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ABSTRACT: Agriculture serves as the backbone of India’s economy. The ongoing rise in global population, coupled with climate
change and rapid urbanization, has significantly impacted agriculture. Maximizing crop yields is imperative to ensure global food
security. Precision agriculture, or the integration of computation into agricultural practices is not a recent concept. Machine
learning (ML) algorithms have long been employed in tasks such as vegetation analysis, crop modelling, and yield management.
However, the application of ML in agricultural pest management is currently gaining attention, as effective pest control necessitates
accurate pest identification - a challenging task. Automating this process holds promise for more efficient disease management.
Various ML algorithms have been utilized in precision agriculture, and now, some are being explored for the identification and
management of plant parasitic nematodes, which pose a significant threat to agricultural crops worldwide. This article provides an
overview of the algorithms utilized and the databases developed to facilitate the efficient identification of plant parasitic nematodes.
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INTRODUCTION

Climate change over the last few years has been of

huge concern for scientists worldwide. Plant growth and

productivity largely depend upon the climatic conditions

of a region. Temperature, water availability, and soil

conditions immensely influence agricultural output (Anwar

et al., 2013). On the other hand, the human population is

ever-growing and is estimated to reach 9.1 billion by

2050. To feed this population, the demand for food supply

will increase by about 70 per cent (Sharma et al., 2021).

In the present scenario where the availability of

arable land is on the decline due to fast urbanization,

increasing crop productivity is a real challenge.

Unpredictable weather, climatic fluctuations, unplanned

agricultural systems, along with the lack of proper pest

management, contribute to the reduction in domestic

food production (Jansson and Hofmockel, 2020; Sharma

et al., 2021). Agriculture contributes largely to the

economic development of any country. Such hindrances

in food production adversely affect economic growth as

well. These drawbacks need to be addressed urgently.

There is an immediate need for optimization of agricultural

practices which will ensure sustainability, yield

maximization, as well as environmental safety. The

concept of precision agriculture aims to address these

challenges. In the past few years, initiatives have been

taken to improve crop production by the use of artificial

intelligence (AI). AI is a new and emerging tool with

multi-dimensional applications. The use of machine

learning (ML) technologies allows more precision in

agricultural practices, thus reducing or bypassing the

impact of both biotic and abiotic factors (Eli-Chukwu,

2019; Benos et al., 2021).

Machine learning comes under the broad segment of

AI and involves analyzing raw data, extracting information
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from them, and generating predictions and hypotheses

based on them. In the present-day situation, precision

agriculture might be a potent solution for the existing

conundrums. Experts in current agro-industries are trying

to explore their theories largely, thus helping to achieve

more accurate predictions. New-age agriculture has the

scope of employing ML algorithms for disease forecasting,

climatic prediction, optimization of water usage, nutrient

availability, and so on (Xing and Wang, 2017; Elavarasan

et al., 2018). The general method of pest management is

by the use of chemical pesticides in fields, which are

expensive and have consequences on the environment.

The use of ML in agriculture allows the precise application

of pesticides in accordance with time, dosage, and the

nature of pathogens, thus paving the way for a more

cost-effective pest management strategy (Elavarasan et

al., 2018). The use of computation in agriculture dates

back to the 1980s and has been used for the management

of pests, diseases, prediction of soil, rainfall, vegetation,

weed management, and control of crop products and

storage (Banerjee et al., 2018).

Among agricultural pests, plant parasitic nematodes

(PPNs) are a major threat to crop production. Nematodes

are one of the most diverse groups of metazoans; still,

less than 0.01 per cent of the species have been described

to date. Of these, about 4100 are plant parasitic. While

free-living nematodes are significant in nutrient cycling

and as indicators of soil health, PPNs cause a huge loss

of crops including rice, tomato, brinjal, chilli, potato,

soybean, and others (Jones et al., 2013). PPNs are soil-

borne pathogens and cause an annual yield loss of about

USD 157 billion, of which, India alone incurs a loss of

$1.58 billion (Kumar et al., 2020). Nematodes are

diverse and are found in all types of soil systems. PPNs

can be terrestrial or aquatic, ectoparasites, endoparasites,

or semi-endoparasites in nature (Mandal et al., 2021).

Proper identification of nematodes is necessary to: (i)

evaluate the importance of free-living nematodes as

biotic indicators of soil health, (ii) assess the impact of

PPNs in crop loss and disease forecasting. Automating

the identification of nematodes is of utmost importance,

considering the enormity of the task in the absence of an

adequate number of skilled taxonomists (Bhat et al.,

2022; Shabrina et al., 2023). Proper identification and

enumeration in samples are key strategies in the control

of PPNs (Ropelewska et al., 2023). This review

summarizes the different machine learning algorithms

used in agriculture and the ones already in use for

nematode management.

CLASSIFICATION OF MACHINE LEARNING
ALGORITHMS USED IN AGRICULTURE

Machine Learning (ML) involves the development

of statistical models and algorithms that enable computers

to perform tasks more efficiently without explicit

programming. ML algorithms are typically categorized

as follows:

Supervised learning

Supervised learning utilizes a labelled training dataset,

consisting of input and output data, to train models for

forecasting events. This involves generating a mapping

system between input variables (X) and output variables

(Y) (Cunningham et al., 2020). Key supervised ML

algorithms include:

Decision Tree: A decision tree is utilized for both

regression and classification problems. It constructs a

tree-like structure based on input attributes, where each

node represents an attribute and branches represent

outcomes (Song and Lu, 2015; Nasteski, 2017).

Artificial Neural Networks (ANN): ANNs simulate

neurons in the human brain and consist of layers of

artificial neurons connected by weights. They are

classified into feedback and feedforward networks,
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each with distinct characteristics (Agatonovic-Kustrin

and Beresford, 2000; Hoang et al., 2021).

Support Vector Machine (SVM): SVM is effective

for classification and regression tasks, aiming to find a

hyperplane that maximizes the gap between data points

for accurate classification (Zoppis et al., 2018; Pisner

and Schnyer, 2020).

Random Forest (RF): RF utilizes an ensemble of

decision trees to predict continuous variables and has

applications in agriculture, particularly in crop yield

forecasting (Breiman, 2001; Elavarasan et al., 2018).

Bayesian Network (BN): BNs analyse interactions

between variables in a dataset to generate outcomes,

making them suitable for environmental and agricultural

predictions (Chen and Pollino, 2012).

Unsupervised learning

Unsupervised learning algorithms generate outputs

from unlabeled input data, detecting structures and

patterns within datasets. Key unsupervised ML algorithms

include:

Markov Chain Model (MCM): MCM records

transitions in complex systems and has applications in

rainfall prediction and agriculture (Sonnadara and

Jayewardene, 2015).

DBSCAN: DBSCAN identifies dense regions or clusters

in data, useful for crop yield prediction and plant location

identification (Leroux et al., 2019; Shi et al., 2023).

K-means clustering: K-means classifies data into

clusters based on similarity, with applications in various

fields including agriculture (Kodinariya and Makwana,

2013).

Reinforcement Immune Algorithm (RIA): RIA

mimics the human immune system and is used for

resource allocation in agriculture (Elavarasan et al.,

2018; Jiang et al., 2018).

Fig. 1. An overview of supervised machine learning classification and algorithms
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Reinforcement learning - agent-based modelling
(RL-ABM): RL-ABM combines reinforcement learning

with agent-based modelling for applications in disease

prediction and ecosystem behaviour (Jiang et al., 2018;

Sert et al., 2020).

Least square dynamic programming (LSDP): LSDP,

combining statistical tools and AI, is used for weed

identification in agricultural fields (Bonneau et al., 2014).

Semi-supervised learning

Semi-supervised learning utilizes a small amount of

labelled data along with unlabelled data to train models,

aiming to overcome drawbacks of both supervised and

unsupervised learning. Key algorithms include:

Gaussian fields and harmonic functions (GFHF):
GFHF is used for classification tasks, including land

cover classification in agriculture (de Sousa, 2015; Ma et
al., 2016).

Linear Support Vector Machine (LSVM): LSVM
determines vegetation indices and has applications in
weed mapping using UAV imagery (Tang, 2013; Pérez-
Ortiz et al., 2015).

Difference of convex function semi-supervised SVM
(DC-SS-SVM): DC-SS-SVM is an extension of SVM
for classification tasks, with applications in seed toughness
determination using NIR spectroscopy (Sun and Park,
2017).

Fuzzy C-Means (FCM): FCM is used for image
segmentation and land cover classification in agriculture
(Nowpada et al., 2011; Ngo et al., 2021).

Affinity Propagation (AP) algorithm: AP is a clustering
algorithm with applications in analysing hyperspectral

data for agriculture, such as determining soluble solid

content in apples (Zhu et al., 2013).

Fig. 2. An overview of unsupervised machine learning classification and algorithms
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ML IN NEMATODE IDENTIFICATION

Plant parasitic nematodes (PPNs) pose a significant

threat to agriculture, and traditional control methods are

often expensive, time-consuming, and labour-intensive.

Moreover, nematode infections are challenging to detect,

as infected plants may exhibit general symptoms similar

to those caused by other factors. Additionally, PPNs can

form disease complexes with other pathogens, further

complicating control efforts. Accurate identification of

PPN species is crucial for effective control measures,

but the declining number of skilled taxonomists presents

a challenge. Automation of this task offers a promising

solution in terms of accuracy, efficiency, and cost-

effectiveness, with machine learning (ML) algorithms

emerging as a key approach for nematode identification.

Several databases and ML-based systems have

been developed for image-based species-level

identification of PPNs:

NEMANet

Developed by Abade et al. (2022), NEMANet is a

convolutional neural network (CNN) system trained on

image data of nematodes damaging soybeans. CNNs,

known for their ability to automatically extract features

from data, are a state-of-the-art algorithm for image

detection and classification. NEMANet achieved an

impressive accuracy of 96.99–98.88 per cent on average,

demonstrating its effectiveness in identifying PPN

species.

NemaRec

NemaRec is a database designed for the identification

of soil nematodes, utilizing a convolutional neural network

for image processing and identification. Although user-

friendly, NemaRec’s identification accuracy averages

only 54.7 per cent, indicating room for improvement

(Qing et al., 2022).

Fig. 3. An overview of semi-supervised machine learning classification and algorithms
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NemDST

NemDST is a decision support system developed to
identify and count populations of root-knot nematodes
(RKNs) in soil. Utilizing a deep-learning approach based
on YOLOv5 model, NemDST demonstrates high
accuracy in detection, classification, and counting of
nematodes (Pun et al., 2023).

Artificial Neural Network (ANN) system

Ropelewska et al. (2023) developed an ANN system
for identifying cyst nematodes, achieving accuracies
ranging from 83.7 to 98 per cent for different species.

Free-living marine nematodes identification

ML algorithms including Random Forest (RF),
Support Vector Machine (SVM), K-nearest neighbour
(KNN), and Stochastic Gradient Boosting (SGBoost)
were used for identifying free-living marine nematodes.
Among these, the Random Forest algorithm demonstrated
the highest precision, correctly identifying 100 per cent
of Sabatieria species (Brito de Jesus et al. 2023).

These databases and ML-based systems represent
promising advancements in the field of nematode
identification, offering efficient and accurate solutions
for agricultural management.

CONCLUSION

Although crop losses caused by PPN attacks often
go unnoticed, they are estimated to exceed 12 per cent
globally across the 40 most important crops (Kumar et
al., 2020). Effective nematode management has become
a pressing concern. Presently, machine learning
algorithms are being developed for precise nematode
identification. Most of these tools have demonstrated
high accuracy in classifying and identifying PPNs. The
integration of computation into nematode identification

and management holds significant potential for disease

control and warrants thorough exploration. The creation

of more databases is necessary to enable growers to

accurately identify species and implement appropriate

pesticide measures. Successful implementation of

machine learning in pest management represents a

significant step toward a sustainable future.
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