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Abstract

Pest control is a critical aspect of agriculture, public health, and urban infrastructure. Traditional pest control methods often
rely on extensive pesticide use and manual monitoring, which can be costly, labor-intensive, and environmentally damaging.
The integration of Artificial Intelligence (Al) into pest management offers a transformative approach that is more efficient,
sustainable, and precise. This paper explores the diverse applications of Al in pest control, including pest detection,
monitoring, prediction, decision-making, and sustainable management. It also discusses the challenges and future directions

for Al-powered pest control systems.
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Introduction

Pest control remains a critical component of global
agricultural, environmental, and public health systems.
Invasive pests and vectors, such as insects, rodents, and
other organisms, not only threaten crop yields and food
security but also pose risks to human and animal health by
transmitting diseases (Sparks, 2013) 2% 251, Traditional pest
control methods—including manual inspection, chemical
pesticides, and biological control—often face challenges in
terms of efficiency, cost, environmental sustainability, and
resistance development (Shamshiri et al., 2018) 22 In
recent years, the integration of Artificial Intelligence (AI)
into pest management strategies has emerged as a promising
approach to enhance monitoring, prediction, and control
efforts (Liakos et al., 2018) '8 191 Al-based systems are
improving pest detection accuracy, optimizing pesticide use,
and reducing environmental impacts (Feng et al., 2020) %71,
Al, encompassing machine learning (ML), deep learning,
computer vision, and data analytics, has revolutionized
many fields through its ability to analyze large datasets,
identify patterns, and make informed predictions. In pest
control, Al technologies enable automated detection of pests
through image recognition, forecast outbreaks using climatic
and ecological data, and optimize pesticide application to
reduce environmental impact. For instance, computer vision
systems can identify pest species in real-time through drone
or camera footage, while predictive models can forecast pest

population dynamics under varying environmental
conditions (Wang et al., 2021) 71,
Moreover, Al-driven systems can be integrated into

precision agriculture platforms, allowing farmers to monitor
pest activity across large areas with minimal manual
intervention. This contributes to Integrated Pest
Management (IPM) strategies by promoting timely, targeted
interventions, thus reducing reliance on broad-spectrum
pesticides. Al also facilitates early warning systems for pest
outbreaks, especially in regions vulnerable to climate
change, where traditional prediction methods fall short
(Liakos et al., 2018) U3 191,

In urban pest control, Al is being applied to track rodent
movement patterns, optimize trap placements, and even
predict infestations in buildings through smart sensors and
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IoT integration (Zhou et al., 2022) BY. These innovations
not only improve the efficacy of pest control but also help
mitigate health risks and reduce the ecological footprint of
control measures.

Despite its potential, the adoption of Al in pest management
faces barriers such as high initial costs, limited digital
infrastructure in rural areas, and the need for high-quality
training data. Continued interdisciplinary collaboration
among computer scientists, entomologists, ecologists, and
farmers is crucial to developing scalable, user-friendly Al
systems tailored to diverse environments and pest species.
In conclusion, Al is reshaping the future of pest control by
enabling smarter, more precise, and sustainable practices.
As digital agriculture and smart cities continue to evolve, Al
will likely become an indispensable tool in managing pests
efficiently and responsibly. This paper aims to present a
comprehensive overview of how Al is currently being used
and how it can be further leveraged for pest control.

Al in Pest Detection and Identification

Pest detection and identification is a cornerstone of effective
pest control, but traditional methods—such as manual
scouting and morphological identification—are time-
consuming, error-prone, and dependent on expert
knowledge. The advent of Artificial Intelligence (Al),
particularly computer vision and machine learning (ML),
has dramatically improved the accuracy, speed, and
scalability of pest detection and identification systems.

Computer Vision and Image Recognition

One of the most widely used Al techniques in pest detection
is computer vision, which allows machines to analyze and
interpret visual data. Using images captured by
smartphones, drones, or fixed cameras, Al algorithms can
identify pests with high precision. Convolutional Neural
Networks (CNNs), a class of deep learning models, have
demonstrated remarkable success in classifying pests across
various crops. For example, a deep learning model trained
on large datasets of insect images can distinguish between
similar-looking species such as the cotton bollworm and
armyworm. This facilitates timely and accurate responses,
preventing large-scale infestations (Ferentinos, 2018).[1%



International Journal of Zoology Studies

Sensor Integration and Smart Devices

Al-powered sensors and traps, often integrated with the
Internet of Things (IoT), can continuously monitor pest
presence in the environment. These smart traps use Al
algorithms to automatically identify and count pests,
transmitting data in real-time to central systems for analysis
and decision-making. Such automation reduces the need for
manual labor and allows for more consistent surveillance
(Zhou et al., 2022) 31,

Mobile and Edge AI Applications

Mobile apps embedded with Al algorithms enable farmers
to identify pests in the field using smartphones. These apps
use pre-trained models to analyze photos taken by the user,
returning probable pest species and suggested control
actions. Edge Al (Al running on local devices without
needing internet access) is particularly beneficial in rural
and remote areas with limited connectivity (Kamilaris &
Prenafeta-Bolda, 2018) [ 141,

Multispectral and Hyperspectral Imaging

In advanced setups, Al models are paired with hyperspectral
or multispectral cameras mounted on drones or robots.
These imaging systems detect subtle changes in crop
reflectance caused by pest attacks, allowing indirect pest
detection before visible symptoms occur. Al analyzes these
complex datasets to flag possible infestations for further
inspection (Koirala et al., 2019) 1],

Predictive Analytics and Early Warning Systems: Al is
instrumental in predicting pest outbreaks by analyzing
historical data, weather patterns, and crop conditions.
Predictive Analytics refers to the wuse of statistical
techniques, machine learning algorithms, and data mining to
analyze current and historical data to make predictions
about future events (Malerba et al, 2021) [20,
Early Warning Systems (EWS) are frameworks designed to
detect potential threats or abnormalities early enough to
enable timely response and mitigation efforts (WHO, 2021)
(11, 28] Together, they are essential in fields such as public
health, agriculture, disaster management, finance, and
cybersecurity (Brownstein et al., 2008) B,

Data is gathered from historical records, real-time
monitoring systems, sensor networks, remote sensing,
surveys, and open-source intelligence platforms. The
effectiveness of these systems depends heavily on data
quality and completeness (Malerba et al., 2021)12%,
Collected data is cleaned, normalized, and transformed into
useful features. This process enhances the model's ability to
detect hidden patterns and generate accurate predictions
(Ginsberg et al., 2009).['1

Predictive Modeling commonly used Al and statistical
models such as random forests, support vector machines,
time-series models (like ARIMA, LSTM), and Bayesian
networks. (Malerba et al., 2021) 2%, Outputs from predictive
models are visualized via dashboards or GIS tools to
highlight at-risk zones, enabling effective decision-making
(FAO, 2020) . When a threshold is exceeded, an
automated alert system notifies relevant authorities or users
via SMS, email, or app notifications (WHO, 2021) 281,

Precision Pest Management: Precision pest management
leverages advanced technologies such as Al, IoT, and
drones to improve the efficiency and effectiveness of pest
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control strategies. Sensor fusion integrates data from
multiple types of sensors, such as temperature, humidity,
and visual data, to provide real-time monitoring of pest
populations in fields, thus allowing for more accurate pest
detection (Guo et al., 2020).'"2 Al-powered drones are
increasingly used for aerial monitoring of crop health and
pest activity, enabling targeted pest control measures that
minimize the use of pesticides and reduce environmental
impact (Singh et al., 2021) 1. Deep learning models
enhance pest identification by training Al systems to
recognize various pests with high precision, even in
complex agricultural environments, improving the response
time and reducing the need for broad-spectrum chemical
treatments (Li et al., 2021)['7). In addition, geospatial Al is
used for creating detailed pest risk maps, which combine
satellite imagery with Al analysis to predict areas at high
risk of pest outbreaks, allowing farmers to apply control
measures only where needed (Zhou et al.,, 2020) B2 331,
These technologies, when used together, allow for a more
sustainable and cost-effective approach to pest management
by focusing efforts on areas that need attention the most,
reducing waste and environmental harm.

Decision Support Systems (DSS): This is crucial for
enhancing pest control strategies by integrating data,
models, and expert knowledge to assist in decision-making.
DSS tools in pest control help farmers assess pest risks,
predict outbreaks, and optimize interventions. For example,
Al-powered DSS can integrate weather data, crop
conditions, and pest monitoring data to predict pest
infestations with high accuracy, reducing reliance on
pesticides (Ahmed et al., 2020) [, These systems also
facilitate real-time decision-making, allowing farmers to
make informed choices about pesticide applications based
on up-to-date field data (Liakos et al., 2018) [13 191,
Furthermore, geospatial DSS utilize satellite imagery and
spatial data to map pest distribution and predict the spread
of infestations, helping target control efforts efficiently
(Zhou et al., 2020) B2 331 The integration of machine
learning models in DSS enables continuous learning and
improvement of pest control strategies over time, making
them more adaptive to changing pest dynamics (Cheng et
al., 2021) 41,

Enhancing Sustainability and Reducing Environmental
Impact:  Enhancing  sustainability = and  reducing
environmental impact in pest control is central to modern
agricultural practices. Sustainable pest control emphasizes
minimizing chemical pesticide usage while preserving
biodiversity and protecting ecosystems. Integrated Pest
Management (IPM) strategically combines biological,
cultural, and chemical methods to manage pests efficiently
and sustainably (Kogan, 1998) [3. Biological control
methods that utilize natural predators, parasitoids, and
pathogens help in significantly reducing dependence on
synthetic chemicals (van Lenteren, 2012) [0 The
application of biopesticides, such as neem (Azadirachta
indica) and microbial agents like Bacillus thuringiensis,
enables targeted and/ eco-friendly pest suppression
(Copping & Menn, 2000). I Technological innovations in
precision agriculture, including the wuse of drones,
multispectral sensors, and GPS-based mapping, allow for
real-time pest surveillance and site-specific treatments,
reducing off-target effects and chemical overuse (Zhang &
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Kovacs, 2012) B9, Cultural practices such as crop rotation,
intercropping, and habitat manipulation effectively disrupt
pest life cycles and enhance ecosystem services (Altieri,
1994) [l Furthermore, genetic strategies, such as
developing pest-resistant crop varieties, help in lowering
pesticide application frequency and enhance crop resilience
(Dyck, Hendrichs, & Robinson, 2005). © Educational
initiatives for farmers and the formulation of
environmentally conscious agricultural policies are also
essential components in promoting sustainable pest control
(Pretty, 2008) 21,

Challenges and Limitations: While Al offers promising
advances in pest detection and management, several
challenges remain. Data quality and availability are major
issues, as Al models require large, accurate datasets that are
often lacking in agriculture (Kamilaris & Prenafeta-Boldu,
2018) 13141 High costs of Al technology, including drones,
sensors, and software, limit access for small-scale farmers
(Liakos et al., 2018) ['® 1 Complex pest ecosystems and
variability across regions make it difficult for Al to
generalize solutions effectively (Sparks, 2013) [+ 25,
Additionally, technical limitations such as misidentification
of pests and inability to adapt quickly to new pest threats
can reduce Al reliability (Feng et al., 2020). [* 91 There are
also ethical and privacy concerns regarding data collection
and farm monitoring (Wolfert et al., 2017) %], Finally, lack
of skilled personnel to operate and maintain Al systems
presents a barrier to widespread adoption (Shamshiri ef al.,
2018). 122

Future Prospects: The future of Al in pest control looks
promising with the advancement of deep learning and
computer vision technologies, enabling more accurate and
faster pest identification (Kamilaris & Prenafeta-Boldd,
2018) (31, Predictive analytics using Al could forecast pest
outbreaks based on real-time weather, crop, and pest data,
improving early warning systems (Feng et al., 2020).1% %
Autonomous drones and robots equipped with Al may soon
perform targeted pesticide applications or biological
releases with minimal human intervention (Shamshiri et al.,
2018) 221,

Integration of Internet of Things (IoT) with Al will enable
continuous monitoring of fields, enhancing decision-making
precision (Wolfert et al., 2017) %1, Furthermore, advances
in edge computing can allow faster on-site pest analysis
without relying on cloud connections, making Al tools more
accessible even in remote areas (Liakos et al., 2018) [18 191,
Collaboration between AI developers, agronomists, and
farmers will be essential to customize solutions for diverse
agricultural ecosystems.

Conclusion Artificial Intelligence is reshaping pest control
by offering smarter, more sustainable, and efficient
approaches. From real-time detection to predictive modeling
and precision interventions, Al technologies have the
potential to revolutionize how pests are managed in
agriculture and beyond. Continued innovation and
collaboration are key to fully realizing the benefits of Al in
this critical domain.
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