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The intensifying global demand for sustainable agriculture has necessitated
innovation in weed management, particularly through intelligent, non-
chemical alternatives. Among these, smart mechanical weeding systems
integrating arti cial intelligence (Al), machine vision, and robotics are emerging
as transformative tools for precise and eco-friendly weed control. While several
recent reviews have examined intelligent weeding or machine vision-based
weed management more broadly, a comprehensive and systematically
structured synthesis focusing speci cally on Al-driven mechanical weeding
systems that integrate both vision and robotic actuation remains limited. This
study presents a systematic review of 176 technical papers published between
2000 and 2024, with in-depth analysis of 33 key works, aiming to explore the
design and performance of intelligent mechanical weed control systems in
precision agriculture. The review investigates foundational mechanical
weeding methods, recent advances in sensor integration and weed detection
algorithms, and the use of robotic platforms for intra- and inter-row weeding. It
highlights the critical role of RGB, LiDAR, hyperspectral sensors, and deep
learning models in enabling real-time, selective weed removal. Comparative
case studies showcase end effectors, control architecture, sensors, and
techniques involved across diverse platforms. While signi cant progress has
been made, challenges persist in weed-crop differentiation, model
generalization, real-time actuation, and economic feasibility. The review
proposes a set of design and operational guidelines addressing sensor fusion,
adaptive tooling, platform modularity, and user-centric interfaces. This work
provides a targeted, system-level roadmap for researchers, developers, and
stakeholders in agricultural robotics, offering insights into current capabilities,
gaps, and future directions to advance intelligent mechanical weeding for
scalable and sustainable food production.

arti cial intelligence, automated weeding systems, machine vision, precision
agriculture, robotic weed control
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1 Introduction

Weeding is the process of removing unnecessary plants from
farming and agricultural lands to prevent them from competing
with desired ones over natural resources. These plants are generally
recognized by their unpredictable growing locations along with
their ability to reproductively proliferate without human
intervention (Gao and Su, 2024). The existence of weeds
adversely affects crop yield and leads to irregular maturation of
crops, thereby complicating the harvesting process due to their
disruption of consistent crop growth (Tshewang et al., 2016; Yu
etal.,, 2019). For instance, weeds result in considerable yield losses in
wheat, with winter wheat losses in the United States averaging
25.6%. This, combined with a 23.4% loss in Canada, culminates in a
potential annual economic de cit of approximately $2.19 billion.
Furthermore, for spring wheat, the losses average 33.2% in the
United States and 19.5% when combined with Canada, incurring
costs up to $1.39 billion. This situation emphasizes the escalating
threat posed by weeds (Flessner et al., 2021). Effective weed
management is imperative to alleviate the challenges presented by
these plants and to enhance crop productivity while sustaining
agricultural pro tability. Although these practices are labor-
intensive and costly, often necessitating substantial manpower
and resources, there are instances where the expenses related to
weed management may exceed the economic bene ts derived from
crop production. This highlights the necessity to assess traditional
weed management practices and their inherent limitations (Dhakal
et al.,, 2024).

The selection of weeding practices and implements is in uenced
by factors such as crop type, soil characteristics, and eld
conditions. Hand-weeding is commonly adopted for smaller
landholdings, provided there is suf cient labor availability (Abebe,
2024). Broadly, traditional weeding methods can be categorized into
three distinct approaches: physical, chemical, and biological. Each
approach offers speci ¢ limitations, based on their operational
ef ciency, environmental impact, and cost-effectiveness (Bond
et al., 2003; Gao and Su, 2024). Physical weeding techniques
involve thermal technologies, such as laser and ame weeding,
effectively controlling weeds but also come up with several
challenges. The high temperatures generated in these processes
can ignite dry materials in the eld, creating re hazards.
Additionally, these methods can pose risks to humans and
animals nearby. Flame weeding, in particular, signi cantly
contributes to greenhouse gas emissions, raising environmental
concerns due to its detrimental ecological impact (Sivesind et al.,
2009). Mechanical weeding is another physical weeding technique
and is awidely used traditional practice, with reported average weed
removal ef ciencies of approximately 80% based on reductions in
both weed density and biomass (Jabran and Chauhan, 2015; Liu
etal., 2023). However, it also has certain drawbacks. Tools like chain
harrows, used for inter-row weeding, can physically damage crops,
leading to bruising and stem breakage, which may inhibit plant
growth and increase vulnerability to pathogen infestations.
Moreover, the heavy design of mechanical weeding equipment
can cause soil compaction, adversely affecting soil aeration and
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root development. Biological weed control employs living
organisms, such as insects, fungi, or bacteria, or their byproducts,
to suppress weed populations and lessen their impact on crops.
Although this method aligns well with environmental principles, its
practical application is limited by slow activation and response
times, alongside the short half-life of these biological agents.
Additionally, the use of bioherbicides derived from these
organisms poses potential risks to human and animal health and
may have unintended environmental repercussions, thus limiting
their widespread adoption in sustainable agricultural systems.
Chemical weed control remains the most effective and widely
used method for managing weeds, primarily due to the
effectiveness of herbicides against various weed populations.
However, its extensive application brings signi cant drawbacks.
Chemical herbicides can be quite expensive, increasing the nancial
burden on agricultural production. Prolonged exposure to these
chemicals presents serious health risks to both humans and animals.
For example, glyphosate, a widely used herbicide, was classi ed as
probably carcinogenic to humans by the World Health
Organization in 2015 (Van Bruggen et al., 2018). Furthermore,
the signi cant use of chemical herbicides leads to environmental
pollution, including soil contamination, water runoff, and harm to
non-target organisms, raising concerns about their sustainability in
agricultural practices.

To overcome the limitations of conventional weeding methods,
intelligent weeding technologies have emerged as a key component
of modern precision agriculture. Unlike traditional Integrated
Weed Management (IWM), which combines general mechanical
and chemical strategies, intelligent weeding integrates automation,
sensing and arti cial intelligence to achieve targeted, data-driven
weed control (Riemens et al., 2022). Depending on the mode of
actuation, intelligent weeding can be categorized into intelligent
chemical, intelligent physical and intelligent mechanical approaches
(Gerhardsetal., 2022; Jiao et al., 2024). Intelligent chemical weeding
employs site-speci ¢ or variable rate herbicide applications guided
by machine vision, thereby reducing chemical usage (Upadhyay
et al., 2024a). Intelligent physical weeding utilizes non-chemical
energy sources such as lasers or thermal radiation to destroy
weeds relying on imaging technologies (Bajwa et al., 2015; T. Jin and
Han, 2024; Li et al., 2022). Meanwhile intelligent mechanical
weeding physically removes or disrupts weeds using robotic end
effectors and machine vision, offering an eco-friendly and residue
free alternative (Jiang et al., 2023b; Visentin et al., 2023).
Collectively, these intelligent systems align with sustainability and
resource optimization objectives by minimizing chemical inputs,
improving accuracy, and reducing labor requirements.

Despite the bene ts of intelligent weed management, the
escalating occurrence of herbicide resistant weeds has intensi ed
the need for sustainable, non-chemical control strategies (Delye
et al., 2013). Although technologies such as variable-rate spraying,
site speci ¢ delivery and see and spray systems have improved
herbicide ef ciency, they can inadvertently accelerate the evolution
of resistant weed biotypes (Chang et al.,, 2023; Upadhyay et al,
2024a). This growing resistance combined with the limited pipeline
of new herbicides, underscores the urgency of adopting other non-
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chemical solutions (Nath et al., 2024). In this context, intelligent
mechanical weeding stands out as a promising direction, integrating
the precision of robotics with the selectivity of machine vision to
address both inter- and intra-row weeds effectively. As a non-
chemical method, it not only mitigates herbicide resistance, but also
reduces soil and water contamination, fuel consumption and overall
environmental burden (Machleb et al., 2020).

Mechanical weed control involves the physical removal or
destruction of weeds through direct interaction with the soil and
vegetation. The primary techniques employed in mechanical
weeding include tillage, cutting, and pulling (Cloutier et al., 2007;
Hussain et al., 2018; McCool et al.,, 2018). These methods disrupt
weed growth by turning the soil and uprooting root systems thereby
in icting lethal injuries that prevent regrowth (Zawada et al., 2023).
Their effectiveness largely depends on the method, timing, and
intensity of operation (Machleb et al., 2020). Despite their
effectiveness, conventional mechanical weeding approaches often
lead to crop damage followed by soil compaction, adversely
affecting soil aeration and root development (Pannacci et al.,
2017). Moreover, the performance of mechanical weeders is
in uenced by eld conditions and weather variability, which limit
their adaptability across diverse agricultural contexts. Additional
issues such as higher energy, fuel consumption and labor demand
also reduce their economic feasibility (Hussain et al., 2018).

Recent advances have integrated automation, robotics, and
computer vision into mechanical weeding, giving rise to
intelligent mechanical weeders. These systems employ sensors
and Al algorithms for real-time weed detection and selective
removal, minimizing crop disturbance and operator dependency.
Specialized end effectors such as nger weeders, rotary cultivators,
and elastic comb mechanisms effectively manage coplex intra-row
weeds that were dif cult to control manually (Chang et al., 2021).
For instance, the SMART CULTIVATOR by Stout Industrial
Technology, uses True Vision software for crop recognition and
adaptive blade control. It handles diverse crops including
artichokes, broccoli, cabbage, and pumpkins with 99%
identi cation accuracy, 1-2 acresh eld coverage, and up to 96%
labor reduction compared with manual weeding (Stout, 2020).
These systems perform best at early weed-growth stages, roughly
two to three weeks after sowing, when weeds are spatially distinct
(Jabran and Chauhan, 2015). Under dense weed canopies, their
precision declines, favoring hybrid strategies that pair conventional
tools (e.g., harrows or hoes) for inter-row control with Al-based
weeders for intra-row precision-maximizing ef ciency, minimizing
environmental impact and advancing sustainable resource
optimized agriculture.

This review therefore aims to critically examine the potential
and limitations of intelligent mechanical weed control, focusing on
its integration with advanced sensing, perception, and actuation
systems. It further identi es the technological gaps, operational
bottlenecks, and future research pathways required to develop
scalable, ef cient, and sustainable robotic solutions that align with
the broader goals of precision agriculture.

The recent reviews in weed management have predominantly
adopted a comprehensive approach, encompassing the entire
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spectrum of available weed management techniques. These
reviews typically provide an overview of various methods,
highlighting their advantages, use cases, and technical ndings,
offering a holistic perspective on weed management challenges and
solutions. However, most of these studies are dedicated to exploring
the use of ground robots and UAVs for general weed management,
often covering a broad range of aspects without delving deeply into
speci ¢ techniques. Additionally, these reviews frequently separate
the discussion of weed removal and weed detection, even though an
integrated approach addressing both domains is critical for
developing effective, sustainable solutions.

This paper aims to address the existing research gap by focusing
on a critical aspect of weed management advancements and
emerging trends in mechanical weed removal techniques for
precise and intelligent weed removal. It demonstrates the use of
imaging technologies for accurately localizing and positioning
weeds, a foundational component of intelligent mechanical
weeding systems. Furthermore, the review incorporates detailed
case studies that illustrate prevailing trends and methodologies,
along with a comparative analysis of the performance of platforms
employing these technologies. By adopting this focused approach,
the paper emphasizes the potential of integrating weed detection
and removal into a cohesive system, offering valuable insights into
contemporary precision agriculture practices.

2 Methodology

In the context of a literature review, two primary approaches are
commonly employed: systematic review and narrative review. The
systematic approach follows a structured methodology that
addresses speci ¢ technical questions by systematically analyzing
relevant research papers. It provides a comprehensive synthesis of
results, methodologies, and key ndings from existing studies.
Conversely, the narrative approach focuses on providing a
theoretical background and conceptual understanding of the
subject matter, primarily adopting a qualitative perspective rather
than a quantitative one (Rother, 2007). This review adopted a
systematic approach guided by the PRISMA 2020 guidelines to
ensure transparency, reproducibility, and methodological rigor
(Page et al, 2021). This approach was chosen over a narrative
approach to enable structured identi cation, screening, and
synthesis of peer-reviewed studies addressing both traditional and
smart mechanical weed control systems.

The overall work ow of the review from topic de nition
through article extraction and synthesis is summarized in
Figure 1. To retrieve relevant literature, two primary databases-
Google Scholar and Web of Science were used between October
2024 to January 2025. These databases were selected for their broad
interdisciplinary coverage spanning precision agriculture,
agricultural robotics, and arti cial intelligence. Cross veri cation
con rmed that most relevant studies, indexed in other major
engineering/computer-science databases, were already represented
within these two databases ensuring comprehensive inclusion while
minimizing redundancy.
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Review paper owchart layout.

A Boolean keyword-based strategy was adopted to capture the
widest possible scope of research activity: ( mechanical weeding
OR mechanical weed control OR mechanical weeder ) AND
( computer vision OR machine vision OR image processing
OR deep learning OR arti cial intelligence OR vision ).

The initial research retrieved 11,275 publications (Google
Scholar = 7430; Web of Science = 3845). Duplicate records were
removed through automatic deduplication followed by manual
veri cation yielding 9862 unique articles. Titles and abstracts
were screened according to prede ned inclusion and exclusion
criteria (Table 1). The process involved multiple iterations to
verify relevance.

After screening, 2705 articles were retained for full-text
evaluation. Studies not written in English, review papers, purely
economic assessments or those unrelated to mechanical or
intelligent mechanical weeding were excluded. Ultimately, 176
technical papers directly addressing mechanical or automated
weeding were included for quantitative analysis. From this
dataset, 33 focal studies were selected for in-depth synthesis based
on quality scoring rubric that assessed ve dimensions: (i) design
clarity, (ii) details of sensor/actuator integration, (iii) availability of
algorithmic or performance data, (iv) validation method and (v)
completion report. Each study was rated on a ve-point scale (1 =
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low detail to 5 = comprehensive) with the highest scoring studies
forming the analytical subset for further discussion. The complete
identi cation and selection process has been illustrated in the
PRISMA ow diagram, Figure 2.

TABLE 1 Eligibility criteria and selection process for literature review.

Criterion Considerations/procedures

Eligibility Peer-reviewed English-language studies 2000-2024 (total records
criteria = 11275)
Databases: Google Scholar and Web of Science.
Database Search query: ( mechanical weeding OR mechanical weed
search and control OR mechanical weeder ) AND ( computer vision OR
keywords machine vision OR image processing OR deep learning
OR arti cial intelligence OR vision ).
Duplicate and non-English papers
Exclusion Review articles
criteria Economic or non-mechanical weed-control studies
Non-technical reports
Quality Five-domain rubric (design clarity, sensor/actuator details, data
assessment availability, validation method, completion report)

176 eligible studies were retained for trend analysis, out of which
33 quality papers were selected for detailed review and
comparison

Final dataset
analysis
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Flow diagram for study selection and inclusion.

Data extracted from the selected papers included mechanical
actuation type (rotary, nger, blade, linear, etc.), sensing and
detection technology (RGB, LiDAR, multispectral, hyperspectral),
(c) robotic actuation con guration and key performance
indicators such as precision, accuracy, operational speed etc.
Potential sources of bias were qualitatively evaluated by
examining the transparency of experimental design, availability of
performance data and validation consistency across studies. To
contextualize the growth of research in this domain, Figure 3
illustrates the trend in peer-reviewed publications on traditional
and mechanical weeding between 2000 and 2024. The data show an
increasing trend in work related to intelligent mechanical weeding
after 2019 re ecting the rapid adoption of smart technologies in
agricultural automation.

Several previous review studies have investigated different
aspects of weed management, including weed control techniques,
sensor-based weed detection, robotic weeding systems, and arti cial
intelligence-driven weed detection approaches (Gao and Su, 2024;
Machleb et al., 2020; Rai et al., 2023; Upadhyay et al., 2024b).
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However, given the breadth of existing literature, the present review
adopts a more specialized focus on smart mechanical weeding
technologies, emphasizing recent advancements, their integration
with imaging sensors for automation and actuation and the
technical challenges involved.

3 Mechanical weeding: background,
evolution, and key components

Mechanical weeding, a practice that employs tools, implements,
and machinery for weed control, has been a cornerstone of
agricultural weed management since ancient times,
complementing manual hand-pulling. This method has
demonstrated high effectiveness in eliminating weeds while
ensuring no chemical residues are left on crops (Pannacci et al.,
2017; Zimdahl, 2018). The mechanical approach primarily involves
processes such as cutting, burying, or uprooting weeds, effectively
destroying these undesired plants (Hussain et al., 2018).
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FIGURE 3
The trend in published peer-reviewed article on mechanical weed control (2000-2024).

3.1 Background and historical
advancements

A wide range of mechanical weeding tools and equipment has
been utilized over time, including hoes, split-hoes, brush weeders,
robotic weeders, row crop cultivators, nger weeders, and tine
harrows (Mehdizadeh and Mushtag, 2020). Among these, certain
tools, such as ex tines are designed for manual operation, whereas
equipment like harrows, rotary hoes and weeders are typically
tractor-mounted or automated systems. Figure 4 gives a
demonstration of the popular and widely used mechanical
weeding tools which have been in practice over the years.
Although alternative weed management techniques exist,
mechanical weeding offers distinct advantages as a hon-chemical,
environmentally friendly approach that avoids pollution while
enhancing soil health by loosening and improving soil fertility
(Liu et al., 2023).

Traditionally, mechanical weeding relied on tillage operations
using tools such as cultivators and rotavators, often integrated with
chemical herbicides to improve weed eradication ef ciency
(Kouwenhoven et al., 1991). A 4-year study on newly planted
pecans demonstrated the bene ts of this integrated approach,
achieving the highest tree diameter increase of 384% with
comprehensive herbicide-based weed control, compared to 224%
for mowing and 229% for untreated plots.

Disking and selective grass control resulted in 339% and 292%
increases, respectively, while irrigation further enhanced cumulative
diameter growth to 316% compared to 271% without irrigation
(Patterson et al., 1990). However, rising environmental concerns
and awareness of the adverse impacts of chemical herbicides have
driven a shift towards smart and reduced use of herbicides, leading
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to the development of advanced machinery and techniques (Parish,
1990). For instance, integrating reduced herbicide rates with
interrow cultivation in conservation tillage systems using rotary
hoeing for corn effectively controlled weeds and maintained yields
comparable to full-rate treatments, providing a sustainable
alternative to large scale herbicide usage (Buhler et al., 1995). In
another scenario, a mechanical weeder equipped with ground-
contoured-following pressing-grass oats (GPF) and weeding
rollers, achieved average weeding rates of ~87% in a two-season
experiment in a paddy eld (Jiao et al., 2022). Field experiments in
soybean and sugar beet showed inter row hoeing increased weed
control ef cacy by 89% in soybean and 87% in sugar beet compared
to the conventional methods. Precision hoeing increased the yields
by 23 and 28% for sugar beet and soybean respectively (Kunz et al.,
2015). Figure 5 presents a chronological timeline illustrating how
mechanical weeding technologies have evolved over the decades
from early manual implements to sophisticated automated and
robotic systems highlighting the progression that has shaped
modern intelligent mechanical weeding.

In another experiment, a tractor drawn inter and intra row
weeding system was developed for eld crops combining active
rotary tines for intra row weeding and passive tines for inter row
weeding achieving weed mortality of 92.8% in maize and 84.1% in
pigeon pea, with plant damage under 6% (Chandel et al., 2021).

The ef cacy of mechanical weeding in controlling weed
populations and enhancing crop yields, as demonstrated in
various studies, underscores its signi cant role in promoting
sustainable agricultural practices. Nevertheless, despite its
numerous advantages, mechanical weeding is not devoid of
challenges. These obstacles include: a) substantial initial
investment and ongoing maintenance costs, in addition to the
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Down side-cut knifes

FIGURE 4

Types of mechanical weeders — (a) rotating hoe weeder (Trajkovski et al., 2024), (b) inter-row hoe (Alagbo et al., 2022), (c) roll hackle and nger
weeder (Gagliardi et al., 2023), (d) ex tine weeder (Machleb et al., 2020) (e) cycloid hoe weeder (Rueda-Ayala et al., 2010), (f) sweep type cultivator
weeder (Zawada et al., 2023), (g) basket weeder (Hoidal, 2019), (h) manual push blade weeder (Rajashekar et al., 2014), (i) Bourquin Organic
Weedpuller (Moore et al., 2023), (j) inter-row cultivator weeder (Fennimore et al., 2013), (k) torsion weeder (Pannacci et al., 2018), (I) vertical tine

eco-weeder (Ahmad et al., 2014).

necessity for skilled labor; b) improper operation, which can result
in considerable crop damage; ¢) uneven terrain that diminishes
operational ef ciency; d) limited effectiveness within crop rows,
particularly for densely planted or closely spaced crops; e) the
requirement for precise application timing, which is frequently
impacted by weather conditions and stages of crop development
(Gao and Su, 2024; van der Schans et al., 2006).
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Although conventional mechanical weeding techniques work
well for large-scale inter-row weed control with little disruption to
crops, weeding within rows continues to pose a signi cant
challenge. To overcome this issue, advancements in intelligent
mechanical weeding systems have emerged, incorporating smart
technologies to improve precision and ef ciency. These systems
more effectively address intra-row weeds while reducing labor-
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Timeline for advancement in mechanical weeding over the decades.

intensive tasks, providing a promising solution for contemporary
agriculture (Quan et al., 2022). The next section delves into the
essential elements and innovations that are propelling intelligent
mechanical weeding methods forward.

3.2 Fundamental elements of intelligent
mechanical weeding

Intelligent mechanical weeding is an advanced technique that
employs technologies such as computer vision, sensors, and
precision actuation to detect, identify, and differentiate weeds
from crops, enabling targeted weed removal without the use of
chemicals (Xiang et al., 2024). Unlike traditional mechanical
weeding, which predominantly targets inter-row weeds and relies
on generalized tillage or cutting methods, intelligent weeding
systems address both inter-row and intra-row weeds with greater
precision (Melander et al., 2015). These systems utilize two primary
approaches: one involves actively recognizing and removing weeds
through automated actuation units, while the other leverages the
uniform planting patterns of crops achieved through mechanical
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sowing to avoid crop interference while targeting weeds (Jiang et al,
2023a; LEMKEN, 2022; Quan et al., 2022). To understand the
capabilities of intelligent mechanical weeding, it is essential to
explore the key components and technologies, as it has been
portrayed in Figure 6.

This targeted approach minimizes soil disturbance, reduces
labor intensity, and improves ef ciency, addressing the limitations
of traditional methods, such as poor intra-row weed control and
potential crop damage. Intelligent mechanical weeding systems are
designed to operate seamlessly in diverse agricultural settings which
can adapt to varying crop types and eld conditions. Their
effectiveness is dependent on the advanced components and
technologies that enable precise weed detection, identi cation,
and removal while maintaining high operational ef ciency. The
following sections will delve into these critical elements in detail.

3.2.1 Sensors and detection technologies

In intelligent mechanical weeding systems, sensors are pivotal
for detecting weeds, enabling precise actuation of the end effector,
and navigating environmental obstacles. These sensors facilitate
ef cient weed management by distinguishing between crops and
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FIGURE 6
Components of intelligent mechanical weeding. *Dino (Naio Technology).

weeds and ensuring minimal crop damage. The primary types of
sensors used in these systems include ultrasonic sensors, optical
sensors, laser sensors, imaging sensors, RGB/light sensors,
multispectral sensors, hyperspectral sensors, RGB, and depth
cameras. Each sensor type contributes uniquely to enhancing the
performance of weeding robots, providing crucial data for decision-
making and operational accuracy (Upadhyay et al., 2024b). Figure 7
illustrates commonly utilized sensors in such intelligent
weeding systems.

Ultrasonic sensors, which estimate distance by emitting high-
frequency sound waves and measuring the time taken for the echo
to return, have been effectively used in weed detection, as
demonstrated by Andujar et al. (2012), who used vertically
mounted ultrasonic sensors to differentiate crops and weeds based
on height, achieving reliable detection across samples with varying
weed densities. These sensors are light-independent, cost-effective,
and adaptable to different environments; however, their
performance degrades in wet conditions, and they struggle to
differentiate complex plant structures, making them prone to
errors in crop-weed distinction and requiring careful calibration
(MaxBotix, 2019). Optical sensors detect weeds by analyzing the
spectral characteristics of plants through the re ection and
interruption of light (Suhail, 2022), as shown in the study by
Wang et al. (2001), where classi cation rates reached 100% for
wheat and bare soil and 71.6% for weeds. These sensors are low-
cost, fast, and simpler than machine vision systems, making them
suitable for real-time weed identi cation, although their accuracy
may vary due to environmental factors and plant spectral variability
(Wang et al., 2007). LiDAR sensors operate by emitting laser pulses
to create 3D representations of surroundings and are widely used
for navigation and weed detection in intelligent weeding robots; for
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instance, Malavazi et al. (2018) used 2D point cloud-based line
extraction to detect crops on the Oz weeding robot. While LiDAR
offers high-precision mapping and autonomous navigation
capabilities, it requires signi cant investment, skilled operation,
and suffers from limited resolution and environmental sensitivity.

Hyperspectral (HS) and multispectral (MS) sensors, which
analyze plant spectral signatures across many wavebands, are
powerful tools for weed identi cation; HS captures narrow,
detailed wavebands, while MS provides broader bands and
simpler data handling. Graham Ram et al. (2023) utilized
hyperspectral imaging with supervised ML models to detect
Palmer amaranth weeds, achieving 93.95% accuracy and a 0.95
F1-score, showcasing the strong potential of HS imaging in
intelligent weeding. Despite their strengths, HS sensors are
complex, expensive, and highly sensitive to lighting, requiring
signi cant data processing, while MS sensors offer a more cost-
effective but less detailed alternative.

RGB/light sensors, including RGB cameras, thermal cameras,
and depth cameras, are the most used sensors for crop and weed
classi cation and identi cation. These sensors capture real-time
RGB images from the eld as shown in Figure 8, enabling targeted
weed control and improved crop management.

RGB sensors operate by responding to speci ¢ bandwidths
within the visible spectrum, primarily the Blue (~450 490 nm),
Green (~520 560 nm), and Red (~635 700 nm) bands, to generate
color images. Despite their widespread application, RGB sensors are
limited to the visible spectrum and are highly sensitive to lighting
conditions, which can impact their reliability (Jafarbiglu, 2023).
These sensors are often integrated with machine learning (ML) and
deep learning (DL) algorithms for weed detection and real-time
classi cation. The general work ow involves acquiring RGB images
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FIGURE 7

Sensors in use in the intelligent weed management system: (a) LIDAR sensor (Collins, 2022), (b) optical sensor (Croplands, 2021), (c) Ultrasonic
sensor (Schneider Electric, 2022), (d) Specim AFX17 Hyperspectral Camera (Media, 2022), (e) Astra Series RGB depth camera (Vit and Shani, 2018), (f)

MicaSense RedEdge Panchromatic multispectral camera (MicaSense, 2023).

at speci ¢ frame rates with high spatial resolution. These images are
then processed through neural networks or detection algorithms,
which generate predictions and real-time visualizations. Detection
algorithms form the computational core of intelligent weeding
systems, transforming raw sensor data into actionable insights.
These algorithms typically employ image processing pipelines
-including segmentation, feature extraction and classi cation to
differentiate crops from weeds (Jin et al., 2021; Rai et al., 2023).
Classical methods use color indices (ExG. ExR), shape descriptors
or texture analysis while modern approaches rely on ML and DL
frameworks such as Support Vector Machines (SVM), Random
Forests (RF), and Convolutional Neural Networks (CNNs).
Advanced architectures like YOLO, ResNet and U-Net enable
real-time object detection and semantic segmentation, providing
precise spatial coordinates for targeted mechanical actuation (Quan
et al., 2022; Rai et al,, 2023; Visentin et al., 2023). Integrating these
algorithms with sensor data is critical to achieving accurate, fast,
and autonomous weed identi cation in dynamic
eld environments.

Based on these predictions, the weed removal unit is activated
for precise weed eradication (Laftouty et al., 2023). Comparative
analysis of multiple deep learning (DL) models including
InceptionV3, AlexNet, VGG-16, YOLOVS, and ResNet-50, along
with two custom CNN models, revealed that YOLOVS achieved the
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highest performance with an accuracy of 100%, while ResNet-50
attained an accuracy of 99%. This study highlights the considerable
potential of RGB sensors, particularly when integrated with
advanced DL models, for the precise and ef cient management of
weeds in agricultural settings.

All these sensors play a vital role in weed detection and
identi cation, each operating on distinct principles but sharing
the common goal of precise, targeted weed removal. The system s
effectiveness relies on seamlessly integrating these detection
technologies with mechanical components that perform the actual
weed eradication. The following section explores various
mechanical weeding end effectors, the system s primary interface
with the eld. A thorough understanding of these end effectors is
essential to optimize their compatibility with different detection
systems and eld conditions.

3.2.2 Mechanical weeding end effectors

End effectors in mechanical weeding systems play a pivotal role
as the specialized tools mounted at the tip of the actuation unit,
designed to interact with soil and effectively manipulate it to target
and destroy weeds. These tools, which can be categorized as either
passive or active, are essential for achieving precise and ef cient
weed control. Their performance and effectiveness are closely linked
to the type of actuation unit employed, in uencing the way the
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FIGURE 8
Work ow for weed identi cation based on RGB images.

mechanical tools interact with weeds and soil (Haag, 2021; Xiang
et al., 2024).

A comprehensive review of the literature reveals that several
mechanisms and implementations have been developed and are in
practice. Traditional designs, such as rotary and brush hoes,
vertically mounted cultivators, tooth and tine harrows, sweeps,
hoe blades, and torsion weeders, operate as passive tools for
mechanical weeding (Balas et al., 2022; Stearns, 2021). These tools
generally penetrate the soil to depths of 2 4 cm and are primarily
used for inter-row weed control. Recent advancements in end
effector design emphasize scienti ¢ approaches to manipulating
soil to uproot, bury, cut, or drill weeds effectively, as noted by
Chicouene (2007). These fundamental principles are critical for
achieving ef cient weed removal in real time. Modern mechanical.

Weeding technologies focus on addressing the challenge of
intra-row weed control, which is inherently more complex than
inter-row weeding. Intra-row weeds grow unpredictably and
randomly among crops, requiring end effectors to operate with
exceptional precision to avoid crop damage. In contrast, inter-row
weeds, which grow between rows of crops, can be managed more
effectively using conventional tools with adequate passes (Pradel
et al,, 2022). To handle the complexities of intra-row weeding, end
effectors are being engineered with advanced designs that ensure
precise targeting and accurate steering. Calibration and control are
critical components in these systems to protect crops while
removing weeds ef ciently (Reiser et al., 2019). For a generalized
understanding, end effectors for mechanical weeding can be broadly
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classi ed into three categories: passive, active, and hybrid. This
classi cation encompasses the design principles of the tools, their
modes of interaction with soil, and the processes involved in weed
destruction. These designs re ect the advancements in the eld and
underscore the ongoing efforts to develop tools capable of
addressing the growing demands of precision agriculture. Figure 9
illustrates this classi cation and provides an overview of the diverse
end effector designs currently available for mechanical weeding.

Figure 10 demonstrates various types of end effectors developed
for mechanical weed removal, designed to address both inter-row
and intra-row crop scenarios. These designs are tailored based on
the size and growth stage of the weeds being targeted. Weeds in
their early growth stages can be selectively eradicated using robotic
end effector tools engineered for precision removal. Conversely,
intra-row weeds that are distributed extensively across the soil
surface often require continuous operation tools, such as rotary
cultivators or weeding knives. These tools are designed to
manipulate the entire soil area between crops consistently,
ensuring comprehensive weed removal. The selection of an
appropriate end effector is in uenced by several critical factors,
including the size and type of weeds, the prevailing soil conditions,
and the required frequency of operation. This speci city ensures
optimal performance of the weeding system and minimizes the risk
of crop damage while achieving effective weed control (Asaf et al.,
2024; Zawada et al., 2023).

For effective and intelligent mechanical weeding, integrating
sensing and detection technologies with actuated removal units is
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