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ABSTRACT

Deep learning (DL) is transforming weed management by enabling precise, automated
detection and classification, crucial for site-specific weed management (SSWM). This
approach minimizes herbicide use and environmental impact, addressing the substantial
global economic losses (USD 75.6 billion annually) caused by weeds. DL models, often
integrated with UAVs and ground robots, utilize architectures like YOLO and Mask R-CNN for
accurate weed identification and targeted intervention. While beneficial, challenges include
data scarcity, the "green-on-green" problem, and real-time performance on edge devices.
Future directions involve adaptive frameworks, cross-domain transfer learning, and hybrid
DL architectures to enhance robustness and generalization.

INTRODUCTION

eep learning has emerged as a security (Rahman et al., 2025, Murad et al.,

transformative technology in 2023). Weeds compete aggressively with

agricultural practices, particularly for
efficient weed management, addressing the
critical challenge weeds pose to global food
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crops for essential resources such as light,
water, nutrients, and space, leading to
significant yield reductions and increased
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farming costs (Keerthi ef al., 2025). Globally,
economic losses due to weed infestations are
estimated to be substantial, reaching
approximately USD 75.6 billion annually.
weed control methods, often
involving  blanket  herbicide  spraying,
contribute to environmental contamination,
soil damage, and the development of
herbicideresistant weed populations, posing
risks to human health and agricultural
sustainability (Sandoval-Pillajo et al., 2025).
Precision agriculture leveraging advancements
in artificial intelligence (Al) and deep learning
(DL), offers a more sustainable solution by
enabling sitespecific weed management
(SSWM) (Vasileiou et al., 20240.

Traditional

Deep learning, a key subfield of Al, facilitates
automated  detection, localization, and
classification of weeds with high accuracy.
This capability is crucial for developing smart
spraying systems and robotic weed removal
technologies that minimize herbicide usage by
targeting only the undesirable plants. The
ability of DL models to learn complex features
directly from raw image data, rather than
relying on handcrafted features, provides a
significant advantage over traditional machine
vision techniques, enhancing robustness and
recognition accuracy (Zhao et al., 2026).

The role of deep learning in precision weed
management

The application of deep learning in weed
management typically involves several stages,
often forming a continuous feedback loop:
image model

acquisition, preprocessing,

architecture design, detection/classification,

and actuation

1. Image acquisition: High-resolution images
are vital for effective weed detection.
Unmanned Aerial Vehicles (UAVs), also
known as drones, equipped with various
imaging sensors (e.g., RGB, multispectral)
are increasingly utilized for collecting

April 2026

agricultural field data. UAVs offer
advantages in capturing large areas quickly
and providing a top-down view, which
helps in differentiating weeds from crops.
Groundbased vehicles, including
agricultural robots, also play a role in
collecting close-up images, particularly for
detailed plant-level analysis (Gao et al.,
2024).

2. Data processing and augmentation: Raw
images often require preprocessing steps
such as radiometric and atmospheric
corrections, and georegistration to ensure
data quality and consistency. A significant
challenge in deep learning is the need for
large, high-quality training datasets. Data
augmentation techniques are frequently
employed to expand existing datasets by
creating artificial images, which helps
improve the robustness and generalization
ability of DL models. Physically-grounded
data which
realistic ~ sensor  and

augmentation, simulates
environmental
variations, is often preferred over naive
avoid

data

computer vision
creating  physically

Fraccaro et al., 2022).

techniques to
impossible

3. Deep learning model architectures:
Various deep learning architectures have
been successfully applied to weed detection
tasks. These can be broadly categorized
into object detection, image segmentation,

and image classification models

Object detection models: These models
identify and locate weeds within an image by
drawing bounding boxes around them. Popular
models include You Only Look Once (YOLO)
and Faster R-CNN (Saleem et al., 2022).

Image segmentation models: These models
provide pixel-wise classification, delineating
the exact boundaries of weeds from crops and
the background. This level of detail is critical
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for precise herbicide application or mechanical
removal U-Net and U-Net++, Mask RCNN.

Image classification models: These models
classify an entire image or specific regions as
containing weeds or crops. While less precise
for localized control, they are foundational for
broader weed presence assessment.
Convolutional Neural Networks (CNNs) are
the backbone of most deep learning models for
imagery, learning hierarchical spatial features
by applying filters. Architectures like ResNet
and VGG-16 have been used for classifying
and segmenting canola plants, demonstrating
their utility in distinguishing crops from weeds
(Mckay et al., 2024).

Spraying system indoor performance

True cases m+@:93%
False cases m+01: 07%

m Weed detected and sprayed # No weed- no spray

® Weed undetected-no spray No weed still sprayed

Source: (Upadhyay et al., 2024)

4. Detection and actuation: The outputs
from these deep learning models (e.g.,
bounding boxes, segmentation masks) are
then used to inform actuation systems in
smart agricultural machinery. This can
include robotic sprayers that apply
herbicides only to identified weed patches,
or robotic systems capable of mechanical
weed removal. For example, a smart
spraying system utilizing a machine vision
and deep learning approach has been
designed for precise spray application onto
target weeds. Robotic weed spot-spraying
has shown promise in significantly
reducing herbicide farms

(Azghadi et al., 2024).

usage on
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Challenges and future directions

Despite significant advancements, several
challenges remain in the widespread adoption

of deep learning for weed management:

Data variability and scarcity:
diverse and large-scale datasets that cover
various crop types, weed species, growth
stages, lighting conditions, and environmental
factors is critical. The visual similarity
between crops and weeds, especially at early
growth stages ("green-on-green" problem),
further complicates detection.

Acquiring

Real time performance: Deep learning
models, especially complex ones, require
substantial computational
Deploying these models on edge computing
devices for real-time operation in the field

resources.

demands optimization for inference speed
without compromising accuracy.

Generalization across the environment:
Models trained in one environment may not
perform optimally in different geographical
locations or under varying environmental
conditions due to domain shift. Cross-domain
transfer learning and adaptive frameworks are

being explored to address this.

Integration with robeotics: Seamless
integration of deep learning models with
robotic platforms for autonomous navigation,
precise targeting, and mechanical removal
requires sophisticated software and hardware

coordination.

Future research directions include developing
more robust models that can handle the
interclass similarity between weed species and
intra-class dissimilarity due to different growth
stages. The integration of transformer
topologies with CNNs in models like YOLO
and Mask R-CNN is a promising avenue for

performance. Furthermore,
advanced  drone-based  weed

improving
exploring
detection using feature-enriched deep learning
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approaches with modified backbone, neck, and
head components leveraging elements like
Ghost Convolution and Efficient Channel
Attention layers could achieve optimal
performance. The development of adaptive
deep learning frameworks for weed species
classification, such as ADeepWeeD, is also
critical for efficient weed management.

CONCLUSION:

deep learning is revolutionizing weed
management by offering precise, automated,
and sustainable solutions that can significantly
reduce herbicide use and improve agricultural
productivity. While challenges remain,
continuous innovation in model architectures,
data aquicision and hardware integration is
paving the way for smarter farming practices
globally.
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