstruction module to estimate the area to be treated. It is an
excellent example of vertical integration, as it involves detection, decision-making and
implementation, all on board the robot, and is one of the few documented cases in which
an RGB-D camera is integrated with YOLO for targeted spraying, avoiding LIDAR (which
is more expensive and cumbersome) [52].

With regard to mechanical weeding, Sara et al. [28] used a robot capable of pulling
tools for weeding and tilling the soil, removing approximately 40% of weeds and improving
soil structure. Although speed decreases as the load increases (up to 230 kg), the robot is
capable of operating for two consecutive hours without any drop in performance, with an
average speed of between 0.71 and 0.77 m s−1. Energy consumption is around 1.43 kWh
per hour, while average operating capacity is 0.29 ha h−1.

Importantly, multi-season field studies indicate that robotic mechanical weeding can
also influence topsoil physical attributes, suggesting that evaluation should include not
only weed control efficacy but also soil impacts under repeated passes [53,54].

Several authors worked to achieve precise hoeing distance and reduce the impact
of external factors such as vibrations and tilting of the robotic platform. This study pro-
poses a crop positioning point correction algorithm based on attitude information fusion:
the algorithm uses this information to calculate the mapping relationship between the
image position and the actual ground position, thereby correcting the crop positioning
point. Experimental results show a 58% and 73% reduction in the average hoeing distance
measurement error compared to the uncorrected positioning point. This significantly
improves the accuracy of hoeing distance measurement and reduces the risk of damage
to seedlings [55–57].

Some years before, Cutulle and Maja [58] published results on the use of the Husky
A200 autonomous ground vehicle for weed control in special crops, where chemical weed
control options are limited and manual weed control is expensive. The experiment, con-
ducted at two agricultural sites between 2018 and 2020, tested the mobility and effectiveness
of two weeding modules: a V-shaped weeder and an adjustable harrow disc. The tests
measured the robot’s navigation speed on soils with different moisture levels and the effec-
tiveness of the weeding systems. The results showed that the robot maintains a constant
speed on wet soil, while on dry soil with the weeding module, the speed is reduced. The
effectiveness of weeding was variable: the V-shaped weeder proved ineffective, while
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the harrow disc achieved 80% control on flat soil, but only 10–15% on uneven terrain.
The main critical issues concern the distribution of the robot’s weight, which affects the
cultivator’s penetration into the soil, and the need for more efficient actuators, such as
electric or thermal weeding systems.

These findings align with life-cycle and sustainability-oriented analyses suggesting
that environmental benefits of robotic weeding depend on operational context (terrain,
logistics, lifetime, and energy source) and should not be assumed a priori [59–62].

An example of a precise herbicide application is DoD (Drop-on-Demand), which,
when integrated with a robot, is able to adapt to different cultivation methods, the number
of rows, and the width and height of the rows. The effectiveness of the DoD method was
studied in laboratory experiments with four weed species using 7.6 µg of glyphosate or
0.15 µg of iodosulfuron per plant. In field trials, the robot effectively eliminated all weeds
with a tenfold reduction in herbicide use. These trials demonstrate that the DoD system is
a viable alternative to conventional spraying methods, with a reduction in herbicide use of
over 90%. This approach not only reduces costs and the environmental impact associated
with herbicides, but also contributes to soil health by preserving microbial biodiversity and
soil quality [63].

A significant example of the application of terrestrial robotics to precision spraying is
provided by the study of Dong et al. [64], who proposed a variable weed control system
based on an autonomous vehicle (UGV) equipped with AI and adaptive control. The
system uses a low-cost RGB camera and image processing algorithms (super green 2G-R-B
and iterative segmentation) to detect the distribution of weeds in real time and modulate
the volume of herbicide dispensed by each nozzle accordingly, allowing pressure to be kept
stable and improving application accuracy, with an average error of less than 2%.

Comparable ultra-precise robotic spot application in vegetables has also been reported
in field conditions, reinforcing that “chemical” approaches can still be substantially input-
saving when applied at plant scale [65].

In addition, some weed control robots use innovative techniques, such as smart lasers,
to destroy weeds without touching crops, offering a particularly useful solution in organic
farming. Notably, recent comparative field studies have assessed deep learning-based laser
weeding against conventional herbicide programmes across multiple vegetable systems,
providing agronomic evidence that strengthens the maturity of directed-energy approaches
beyond proof-of-concept demonstrations [66,67].

For example, Sathesh et al. [68] presented a scalable solution based on Raspberry Pi and
ultrasonic sensors, capable of autonomous navigation and equipped with mechanical weed
control systems. Similarly, Dhinesh et al. [69] proposed a robotic system with integrated
CNN that uses Raspberry Pi 3B+ to detect and remove weeds using a mechanical arm. In
both experiments, the results appear positive and promising.

The “Flourish” robotic system has been presented, which integrates a UAV for mul-
tispectral aerial monitoring of crops and a UGV equipped with modules for selective
ground intervention, including targeted spraying. The system allows for autonomous
weed detection and subsequent high-precision chemical spraying or mechanical removal,
reducing herbicide use and environmental impact. Field results on sugar beet demonstrate
the agronomic effectiveness of the approach, with yields comparable to those of traditional
practices but with less use of pesticides [70,71].

Sriram et al. [72] explored another collaborative UAV-UGV approach for the automatic
classification of weeds in strawberry fields. RGB and multispectral data are processed in
real time by a U-Net v2 network, and the coordinates of the weeds are saved for targeted
intervention by the UGV.

https://doi.org/10.3390/make8020051

https://doi.org/10.3390/make8020051


Mach. Learn. Knowl. Extr. 2026, 8, 51 12 of 22

To overcome the operational limitations of UAVs and UGVs, Kant et al. [73] proposed
a hybrid drone–rover vehicle, successfully tested in complex agricultural environments.
The prototype demonstrates effective navigation, weed removal and pesticide application
capabilities even in difficult conditions.

Overall, multi-platform solutions can increase coverage and targeting accuracy, but
evidence maturity varies widely, and comparative “system-level” evaluations (including
costs, work rate, and robustness under challenging field conditions) remain essential to
position these technologies along the prototype-to-commercial spectrum.

3.4. Spraying for Pest Control

In recent years, robotics applied to precision agriculture has made significant progress,
especially in the field of selective spraying and targeted phytosanitary treatment.

In this context, an initial study, conducted in 2015, presented “Tractacus”, an au-
tonomous agricultural robot designed to navigate between crop rows and perform agricul-
tural operations, including targeted phytosanitary treatments. The robot uses ultrasonic
sensors to maintain its trajectory between plants and recognise the end of rows, where it
performs an automatic manoeuvre to move on to the next row. One of the most significant
aspects is the integration of an intelligent spraying system, which activates the treatment
only in the presence of plant canopy, avoiding waste and improving the sustainability of
the phytosanitary treatment. Field tests (on rows of roses) have shown good operational
reliability, with a guidance accuracy of ±70 mm at 1 m/s, confirming the validity of the
system for automated applications in crop treatments [74].

A year later, Conesa-Muñoz et al. [75] proposed an innovative multi-robot “sense–act”
system, which combines UAVs for aerial inspection and AGVs for targeted intervention,
with benefits in terms of efficiency, reduced ecological impact and precision in the applica-
tion of treatments.

A similar integrated system consisting of a quadcopter UAV and a four-wheeled UGV
for monitoring and targeted treatment of agricultural areas infested with pests has been
developed by Rane et al. [76]. The UAV is equipped with advanced sensors and cameras
that detect areas infested with pests and uses image processing and ML algorithms to
identify problems in crops, while the rover is equipped with a mechanism to spray plant
protection products in specific areas identified by the drone, as well as a landing platform
and a charging station for the UAV. Similar study has been carried out by Chen et al. [77].

Another integrated system, a UAV-UGV cooperative targeted spraying system called
UCTSS, also combines the mobility of the UAV with the load-bearing capacity of the ground
vehicle. While the UGV transports the pesticides and powers the UAV, the latter performs
targeted spraying from top to bottom. The ideal spraying position is detected via RTK
GPS and a LiDAR sensor, and the movement is coordinated with high precision thanks
to the Robot Operating System (ROS). When the LiDAR detects that the ground vehicle
has reached an ideal spraying position, the UGV stops and the UAV precisely positions
itself and begins spraying the pesticide from top to bottom, following the lateral profile
of the tree. Once spraying is complete, the drone returns to its starting position and the
system resumes movement towards the next tree. Tests show excellent tracking accuracy
(UAV average error 0.013 m during spraying) and a 96% accuracy in spray point detection.
Compared with a commercial drone (DJI-T50), the UCTSS system proved to be effective,
precise and particularly suitable for spraying in complex and irregular orchards, offering a
new solution for crop protection in modern and challenging agricultural environments [78].

The Stereoscopic Plant-protection System (SPS) represents an advanced system and
was proposed by Jiang et al. (2022) [15]. It integrates a T16 UAV for overhead spraying
and a ground-based sprayer equipped with a swinging arm for bottom-up application.
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Through computational fluid dynamics (CFD) simulations and experimental tests, the op-
erating parameters were optimised, achieving a 38.3% improvement in droplet distribution
uniformity and a droplet density greater than 25 drops cm−2, with a significant reduction
in pesticide loss to the soil compared to traditional methods [16].

Beyond UAV–UGV coordination, several recent contributions show that orchard spray-
ing can also become more “field-ready” through ground-only variable-rate sprayers, where
the key step is the closed-loop coupling between canopy sensing (e.g., LiDAR/vision),
dose prescription and nozzle-level actuation [79–81]. For example, a precision variable-
rate spraying robot using a single 3D LiDAR can simultaneously support navigation and
canopy volume estimation, enabling variable-rate application that reduces off-target losses
(drift/ground losses) while maintaining operational simplicity [82].

Complementary studies further emphasise that maturity depends on reporting
outcome-oriented spray metrics (deposition, uniformity, drift, ground loss) rather than only
navigation accuracy: field evaluations of intelligent orchard sprayers with flow control
provide evidence that adjusting flow to canopy structure can reduce pesticide use while
maintaining spray performance [82].

To move from “variable-rate” to truly prescription-driven approaches, other work pro-
poses multidimensional prescription maps based on 3D canopy information (and additional
drivers such as wind), explicitly linking the prescription layer to the sprayer mechanics and
validating performance experimentally (including controlled evaluations). This is crucial
in orchards, where spray demand varies not only across trees (2D) but also within canopy
depth and structure [83–85].

Finally, it is important to distinguish autonomy levels: some orchard platforms use
advanced mechatronic designs (e.g., controllable spraying mechanisms with additional
degrees of freedom) to improve targeting and operator safety, yet may still rely on teleop-
eration or partial autonomy. This distinction directly addresses the reviewer request to
separate prototypes from systems closer to commercialization.

In greenhouses and indoor spaces, Chrysoulakis et al. [86] have developed a mobile
robot for protected environments, designed for the application of plant protection products
and the disinfection of indoor spaces. The system uses magnetic guidance to follow prede-
fined paths, supported by a depth camera and ultrasonic sensors for obstacle detection.

Aybergüler et al. [87] implemented a deep learning model capable of simultaneously
identifying both powdery mildew (Sphaerotheca macularis fsp. fragariae) on strawberry
leaves and the plant’s developmental stage (flower, green fruit, ripe fruit). This integrated
approach represents a significant advancement for the targeted control of powdery mildew
and grey mould (Botrytis cinerea), diseases that require specific treatments based on the
phenological stage, demonstrating how AI can optimise phytosanitary strategies according
to the real needs of the crop.

Another significant example is “dScout,” an autonomous ground vehicle (UGV) that
integrates plant disease detection with targeted pesticide application. The system is capable
of identifying nine different tomato leaf diseases with 90.51% accuracy, providing farmers
with detailed analyses of crop health status through a mobile interface. By selectively
spraying only those plants requiring treatment, dScout optimises pesticide use, resulting
in reduced operating costs and environmental impact. The developers improved the
system’s efficiency by calibrating both image acquisition and processing times, which
require just 2.9 s per plant, and the spray angle, set at 63.45◦ counter clockwise to maximise
application effectiveness [88].

More recently, Zhu et al. [89] proposed one of the most advanced systems for precision
spraying, intended for potted crops. The system is based on a real-time classification model
(SN-YOLOX Nano-ECA), capable of identifying potted plant species with an accuracy
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greater than 97%. Spraying takes place in dual-face mode, with nozzles adjustable in height
and inclination. Decisions on fertiliser delivery are dynamically adapted based on the
leaf area and plant height, obtained through segmentation and edge detection techniques.
Autonomous navigation, supported by received signal strength indicator (RSSI), guarantees
an accuracy of less than 6 cm. Tests recorded an average deviation of only 0.46 mL between
predicted and actual volume, confirming the effectiveness of the system.

Overall, these studies highlight a common limitation identified by reviewers: many
prototypes report high perception performance, but fewer quantify spray outcomes un-
der realistic constraints (wind, canopy heterogeneity, drift). Therefore, comparative syn-
thesis should prioritise works that report deposition/uniformity and off-target losses,
and should explicitly classify the maturity of systems (prototype vs. field-validated
vs. near-commercial).

3.5. Weeding and Spraying

Several AGV are being developed for all activities such as weeding, soil analysis
and spraying [90–93]. A significant contribution to the field of robotics applied to plant
protection and weed control is represented by the work of Cui et al. [90], which describes
the development and testing of a multifunctional autonomous agricultural robot. The
system is designed to perform operations such as variable-rate spraying of pesticides,
selective mechanical or chemical weeding, and the collection of phenotypic data, adapting
to different crop types thanks to an adjustable chassis with four steering modes (Ackermann,
double-Ackermann, crab, and zero-radius) and variable track width. The robot integrates a
navigation platform based on GNSS RTK, Lidar, IMU, and computer vision, using visual
perception algorithms (YOLOv5) for row tracking and autonomous driving. Field tests
demonstrate an average tracking accuracy of 4.5 cm, sufficient to ensure effective localised
treatments and reduce crop damage.

Among the emerging tools for testing robotic applications in plant protection treat-
ments and weed control, “AgROS” represents a promising emulation platform that allows
simulating with high realism operations such as precision spraying in orchards and agri-
cultural fields, optimising trajectories and coverage algorithms [94].

A machine vision-based spraying system was designed and developed for weed
identification and precise spray application onto the target weeds. The sprayer platform
utilizes a deep learning YOLOv4 model to accurately recognize multiple weed species,
facilitating targeted spray application [95].

Beyond these early multifunctional approaches, recent studies increasingly emphasise
“end-to-end” integration (detection-decision-actuation) on board the platform, because
this is the key step to move from a proof-of-concept toward field-ready systems and to
enable real reductions in chemical inputs through selective application. For example,
edge-computing sprayer architectures have been developed to run deep learning inference
directly on the robot and to control the spraying unit in real time, reducing actuation latency
and improving robustness under operational constraints [96].

A second emerging direction is the development of systems explicitly conceived to
combine weed detection with targeted spraying at plant scale, often validating perfor-
mance through field-level experiments rather than only image-level metrics. This includes
plant-specific spraying pipelines deployed on autonomous platforms (also supported
by high-connectivity solutions such as remote processing when applicable), and robotic
spot-spraying systems that integrate modern YOLO-based detectors with an automated
actuation mechanism to deliver treatment only where weeds are detected [97].

In parallel, several works propose integrated “mapping + spraying” workflows, where
perception and localization are used to keep track of treated vs. untreated areas and to
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optimise route planning; this line of work is relevant because it connects selective treatment
to scalability and operational repeatability [98].

Finally, hybrid solutions that combine complementary platforms (e.g., rover–drone
concepts) are being explored to merge ground-level weeding/removal capabilities with
the flexibility and coverage speed of aerial vehicles, aiming to extend the applicabil-
ity of integrated weeding-and-spraying systems to complex terrains and heterogeneous
field conditions [71,75,76].

Overall, these studies support the distinction between (i) prototypes demonstrating
feasibility of integrated tasks and (ii) systems validated in realistic scenarios with quantita-
tive performance indicators (latency/precision/coverage), which is essential for discussing
scalability and proximity to commercialization.

3.6. Comparative Effectiveness, Limitations and Technology Trade-Offs

Although the reviewed literature reports substantial progress in robotic platforms
and AI-based perception, the effectiveness of these technologies should be interpreted
primarily at the system level, rather than through isolated algorithmic metrics. In particular,
“real-time” performance cannot be inferred from inference speed alone: it depends on
the complete chain (sensing, computation, actuation and motion) and on operational con-
straints such as latency, on-board computer, and robustness under realistic field variability.
Therefore, performance claims are most informative when accompanied by end-to-end
validation under field-like conditions [27,28].

A major limitation for comparing technologies is the heterogeneity of datasets and eval-
uation protocols. Field-grade datasets that include georeferenced information and support
mapping/localization workflows improve replicability and facilitate comparisons across
studies, whereas purely image-level benchmarks may overestimate generalizability [31–33].
In addition, illumination variability and shadows remain recurrent sources of perfor-
mance degradation for vision-based pipelines; this motivates either robust acquisition
strategies or shadow-aware pre-processing, especially when systems are deployed in
unstructured environments [36–39].

From a technology trade-off perspective, a key distinction is between solutions that
are mainly algorithm-centric (high accuracy in constrained setups) and those that are
deployment-oriented, i.e., designed around operational constraints and measurable agro-
nomic outcomes. For weed control, directed-energy solutions such as laser weeding are
increasingly supported by comparative field evaluations, yet their advantages must be
balanced against practical requirements (e.g., safety, energy demand, and integration
constraints) that directly affect scalability [67].

For plant protection, the most critical limitation is that many studies still under-report
spray outcome metrics that determine real-world effectiveness and environmental impact.
In orchard and field contexts, the most informative assessments quantify deposition and
distribution quality together with off-target losses (e.g., drift/ground loss) and operational
feasibility, rather than focusing solely on targeting or navigation performance. Accordingly,
a meaningful comparison across approaches should prioritise studies that report such
outcome-oriented metrics and explicitly position technologies along the maturity spectrum
(prototype vs. field-validated) [82,83,85]. Finally, integrated UAV–UGV concepts illustrate
both the potential for coordinated monitoring-and-intervention pipelines and the current
variability in technology readiness; their comparative advantage becomes clearer when
targeting performance is linked to measurable treatment outcomes [15,77].

Overall, this synthesis indicates that the relative advantages of competing technolo-
gies depend on the targeted agronomic context and on constraints such as robustness,
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operational speed and outcome metrics, reinforcing the need for standardised end-to-end
reporting to enable fair comparisons across studies [27,28].

4. Conclusions
In recent years, there has been growing interest in the use of robots and tele-operated

mobile platforms in agriculture, with the aim of reducing or eliminating human intervention
in operations such as soil preparation, crop treatment, and harvesting. However, scientific
evidence demonstrating the overall benefits of these systems is still limited, while the advan-
tages are definitely more interesting in the case of weeding and spraying operations [99].

In this review, we systematically analysed 83 studies (2016–2025) focusing on robots for
weed and pest control, with the objective of moving beyond a purely descriptive overview
and providing a clearer comparative synthesis across sensing, decision and actuation
components. A key added value with respect to recent reviews is the explicit linkage
between reported performance and operational constraints (e.g., robot speed, end-to-end
latency, canopy/terrain variability and spray drift), which strongly influence field readiness
and scalability.

The variability of agricultural environments—in terms of farm size, soil morphology,
and crop type—often requires the use of specific machinery for each crop, which is costly,
especially for small farms. To overcome these limitations, multipurpose robotic platforms
have been developed. The integration of modularity and re-configurability principles into
the design of agricultural robots is proposed as an effective strategy for adapting machines
to different tasks and operating conditions. Indeed, the cost of specialised robots for each
of these tasks is still too high for most farmers [3,70].

Recent “real farming” evaluations confirm that work rate, autonomy and logistics
(refilling, charging, downtime, field accessibility) are decisive adoption drivers and should
be reported systematically together with agronomic performance [100,101].

In addition, comparative assessments across multiple robotic systems show that effi-
cacy, crop losses, operating speed and costs often trade off against each other, and these indi-
cators are essential to distinguish prototypes from systems closer to commercialization [46].

Recent advances in agricultural robotics have shown a particular focus on weed control,
with approximately 26% of all commercial or prototype robots designed specifically for
mechanical or chemical weeding. Autonomous weed control systems integrating computer
vision, AI and GPS navigation are emerging as viable alternatives to herbicides and manual
labour, especially in large-scale open-field settings, offering significant potential to reduce
operator exposure to harmful substances and improve pesticide application precision.

Field-based comparative studies now provide stronger evidence than single-system
demonstrations: multiple robotic weeding systems have been benchmarked against refer-
ence herbicide strategies under realistic conditions, enabling more robust conclusions on
cost-effectiveness and scalability.

Moreover, some studies report that robotic mechanical weeding can influence soil
physical attributes under repeated operations, suggesting that assessment should include
soil impacts alongside weed control efficacy.

Recent research is increasingly moving toward mechanical and laser-based weed
control methods, abandoning the use of chemical herbicides due to increasing regulatory
restrictions and environmental concerns. Robots employing non-chemical techniques have
proven effective in removing weeds, ensuring high success rates, avoiding the side effects
of chemicals, and contributing to the reduction in herbicide-related costs.

At the same time, evidence indicates that chemical input reductions can also be
achieved through ultra-precise spot application (plant-scale micro-dosing and smart spot
sprayers), when detection/localisation and actuation are sufficiently reliable. Therefore, the
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transition is not simply “chemical vs. non-chemical”, but rather from blanket treatments to
site-specific interventions [54,68].

Directed-energy approaches (e.g., laser weeding) are also moving beyond feasibility
studies: recent comparative field evaluations benchmark laser-based control against con-
ventional herbicide programmes across multiple vegetable systems, providing agronomic
evidence on effectiveness and crop response [67].

Looking ahead, the combination of UAVs and UGVs could enable autonomous farm
management, where the interaction between different machines enables increasingly ad-
vanced precision agriculture that can adapt to specific local and temporal conditions.

However, the maturity of integrated UAV–UGV solutions remains heterogeneous,
and studies that quantify the full chain (targeting + spray outcomes such as deposi-
tion/uniformity and off-target losses) are particularly valuable for positioning these sys-
tems along the prototype-to-field-ready spectrum [15,77].

Studies show that intelligent sprayers with AI and ML can reduce pesticide use by
11.6–50%, increasing plant health and yield [61]. This level of technological integration
offers a concrete answer to modern agricultural challenges, including increasing food
demand, depleting natural resources, and the need for more sustainable practices. The
adoption of autonomous vehicles and AI in agriculture is improving precision and efficiency
as well as reducing environmental impact but challenges related to costs and technological
integration remain to be addressed as showed by several studies.

Finally, sustainability benefits should not be assumed a priori: life-cycle assessments
indicate that environmental outcomes depend on system lifetime, energy source and manu-
facturing impacts, highlighting the need for context-specific evaluation and transparent
quality assessment of individual studies [62].

Overall, future research should prioritise standardised reporting of end-to-end perfor-
mance (detection-decision-actuation), explicit maturity classification (prototype vs. field-
validated vs. near-commercial), and comparative benchmarking under realistic field vari-
ability to enable reproducible, scalable and economically viable deployment.
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