
Citation: Ghatrehsamani, S.; Jha, G.;

Dutta, W.; Molaei, F.; Nazrul, F.;

Fortin, M.; Bansal, S.; Debangshi, U.;

Neupane, J. Artificial Intelligence

Tools and Techniques to Combat

Herbicide Resistant Weeds—A

Review. Sustainability 2023, 15, 1843.

https://doi.org/10.3390/su15031843

Academic Editor: Teodor Rusu

Received: 21 November 2022

Revised: 11 January 2023

Accepted: 12 January 2023

Published: 18 January 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Review

Artificial Intelligence Tools and Techniques to Combat
Herbicide Resistant Weeds—A Review
Shirin Ghatrehsamani 1,2,*, Gaurav Jha 2,3 , Writuparna Dutta 4 , Faezeh Molaei 5 , Farshina Nazrul 6,
Mathieu Fortin 7, Sangeeta Bansal 8, Udit Debangshi 9 and Jasmine Neupane 2

1 Department of Agricultural and Biological Engineering, Penn State University, State College, PA 16802, USA
2 Department of Agricultural and Technology Education, Montana State University, Bozeman, MT 59717, USA
3 Department of Agronomy, Kansas State University, Manhattan, KS 66506, USA
4 Multitrophic Interactions and Biocontrol Research Laboratory, Department of Life Sciences,

Presidency University, Kolkata 700073, West Bengal, India
5 Department of Mechanical Engineering, Isfahan University of Technology, Isfahan 84156-83111, Iran
6 Department of Electrical & Computer Engineering, Montana State University, Bozeman, MT 59717, USA
7 Department of Computer Science and Software Engineering, Laval University, Quebec, QC G1V 0A6, Canada
8 Department of Land, Air and Water Resources, University of California, Davis, CA 95616, USA
9 Institute of Agriculture, Visva-Bharati University, Sriniketan 700073, West Bengal, India
* Correspondence: sh.samani@montana.edu or spg5994@psu.edu

Abstract: The excessive consumption of herbicides has gradually led to the herbicide resistance weed
phenomenon. Managing herbicide resistance weeds can only be explicated by applying high-tech
strategies such as artificial intelligence (AI)-based methods. We review here AI-based methods and
tools against herbicide-resistant weeds. There are a few commercially available AI-based tools and
technologies for controlling weed, as machine learning makes the classification process significantly
easy, namely remote sensing, robotics, and spectral analysis. Although AI-based techniques make
outstanding improvements against herbicide resistance weeds, there are still limited applications
compared to the real potential of the methods due to the challenges. In this review, we identify
the need for AI-based weed management against herbicide resistance, comparative evaluation of
chemical vs. non-chemical management, advances in remote sensing, and AI technology for weed
identification, mapping, and management. We anticipate the ideas will contribute as a forum for
establishing and adopting proven AI-based technologies in controlling more weed species across
the world.

Keywords: weed herbicide resistance; robotics; smart agriculture; artificial intelligent; remote sensing;
digital technologies; machine vision

1. Introduction

Weeds have always aggravated crop fields as any plant or group of plants with no
economic importance compete for available resources for growth decreasing the agricultural
value and productivity of the desirable crop population. They aggressively compete with
the crop plant for nutrients, water, sunlight, air, etc., impacting the economic value of yield
and productivity. Uncontrolled weeds result in a yield reduction of 34% worldwide [1]. It
can significantly reduce crop yields by up to 50% in beans and corn, a 48–60% reduction
in wheat, and a 50–75% reduction in sesame [2]. However, yield reduction is not the
only negative impact of weeds on farm products; they can also decline product and
harvest quality. For example, Bassia scoparia (commonly known as Kochia) is green at wheat
harvest, bringing about poor harvest quality and contaminated wheat grain products [3]. In
addition, weeds can emerge throughout the farming season due to frequent irrigation and
abundant moisture for weed growing [4]. Therefore, weed management is a crucial and
continuous agricultural task in small and large-scale lands for optimizing sustainable and
economically viable agricultural productions. Cultivation, especially inter-row cultivation,
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manual weeding, herbicide application, and sustainable strategies are the main methods
of weed management practiced on a commercial scale worldwide (Figure 1). Cultivation
causes soil erosion, and deteriorating the soil health properties, Manual weeding is a labor-
intensive job and due to labor shortage and high labor costs, the demand for efficient and
precision weeding practices is remarkably increasing, while using herbicides has a huge
negative impact on health and the environment and sustainable strategies are expensive
and not affordable for all producers [5].
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The first herbicides were introduced after the chemical revolution in agrochemical
science in 1940. Since then, herbicides could effectively control weeds offering versatility
and efficient production systems for farmers across the world [1,5]. Across the United States,
annually, $26 billion is spent on herbicides [6]. Nevertheless, the excessive consumption of
herbicides gradually has been leading to the herbicide resistance (HR) weed phenomenon,
which was predicted in 1956 [7] and the first HR weed was reported in 1957 [1], that raised
concerns and skepticism hindering development and use of herbicide to control unwanted
plants in the field. Nowadays, many weed species have evolved into HR, and this trend
continues nonstop. A list of these HR weeds and the kind of herbicides they show resistance
to is provided on different resources (i.e., www.weedscience.org).

Unfortunately, the HR phenomenon is inevitable, though in order to delay it, farmers
take some measures such as herbicide management, herbicide rotation, tillage, etc. [7–10].
Furthermore, herbicides (generally agrochemicals) can cause health problems for the labor
operator who applies them to the farm, and the residue of the chemicals in the crop
leads to chemically contaminated crops bringing about health problems for consumers.
Inappropriate herbicide consumption damages crop yield. In addition, drifts and runoffs
of the chemicals have severe impacts on the environment [5,6]. The world population
will increase by up to 9 billion by 2050 [11]; therefore, in the long term, the existing
weed management methods will not be capable of coping with the future challenges of
HR weeds, the growing population needs, and other agroecological problems. Hence
there is an urgent need for other sustainable methods to maintain productivity while
simultaneously identifying methods and techniques.

The developing techniques in precision agriculture suggest high-tech strategies such
as Artificial Intelligence (AI), machine learning, and deep learning techniques to manage
weeds by using agrochemicals in optimized ways or not using them at all [6,12]. These
techniques have opened the doors to site-specific weed management (SSWM) [6,13]. It
means AI allows to integrate photogrammetry or image analysis to establish a database for
developing algorithms to enable weed management using automated or robotic techniques
to distinguish weeds from the crop plant [14–16] and HR weeds from herbicide-sensitive
(HS) ones [17,18]. Uncrewed aerial vehicles (UAVs) or piloted aircraft can fly over large
farm acreage to collect all the necessary weed data on a spatial scale, which is impossible
or extremely hard to do by other mis technology, gives highly detailed information accord-
ing to which the farmer can make precise and optimized decisions for controlling weed
patches [19–21] Thus, integrating UAV datasets to train and test the AI algorithms is the fu-
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ture solution for weed mapping and management in large farms [19] Moreover, automated
or mechanical weed control robots equipped with the specific ability for machine vision
allow us to develop mechanisms for targeted weed control by spot spraying.

Weed early-stage management is the most effective strategy to avoid seed disper-
sal [11]. In contrast to shape-based machine vision, AI-based methods can effectively detect
weeds in this stage as well as distinguish weeds from crop plants in dense vegetation
fields [22,23]. Currently, the adoption of AI-based weed management, smart systems,
and robotics are practically limited to early adopters due to the limited range of plants
that can be detected based on spectral signatures or not precisely based on species or
geocoordinates enough to protect the crop plant [23] To the authors’ best knowledge, other
than the signaling method [24]), no weed or detection system is reported yet, with the
same or nearly the same distinguishing power as human beings. However, the fluorescent
substance used in the signaling methods to mark crop plants at the planting stage must be
examined for harmful effects on the crop, the environment, and human health. Moreover,
the signaling methods cannot be used in farms, especially organic ones, which use a direct
sown system [25]. Therefore, researchers still have a long way to go to have a distinguishing
system that works in the field.

In a weed control robotic system, AI is not only used in the distinguishing processes
(image processing), but also it is used in trajectory planning, operation control, data
management, data sharing, weed distribution prediction model, etc. [11,20]. It helps to
immensely decrease herbicide use which is a significant step towards sustainable agri-
culture, preserving the environment, enhancing the consumers’ health, and declining
production costs. It also plays a leading role in effectively controlling and managing the
HR phenomenon [5,11,21,23,24]. The current AI under development phases could be ex-
pensive and hence less desirable in rural areas with low-income farms [11]. Generally,
remote sensing data are in various forms to be interpreted to be used accurately for any
decision systems. But its advantage is the ability to offer an instant response, which enables
the robotic weed control systems to operate in real-time [2], making it a solution for the
challenges of future agriculture.

This review article provides a forum to identify the use of artificial intelligence tech-
niques for precise and sustainable weed management techniques by providing researchers
with a holistic overview of HR weed management. We discuss the overview of herbicide
resistance weed management, challenges, and opportunities of managing herbicide resis-
tance weed; overview of AI-Based applications, weed mapping and classification; current
and innovative tools and technologies to manage herbicide resistance weed.

2. Overview of Herbicide Resistance Weed Management

It is complicated to predict the reaction of weeds to applied herbicides as it depends
on the weed species, applied herbicides, and crop management practices. This section
presents statistical information about HR weeds and management strategies. Although
there are some challenges to managing the HR weeds such as low adoption of resistance-
avoidance tactics, lack of herbicides with new modes of action, and lack of field-specific
decision support system (DSS) for weed management, there are some opportunities to
apply advanced tools and technologies against HR weeds.

2.1. Herbicide Resistance in Weeds (HR)

While herbicides are the most reliant measure to control weeds in larger crop pro-
duction systems, over-reliance on herbicides has created herbicide-resistant (HR) weeds
that have incurred crop yield losses and global food insecurity [26] Moreover, as herbicide-
resistant crops were introduced in the 1990s, the use of herbicides such as glyphosate
increased simultaneously, which further contributed to HR in weeds [27]. Herbicide resis-
tance has been related to the intense selection pressure exerted by herbicides resulting in
adaptive weeds [27]. Weed species or biotype of weed species that was initially controlled
by a specific herbicide is no longer controlled effectively and has been increasing rapidly
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worldwide [1]. Recurrent application of highly efficacious herbicides with the same site
of action, annual prolific breeding weed species that occur at high population densities,
and cropping systems that favor a few dominant weed species have been found to increase
the risk for the evolution of HR weeds Beckie and Reboud, 2009; Vencill et al., 2012 [28,29].
As of 2021, globally, 266 species (153 dicots and 113 monocots) have evolved resistance
to 21 of the 31 known herbicide sites of action and 165 different herbicides in 96 crops
in 71 countries [30].

2.2. HR Weed Management Strategies
2.2.1. Traditional Weed Management Practices

Traditional weed management practices include physical, chemical, and biological.
Physical control includes prevention of physical movement of weed seeds to clean areas
by cleaning equipment, using clean seeds, preventing movement of plant reproductive
structures by timely scouting of fields, and manual or mechanical controlling weeds that
escape herbicidal control, among others [29] Chemical control includes the use of herbicides.
Herbicide rotation and mixture have also been effective in reducing weeds’ HR traits [28]
However, weed control in commercial production systems relies heavily on herbicides,
which can eventually lead to HR weeds (Figure 2). Hence, to avoid or delay the develop-
ment of resistant weeds, a diverse, and integrated program of weed management practices
is required [31]. The biological control includes crop rotation, cover crops (including those
with allelopathic activity), intercropping, mulches, water management, manipulation of
crop planting dates, seeding rates, cultivar choices, fertilization, row spacing, and tillage,
among others [7,29,31].
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2.2.2. Integrated Weed Management (IWM) and Site-Specific Weed Management (SSWM)

Integrated weed management (IWM) is a component of integrated pest management
(IPM) that was formulated to promote the combined use of non-chemical and chemical
methods to control a pest with more targeted, site-specific, and rational applications [32,33].
The IWM practices involve prevention practices and synergistic use of cultural, mechanical,
biological, genetic, and chemical weed control methods to reduce reliance on herbicides and
use less-prone herbicides or those with less impact on the environment and health [29,34].

The increased cost and risk, reduced efficacy, and dependency on weather conditions
are some of the important factors affecting the adoption of non-chemical methods of
weed control by farmers [34]. This indicates that chemical control is indispensable in
commercial fields. However, site-specific management of weeds based on IWM can be
another effective strategy for weed management and minimizing HR in weeds. Site-specific
aims to estimate the spatial and temporal variability within fields and management inputs
using geospatial techniques and sensing analytics (such as GIS, GPS, and remote sensing)
to achieve optimum profitability, sustainability, and environmental protection [35,36].

In commercial fields, site-specific HR weed management at the landscape level or
farm scale can lead to reduced time and effort. In addition, there is a potential for reduced
cost of production and enhanced economic and environmental benefits [37] Studies have
shown that there are multiple ways for site-specific management of weeds to achieve
these benefits. Intermittent herbicide application, in which the herbicide is applied only
in areas with prominent weed problems, has been shown to reduce herbicide use by up
to 97% [38,39]. Monteiro and Santos (2022) summarized the most common site-specific
weed control strategies from different perspectives [40] and other scientists focused on the
precision technologies and essential parts of the spot sprayers to save herbicides while
managing weeds without losing yields [41].

2.3. Challenges and Opportunities of Managing Herbicide Resistance Weed
2.3.1. Challenges of HR Weed Management

i. Low adoption of resistance-avoidance tactics

The cost and effort of preventing/delaying resistance to many herbicides are widely
perceived or estimated to be the same as that of managing HR weeds, and therefore, farmers
often do not change their weed management program until resistance has occurred [31].
The inability of farmers to assess the economic risks associated with HR weeds, farmers
interested in optimizing short-term income, lack of herbicide groups to control target
weeds, and lack of knowledge on the impact of management practices are some of the
challenges faced while adopting herbicide resistance tectics (Figure 3). Further, the con-
venience of applying chemical herbicide compared to increased complexity, costs, and
management time associated with non-chemical or IWM practice demotivate the farmers
in the implementation of IWM [34,42].
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ii. Lack of herbicides with new mode of action

There is a reduced market for new herbicides and not enough research to support the
potential of herbicides with alternate modes of action or target sites. Glyphosate-resistant
(GR) crops made it worse since they could only be used with glyphosate herbicide and
ultimately leading to GR weeds [27]. Moreover, consolidation of the pesticide discovery
industry over the past several decades resulted in attrition in the number and diversity of
scientists engaged in this type of research. Meanwhile, the cost of getting a new market has
risen and is less effective on predominant GR crops.

iii. Lack of field-specific decision support system (DSS) for weed management

Decision support models for weed management are categorized as efficacy-based and
population-based. In the efficacy-based category, usage of herbicides is predicted by the
large datasets with herbicide performance on the different types of weeds and crops, while
the population-based category focuses on yield loss and soil characteristic changes. Most of
the developed weed management decision support systems have severe limitations to the
spatial variation of weed population [43–45]. DSS can significantly impact improving weed
management strategies and strong communication between researcher, producers, and
farmers as agricultural decision-makers [46]. Although weed management decision support
systems are designed to simulate the stocks and flows between agricultural systems, they
need to be controlled in order to collect the required data to run the models; farmers have
more tendency toward the usage of low-cost herbicides [47,48]. To make a more effective
model for DSS, integrated site-specific information about weeds, the interaction of weed
and crop, effect on crop yield and quality are necessary data to collect, but the decision
and definition of minimum data are complicated for each scale of management zone and
individual farm [49].

2.3.2. Opportunities for HR Weed Management

i. Approach to herbicide discovery

Experiments are going on to explore the mode of action of old herbicides that were
not studied before and to explore new molecular target sites to determine their potential
for herbicides. Recently, the omics approach has been going on, such as transcriptomics,
proteomics, and phenomics, among others, as a powerful tool with powerful analytical
capabilities for the quantitative analysis of hundreds of metabolites in plant extracts [27].

ii. HR crops

HR crops can be seen both as a challenge to HR weeds and an opportunity to fight with
HR weeds. With proper management that may include diverse crop rotation sequences
with multiple HR and non-HR crops, HR crops can reduce herbicide use intensity and help
reduce selection pressure on weed populations [50].

iii. Address barriers to IWM

Better recognition of the reasons why farmers are reluctant to use non-chemical meth-
ods of weed control at the farm level and devising field-specific strategies, encouraging
farmers to adopt a longer-term approach to weed control strategies by research and demon-
stration, changing farmer attitude by providing incentives on IWM practices, change in the
mindset of government and funding agencies [33,34].

iv. Advanced tools and technology: AI, remote sensing

Detecting and diagnosing HR weeds are the initial step in resistance management
and monitoring their nature, distribution, and abundance. While there are abundant
methods for the initial characterization of herbicide resistance in a weed biotype in the
laboratory setting [51], effective weed management in a commercial environment requires
time-effective and efficient weed detection and management methods [52]. Advancements
in sensor technologies have improved the accuracy of weed detection and classification,
leading to adaptive algorithms for a mechanical response. Moreover, integrating artificial
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intelligence programming and neural networks for real-time image processing can aid
decision-making by systematically notifying plant and soil properties based on optical
properties, shape, and textural characteristics [53].

• Remote Sensing with UAVs and satellites provides the opportunity to increase field
scouting in a timely, efficient manner [54] but is not available for commercial agricul-
ture due to its limited coverage and legal and regulatory issues. Detecting hotspots,
maps created from remote sensing or piling, or both allow site-specific weed manage-
ment of only the areas requiring corrective actions [54]. Remote sensing can provide
accurate, site-specific data that can be converted into information used by decision sup-
port systems. Studies have shown that vegetation indices based on spectral reflectance
captured by remote sensors can help determine herbicides’ efficacy and identify HR
weeds. This information can help farmers in the selection and application timing of
selected herbicides [52]. Martin et al. (2019) [55] investigated the impact of the height
and speed of UAVs as well as different types of nozzles on spot sprayer uniformity
and evaluated the effectiveness of the system economically [56].

• Robotics could integrate mechanical, cultural, and herbicidal tactics for timely weed
management and at the same time, increase time, labor, and cost efficiency, flame
weeding, radio wave, microwave energy, use of animals, AI for real-time image
processing and decision making. Zhang et al., 2022 provided an overview of current
robotic approaches, key technologies, current limitations, and potential research ideas
for the future to manage weeds [57].

3. Overview of Machine Learning and Artificial Intelligence Applied for HR
Weed Management

There are a few commercially available AI-based tools and technologies for control-
ling weed, as machine learning makes the classification process significantly easy [58,59].
Robocrop [60], Remoweed [61], Robovotor [62]. The techniques have been used to classify
weed vs. crop [15] and almost 97% accuracy is reported by the scientists [63]. A deep learn-
ing technique was applied for object classification to distinguish weeds and crops [64]. As
the main goal is to remove the HR weeds, it is necessary to develop reliable weed removal
technologies to remove weeds automatically. A lack of an automated and robust weed clas-
sification technique was one of the main barriers to developing a fully automated robotic
weeder. The Autonomous Weeder uses carbon dioxide lasers to annihilate 100,000 weeds
per hour [65]. Scientists work on electrocution as the future of weed management against
weeds resistant to herbicides [66]. Therefore, the modification of current available AI-based
detection systems by adding the weed removal part (such as mechanical arms, laser, or
electrocution) will overcome the HR weed management.

Machine learning approaches are based on sufficiently annotated data to train su-
pervised methods by testing on the unsupervised dataset. The process of data collection
and annotation can be time-consuming and may require technical and computing skillset,
which limits the applicability of machine learning methods in real-world scenarios. To
alleviate this problem, few-shot learning (FSL) has recently gained attention as a potential
solution to reduce the amount of annotated data required to train effective models [67]. The
FSL methods are generally categorized into (i) data augmentation, (ii) transfer learning, and
(iii) meta-learning. Data augmentation techniques include various strategies to artificially
generate new training samples to increase the amount of annotated data. Transfer learning-
based approaches involve pretraining a model on a larger source dataset before pursuing
training on a small target dataset. Finally, meta-learning, or learning-to-learn approaches,
aim to develop models that can quickly be specialized on new tasks with little data.

A large variety of crops and weeds makes it very challenging, if not impossible, to
develop a universal vision system that could work on all farms. Having machine learning
models that can quickly be trained on a few examples of a new environment could facilitate
the deployment of robotic systems at a larger scale. For weed management, FSL can
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play an essential role in developing vision systems for robotic solutions of selective weed
spraying or removal by addressing the following challenges.

• Cost: if the acquisition and annotation of large enough datasets is an obstacle in
developing new technologies for weed identification, FSL can limit the cost and time
of this process by reducing the amount of required data [68,69];

• Skills: the annotation of specific weed images can also require experts, as well as deploying
machine learning technologies. On the contrary, FSL can facilitate annotators’ work since
fewer images per class are needed to be labeled. Models that can easily learn new classes
can also participate in the democratization of machine learning technologies by simplifying
the optimization procedure, which otherwise can require robust computation architectures
(e.g., GPUs) and complex hyperparameter searches. [70,71].

I. Transfer learning

Transfer learning is a common practice in computer vision with deep learning. Knowl-
edge acquired from training on a source dataset takes the form of optimized weights
in neural networks and can be reused while learning novel tasks. Weights of popular
models, pretrained on large public datasets such as ImageNet [72], or COCO [73], are
generally used in deep learning libraries. These datasets contain color spaces in the visible
range (red-green-blue images) of natural scenes and common objects, which allow learning
generic features that can be transferred to other tasks, including weed identification. For
instance, [74] proposed two strategies to transfer features learned from ImageNet to the task
of weed/crop classification. The first strategy was to reuse a deep convolutional network
pre-trained on ImageNet and fine-tune the last layer on the target dataset. The second
was to use the pre-trained network as a feature extractor and use the features to train
other machine learning models such as gradient boosting, support vector machine, logistic
regression, or random forests. In this study, pretraining on an agriculture dataset was
aimed to improve weed identification more than pretraining on ImageNet, as the former
is from a closer source domain to the target task [75]. Although both transfer learning
strategies performed very well, pre-trained deep learning models on agriculture datasets
were more robust to noise, converged faster, and obtained slightly better results.

Similarly, transfer learning for weed and crop segmentation has been studied by [70].
Pretraining was done on a given crop dataset, and then fine-tuning was performed on either
fully labeled or partially labeled data of another crop. The results showed that training
time could be reduced by up to 80% when transfer learning was performed as compared to
a CNN trained from scratch [70].

II. Data augmentation

The solution to the problem of small datasets for training the AI-based models is to
enlarge the training dataset with data augmentation artificially. Geometrical transforma-
tions are often used as a low-cost preprocessing strategy to generate multiple variations of
training images [76]. These can include operations such as flipping, cropping, rescaling,
translation, rotation, etc. Alternatively, semantic segmentation of weeds, [77] proposes to
randomly paste a few weed leaves in background images to generate synthetic training
data of weeds in various conditions. Image patches can be sampled from multiple images
and combined to generate additional training data [78]. However, the samples generated
from geometrical transformations maintain correlations with the original data and can
thus be limited. Generative models such as generative adversarial networks have been
employed to produce realistic images of weeds and crops [71,79,80].

III. Meta-learning

Meta-learning aims to solve the problem by adopting the N-way K-shot mechanism,
which aims to learn N new classes from K examples where K is small, e.g., 1, 5, or 10. Meta-
learning approaches can further be divided into meta-optimization and metric learning [67].
A typical approach of meta-optimization aims to train models that can learn new classes
in a few optimization steps, thus requiring less training data [81]. This strategy has been
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employed to learn to estimate weed density from UAV multispectral images with only
a few iterations [82].

Metric learning approaches the task of data identification from a different perspec-
tive in which models are trained to project input data into an embedding space where
similar data are close and dissimilar data are farther (according to a predefined dis-
tance metric such as “Euclidean distance”) [83]. Learning a mapping from input data
to a learned embedding space allows one to classify previously unseen data with only
a few examples based on distances. For instance, a popular approach is a prototypical
network [68] which uses fewer examples (e.g., 5 images) for each class and then projects in
the embedding space, averaged to serve as class prototypes. Unlabeled images are then
classified based on the nearest class prototype. The application of prototypical networks to
agriculture datasets and establishing baselines for few-shot classification of plant leaves
classification are primarily based on metric learning [69].

Contrastive learning, a form of metric learning, has also been employed to learn classi-
fication and segmentation with unlabeled data [84]. Their method obtained significantly
higher accuracy when leveraging contrastive learning in a semi-supervised setting with
fewer annotated data.

4. Weed Mapping and Classification

Weed mapping and classification are referred to represents synergies of spatial infor-
mation for weed identification. The identification part is divided into data acquisition, crop
classification, and results visualization. The efficient combination of systems and sensors,
several machine learning techniques, and spectral indices can be successfully applied to
identify the weeds and the herbicide resistance ones.

4.1. Reflectance Properties in Spatial and Spectral Weed Detection and Localization

The revolutionized application of Uncrewed Aerial Vehicles (UAVs) technology in
input management for crop production has significantly impacted the productivity of
large farm acres. UAVs are widely used for identifying weed patches in the field. The
acquired drone imagery is then processed using machine learning techniques. Other aerial
reflectance-based (e.g., satellite) imagery is deployed for early weed patch monitoring [85].
UAVs are useful for detecting weeds at an ultra-high resolution based on the camera and
spectral band. On the contrary, satellite imagery can range from 30 m to a kilometer range.

The spectral bands UAVs on or satellites are acquired using spectral sensors/cameras.
Therefore, it is important to identify the right subset of bands that can distinguish the ap-
propriate patch sizes based on the scale and resolution [86]. Many narrow and contiguous
spectral bands are used to distinguish weeds from other vegetation based on the prop-
erties of pigment compositions of plants (Table 1) [87–89]. Researchers have determined
several techniques to detect and localize weeds based on (i) spectral signatures to develop
imaging spectrographs [90,91], (ii) morphological properties like leaf shape and geometric
features [92], (iii) modelized leaf shapes based on high-resolution imagery [93], (iv) aerial
imagery using cameras with optical bandpass filters to differentiate weeds and crops [94].

The reflectance properties of aerial imagery in the visible range of 400 to 700 nm are
well established to reflect and absorb specific wavelengths in red (R), green (G), and blue (B)
spectra as primary color space [95]. The reflectance is low in this region, with a peak at
approximately 550 to 560 nm that reflects the green spectra, indicating the maximum
sensitivity for chlorophyll in this region [96,97]. Determining chlorophyll content is useful
in correlating with crop stages and types, to distinguish weed patches from crops. The
transition to near-infrared (NIR) regions has been the subject of several studies [90,98–102].
The NIR band lies in the 800–1350 nm spectral range and exhibits a plateau [97]. Under
field conditions, the NIR plateau exhibited light readily and was followed by a region of
low reflectance to major moisture absorption bands (1450–1950 nm) [97,103]. Multispectral
imagery expresses the spectral responses in terms of red, green, blue, red edge, and infra-red
wavelength and is commonly used for photogrammetric analysis of spatial features [104].
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However, imaging spectroscopy or hyperspectral imaging expresses the full spectral range
for each pixel of the image and also expresses the three-dimensional structure [105,106].
Due to light hardware and faster calculation speed, multispectral imagery is widely gaining
advantages over hyperspectral imagery for weed detection and localization.

Table 1. The absorption spectrum of common plant compounds useful for differentiating crops and
weeds with crops using spectral signatures.

Plant Compound/Component Spectral Range (nm)

Alpha-carotenoid 420, 440 and 470
Beta-carotenoid 425, 450 and 480
Chlorophyll a 435, 670–680, and 740
Chlorophyll b 480 and 650

Lutein 425, 445, and 475
Anthocyanin 400–550
Violaxanthin 425, 450, and 475

Moisture 970, 1450 and 1944

Though AI-based methods are effective, robust, and reliable in understanding envi-
ronmental conditions and plant characteristics, operational durability and limited payloads
on some AI-Based systems like UAVs may constrain the treatment applicability at a larger
scale. e.g., broad spatial coverage by uncrewed aerial systems (UAS) is not achievable due
to short battery life and flight duration, and data processing cost increases exponentially
as the volume of data increases with larger areas [107,108]. Apart from the financial cost,
AI-based methods require understanding, investment in new skills and equipment, and
sharing data with technology suppliers. Moreover, the adoption of new technologies by
landowners is ambiguous since the decision is dependent on (1) the farmer’s perception
and behavioral preferences, such as environmental consciousness about the utilization
of technology; (2) pressure from peers, and the presence of complementary technology;
(3) risk and reward assessment; and (4) policies rewarding farmers for the adoption of
technologies or tax them for negatively generated externalities [109].

4.2. Thermal Imaging for Susceptible vs. Resistance Weed Canopies

Before the interactive effect of herbicides through a proper mode of action, weed resis-
tance and susceptibility is a complex and challenging task to visually scout the distinctive
phenology. This delays the management and significantly impacts the yield. Therefore,
several techniques are being evaluated in combination with the spectral reflectance of
weed patches. Several researchers have identified thermal imaging as one of the potential
techniques for detecting increased levels of stress and reduced rates of photosynthesis in
plants [110]. In production agriculture, glyphosate is one of the commonly used herbi-
cides and is widely researched for resistance studies [111]. The chemical composition of
glyphosate induces stress in plants and this stress is distinct for susceptible vs resistant
weed species. The inhibition of stomatal conductance leads to a reduced rate of photo-
synthesis after glyphosate addition, as it lowers the ability of the leaf to transpire and
increases the surface temperature [112]. This physiological phenomenon indicates that the
addition of glyphosate leads to significantly higher temperatures for susceptible canopies
than the resistant ones [110,112,113]. Therefore, a thermal camera mounted on UAV can be
useful for detecting susceptible vs resistance patches on a spatial scale in large fields. This
approach has been experimented on, and has been proven to be successful for common
weeds like kochia, water hemp, palmer amaranth pigweed, and ragweed [27,28,110,114].

4.3. Spectral Measurements and Indices-Based Weed Detection

Spectral bands have extensively allowed for rapid, in situ, and non-destructive mea-
surements of crop phenological properties like crop water stress [115,116], leaf area [117],
nitrogen content [118], chlorophyll content [96,119], photosynthesis [120], vegetation in-
dices [116], disease detection [121] and crop maturity and senescence [122]. The discrep-
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ancies or distinctive spectral signatures of weeds are an important factor for detecting
herbicide resistance weeds [113,123,124]. Spectral weed indices have been used for kochia
(Kochia scoparia), ragweed (Ambrosia artemisiifolia L.), and hemp (Amaranthus rudis) by
combining a single wavelength and a normalized wavelength (450–920 nm) to identify
herbicide (example glyphosate) resistance for weeds with a higher degree of resistance and
optimization using machine learning techniques [124]. Several researchers have developed
these weed indices and Table 2 identifies these spectral indices used by researchers for
specific weeds.

Table 2. Spectral weed indices formula.

Index Name Formula Experimental Weed Population

Weed Spectral Resistance Index (WSRI) Red Edge−Red
Red Edge−Blue

Barnyard grass, Velvet leaf [125]

Spectral Weed Indices (SWI)

AB +
(

C+D
C−D

)
A, C, D are wavelengths chosen from the

pool of eight selected wavelengths
(A 6= C 6= D) and b is
the weighting factor

Kochia
AB = R460 nm; C = R520 nm; D = R760 nm

Ragweed
AB = R670 nm; C = R790 nm; D = R760 nm

Water hemp
AB = R760 nm; C = R490 nm; D = R790 nm

[124]

Red Edge Position (REP)

c1−c2
m1−m2

c1 and c2, intercepts and m1 and m2
represent the slopes of the far-red and

near infra-red line

Grass species-Brachypodium genuense,
Briza media, Bromus erectus and

Festuca sp.
Herb species–Anthemis carpatica, Cirsium

creticum, Crepis pygmaea, Lamium
garganicum, Onobrychis viciifolia,

Tanacetum parthenium and Trifolium
pretense [126]

Ratio Vegetation Index (RVI)

R677
R710

R677 is wavelength at 677 nm and R710 is
wavelength at 710 nm

Foxtail, Goosegrass, Round and lobed leaf
pharbitis redroot amaranth, purslane,

lambs quarters [127]

Crofton Weed Index (CWI)
NDVIDec.−NDVIMar.
NDVIDec.+NDVIMar.

Crofton weed (Eupatorium
adenophorum spreng) [128]

Normalized Crop sample Index (NCSI)

λ(i,j)
λnormVecj

λ(i,j) = cell in the dataset representing
sample i in spectral band j.

λnormVecj = spectral reflectance of band j
in the vector of a selected labeled

rectangle from the crop population

Weeds of the genus
Convoluaceae in Watermelon [129]

4.4. Integrating Reflectance Properties with Machine Learning Techniques

Agriculture applications are extremely effective and straightforward due to machine
learning. There are three stages of the machine learning process: data collecting, model
development, and generalization [125]. In most cases, machine learning algorithms are im-
plemented to overcome complicated issues such as weed detection, classification, herbicide
management, and the detection of resistant weeds when human expertise is insufficient.
Machine learning is based on supervised, semi-supervised and unsupervised learning.
It explores a large amount of known data sets that assist with predicting unknown vari-
ables or future event. The two strategies against weed resistance include the repetitive
and rotational uses of herbicides based on the modes of action, and new discoveries of
phytotoxic molecules [130]. The molecular features of herbicide resistance combined with
the predictive models of phytotoxic properties are integrated to develop a comprehen-
sive machine learning-based exploration of herbicide chemistry [130,131] Here are several
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machine learning examples, along with their application, working principles, and special
features (Table 3).

Table 3. Working principles of machine learning techniques for weed identification for non-chemical-
based management.

Machine Learning Technique Application Working Principle Special Features References

Convolutional Neural
Networks (CNN)

The deeper CNN is
used to classify weeds
and crops, whereas the

shallow network is
used to detect weeds.

Machine learning
algorithm with

convolutional layers to
test the weed features
using images taken by
UAVs (such as the leaf

shape and position)

Propose a low-cost
weed Identification
system to build the
identification model

with an accuracy
of 92%

[132]

Deep convolutional neural
network (DCNN)

High-throughput
phenotyping and

accurate field
management of
resistant weeds

Spectral characteristics of
susceptible weeds are

different from resistant
weeds after

herbicide application

Capable of
autonomously learning
fundamental filters and

combining them
hierarchically

[125]

Support vector machine (SVM)

Identification of weeds,
predict herbicide

resistance in weeds,
determine the

appropriate herbicide

Two-dimensional spatial
map with an additional
dimension of spectral

information, allowing to
collect (NDVI)

Reduce the influence of
the unknown

variability and effective
in small-sample

handling with an
accuracy of 97%

[133]

Artificial neural networks
(ANNs)

Classify the weed
species based on the

color, texture, and leaf
of weeds

Collect the spectral data in
vegetation indices, canopy

cover, and plant density
by using remote sensors

ANN detects the weeds
with an accuracy of up

to 95%
[134]

Random forest (RF) classifier
Real-time detection of
the weed and crop for

precision UAV spraying

UAV images are used in
the combination of digital

surface models (DSMs),
then separate the weeds

from the crops

A popular option for its
generalized

performance and
operational speed with

an accuracy of 96%

[135]

k-nearest neighbors (KNN)

Evaluating crop
damage from

herbicides, Weed
classification for

real-time automatic sprayer

Based on the spectral data
between crops and weeds

Classification and
regression issues are
addressed with an
accuracy of 93%.

[136]

ShuffleNet-v2 and VGGNet
Detecting and

discriminating weeds
susceptible to herbicide

Trained according to the
herbicide weed control
spectrum with the goal

of autonomous
spot-spraying herbicides.

High overall
accuracy (≥0.999) [137]

5. Conclusions

Weed management is necessary for agriculture productivity. Integrated management
strategies allow us to manage weeds with limited or no chemicals. It is necessary not only
to deal with general challenges in weed management but also to cope with a low adoption
of resistance-avoidance tactics and the lack of field-specific decision support systems.
Therefore, applying AI-based methods has been reported as an efficient technique to
manage weeds by using agrochemicals in optimized ways and hopefully eliminate them in
the future. This paper makes the first comprehensive review of AI-based methods and tools;
applications, and challenges to manage herbicide-resistant weeds. These methodologies
can be extended, creating more opportunities and guidance for future academic endeavors.
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