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Abstract

Insect pests represent one of the most significant biological constraints affecting global agricultural
productivity, food security, and ecosystem stability. Conventional pest monitoring and identification
approaches largely depend on manual field scouting, morphological expertise, and laboratory-based
taxonomic confirmation, which are often time-consuming, labour-intensive, and difficult to implement
at large spatial and temporal scales. Recent advances in Artificial Intelligence (Al), particularly
Machine Learning (ML), Deep Learning (DL), computer vision, and Internet of Things (loT)-based
sensing technologies, have created new opportunities for transforming modern entomological research
and pest management practices. Al-driven systems enable automated insect detection, species
identification, population estimation, outbreak prediction, and real-time decision-making by integrating
large datasets derived from images, environmental sensors, remote sensing platforms, and historical
pest records. Deep learning algorithms, especially convolutional neural networks (CNNs) and object
detection frameworks such as YOLO, have demonstrated remarkable capabilities in recognizing insect
species, analysing trap images, and monitoring pest populations under field conditions. Furthermore,
Al-based predictive models incorporating climatic variables, crop phenology, and ecological
parameters provide improved forecasting of pest outbreaks and support precision Integrated Pest
Management (IPM). The integration of Al with drones, smart traps, mobile applications, and
autonomous agricultural systems has further strengthened sustainable pest management by enabling
targeted interventions and reducing unnecessary pesticide applications. Despite significant progress,
challenges including limited annotated datasets, environmental variability, model interpretability,
infrastructure requirements, and adoption barriers remain major concerns. Future developments
involving explainable Al, edge computing, generative Al, and digital twin technologies are expected to
further enhance intelligent entomological systems. This review discusses recent advancements,
applications, challenges, and future perspectives of Al in entomology, with particular emphasis on
insect pest surveillance, automated identification, and precision pest management strategies.

Keywords: Artificial intelligence; machine learning; deep learning; computer vision; insect
identification; pest surveillance; precision agriculture; integrated pest management; iot sensors; remote
sensing

Introduction
1.1 Global importance of insect pests in agriculture and ecosystems
Insect pests represent one of the most significant biological constraints affecting global
agricultural productivity, food security, and ecosystem stability. Approximately 20-40% of
global crop production is estimated to be lost annually due to pests and diseases, with insect
herbivores contributing substantially to these losses (Savary et al., 2019) B9, Insect pests
affect agricultural systems through direct feeding damage, destruction of plant tissues,
contamination of harvested products, and transmission of economically important plant
pathogens (Oerke, 2006) ™. The increasing intensification of agriculture, global trade,
habitat modification, and climate change have further altered insect population dynamics,
geographical distribution, and outbreak frequency of several invasive and emerging pest
species (Deutsch et al., 2018) [19],
Economically important pests such as fall armyworm (Spodoptera frugiperda), brown
planthopper (Nilaparvata lugens), aphids, whiteflies, fruit flies, and invasive beetle species
continue to threaten agricultural sustainability worldwide. The recent global spread of

~203~


https://www.biologyjournal.net/
https://www.doi.org/10.33545/26649926.2026.v8.i7c.947

International Journal of Biology Sciences

Invasive pests has demonstrated the limitations of
conventional monitoring approaches and highlighted the
requirement for rapid, accurate, and scalable pest
surveillance systems (Early et al., 2016; Kenis et al., 2022)
(18 381 Effective pest management requires timely
information regarding pest occurrence, population density,
developmental stages, and spatial distribution; however,
obtaining such information at large scales remains
challenging using conventional methods.

Traditional pest management programs rely primarily on
field scouting, expert observation, and economic threshold-
based decision-making. Although these approaches remain
fundamental components of integrated pest management
(IPM), they are often limited by labour requirements,
observer variability, restricted sampling frequency, and
dependence on specialised taxonomic expertise (Dent, 2000;
Dara, 2019) (3% 4 Consequently, modern agriculture
requires intelligent systems capable of continuous
monitoring, automated identification, and predictive
analysis. Recent advances in artificial intelligence (Al) have
introduced new possibilities for transforming entomological
research and pest management. Al enables computational
systems to learn from biological datasets, recognise complex
patterns, and generate predictions without explicit
programming (Jordan & Mitchell, 2015) B 4 The
integration of Al with agricultural technologies, including
computer vision, remote sensing, loT sensors, and
automated decision-support systems, has accelerated the
development of digital agriculture and precision pest
management approaches (Liakos et al., 2018; Benos et al.,
2021) [5:391,

1.2 Limitations
approaches
Manual scouting and field monitoring

Conventional insect pest surveillance mainly depends on
manual crop inspection, visual observation, trapping, and
periodic sampling by farmers or trained personnel. These
approaches provide valuable ecological information but are
often inefficient for monitoring large agricultural landscapes
because they require considerable time, labour, and expert
involvement (Foster et al., 2020) ?4. Furthermore, manual
scouting is generally conducted at discrete intervals, which
may result in delayed detection of pest population increases
occurring between monitoring periods.

Early detection is critical because many insect pests exhibit
rapid population growth under favourable environmental
conditions. Failure to identify infestations during initial
stages frequently results in excessive pesticide application,
increased production costs, and negative environmental
impacts (Peshin & Dhawan, 2009) 151, Therefore, automated
monitoring systems capable of continuous observation are
increasingly required for sustainable pest management.

of conventional pest monitoring

Dependency on taxonomic expertise

Accurate insect identification is a fundamental requirement
for effective pest management. However, traditional
identification depends heavily on morphological expertise,
taxonomic keys, and laboratory confirmation. The shortage
of trained taxonomists and increasing complexity of insect
diversity create significant challenges for rapid species
identification (Hopkins & Freckleton, 2002) [2°1,

Closely related insect species often exhibit similar
morphological  characteristics, making identification
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difficult, particularly for immature stages such as eggs and
larvae. Although molecular techniques such as DNA
barcoding provide reliable species confirmation, they
require  specialised laboratory facilities, additional
processing time, and financial resources (Hebert et al.,
2003) 271, Al-based identification approaches provide an
alternative by enabling rapid image-based classification and
automated recognition of insect species.

Delayed detection and reactive pest management
Conventional pest management strategies are frequently
reactive rather than predictive because interventions are
often initiated after visible crop damage occurs. Such
delayed responses reduce management efficiency and may
encourage unnecessary pesticide use (Kogan, 1998) B3],
Climate variability further complicates pest forecasting
because temperature, humidity, rainfall, and crop conditions
strongly influence insect population growth and migration
patterns (Skendrovi¢ Babojeli¢ et al., 2021) (54,

Al-based predictive models overcome several limitations by
integrating multiple data sources, including historical pest
records, climatic variables, satellite observations, and crop
information. Machine learning algorithms can identify
complex relationships between environmental factors and
pest outbreaks, enabling early warning systems and
improved management decisions (Benos et al., 2021) I,

Labour-intensive identification and data processing
Modern pest surveillance generates large volumes of
biological information, including insect images, geographic
observations, environmental measurements, and population
records. Processing these datasets manually is time-
consuming and often impractical for large-scale agricultural
applications. Al-based analytical systems provide automated
approaches for extracting meaningful patterns from complex
datasets.

Deep learning techniques, particularly convolutional neural
networks (CNNs), have demonstrated strong performance in
image recognition tasks and have been increasingly applied
for insect detection, classification, and population
monitoring (LeCun et al., 2015; Thenmozhi & Reddy, 2019)
[36. 54 These approaches allow automated analysis of
thousands of insect images and provide rapid diagnostic
support for farmers and researchers.

1.3 Evolution from conventional entomology to digital
entomology

Historically, entomology has relied on morphological
identification, ecological observation, behavioural studies,
and population monitoring. These approaches established
the foundation of insect science; however, increasing
agricultural complexity and the need for real-time decision-
making have encouraged integration with digital
technologies.

The concept of digital entomology represents the transition
from traditional observation-based approaches toward data-
driven insect monitoring systems. Digital entomology
combines artificial intelligence, computer vision, automated
sensors, geographic information systems (GIS), and big-data
analytics to improve understanding of insect populations
and their interactions with agricultural ecosystems (Bjerge
et al., 2022) ©,

Computer vision-based systems can automatically detect
and classify insects from images captured by field cameras,
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smart traps, and mobile devices. Recent studies have
demonstrated successful applications of deep learning
models for insect recognition, biodiversity monitoring, and
automated pest surveillance (Wang et al., 2021; Hartbauer,
2024) 126 58],

1.4 Role of artificial intelligence in transforming pest
surveillance and management

Artificial intelligence has emerged as a transformative
technology capable of improving multiple aspects of
entomological research. Al-based systems can support
insect identification, population  monitoring,  pest
forecasting, and precision management through automated
analysis of biological and environmental data (Liakos et al.,
2018) 1%,

Major applications include:

1. Automated insect identification

Al-based image recognition models, particularly CNNs and
object detection algorithms, enable rapid identification of
insect species and developmental stages (Thenmozhi &
Reddy, 2019) 54,

2. Smart pest surveillance

Al-integrated traps and loT-based monitoring systems allow
continuous insect detection and remote population
assessment (Bjerge et al., 2022) 61,

3. Predictive pest modelling

Machine learning algorithms analyse environmental and
historical datasets to forecast pest outbreaks and improve
IPM decisions (Benos et al., 2021) 5,

4. Precision pest management

Al facilitates targeted pesticide application, autonomous
spraying systems, and site-specific pest control strategies,
reducing chemical inputs and improving sustainability
(Klerkx et al., 2019) 341,

Thus, Al represents a major advancement in entomology by
shifting pest management from conventional reactive
approaches toward predictive, automated, and precision-
based systems.

2. Fundamentals of artificial intelligence in entomology

Artificial Intelligence (Al) represents a rapidly developing
area of computational science that enables machines to
perform tasks traditionally associated with human
intelligence, including learning, pattern recognition,
prediction, classification, and decision-making. In
entomology, Al has emerged as a transformative analytical
approach for improving understanding of insect population
dynamics, automating species identification, predicting pest
outbreaks, and strengthening integrated pest management
(IPM) strategies. The increasing availability of biological
datasets generated through field sensors, automated traps,
remote sensing platforms, geographic information systems
(GIS), and historical pest databases has created new
opportunities for applying Al-based approaches in insect
science. The application of Al in entomology mainly
involves two interconnected computational approaches:
machine learning (ML) and deep learning (DL). Machine
learning enables computational systems to identify
meaningful patterns from structured biological and
environmental datasets, whereas deep learning uses
multilayer artificial neural networks to automatically extract
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complex features from large-scale image, spatial, and
sensor-based datasets (Jordan & Mitchell, 2015; LeCun et
al.,, 2015) B 36 42 Unlike conventional statistical
approaches, Al models are capable of analysing
multidimensional datasets and identifying nonlinear
relationships among insect populations, climatic conditions,
crop characteristics, and management practices. This
capability has significantly contributed to the development
of predictive and precision-based pest management systems
(Liakos et al., 2018; Benos et al., 2021) 539,

2.1 Machine Learning (ML)

Machine learning is a major branch of artificial intelligence
that enables computer systems to learn relationships and
improve predictive performance through experience gained
from available datasets without requiring explicit
programming. In agricultural entomology, ML algorithms
have become increasingly important for analysing complex
interactions between insect populations, environmental
variables, crop conditions, and management interventions.
Unlike traditional statistical models, which generally depend
on predefined assumptions regarding relationships among
variables, machine learning approaches can identify
complex nonlinear patterns and hidden relationships within
large biological datasets (Mitchell, 1997; Jordan & Mitchell,
2015) BL 42 The application of machine learning in
entomology primarily focuses on pest population prediction,
outbreak forecasting, climate—insect interaction modelling,
and pesticide decision-support systems. These applications
enable researchers and agricultural practitioners to move
from conventional reactive pest management approaches
toward predictive and data-driven decision-making systems.

2.1.1 Pest population prediction

Accurate estimation of insect population density is a
fundamental requirement for implementing effective
economic threshold-based pest management strategies.
Conventional pest monitoring methods generally depend on
manual field sampling, visual observation, and expert
assessment. Although these methods provide valuable
information, they are often limited by restricted sampling
frequency, high labour requirements, and difficulty in
monitoring large agricultural areas. Machine learning
approaches provide an alternative solution by integrating
multiple factors influencing insect population development,
including temperature, rainfall, relative humidity, crop
growth stage, historical pest abundance, and vegetation
indices. By analysing these variables simultaneously, ML
models can identify complex relationships between
environmental conditions and pest population trends.
Artificial neural network-based models have demonstrated
significant potential for predicting insect population
dynamics by analysing nonlinear relationships between
environmental factors and insect development patterns
(Damos, 2015) 2. Similarly, machine learning-based
forecasting approaches have shown improved performance
compared with conventional regression models for
predicting agricultural pest populations (Mishra et al., 2022)
3 Such predictive systems allow farmers and pest
management specialists to implement preventive strategies
before insect populations exceed economic thresholds,
thereby reducing crop losses and unnecessary pesticide
applications.
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2.1.2 Outbreak Forecasting

Insect pest outbreaks are influenced by multiple interacting
factors, including climatic variability, host availability,
insect migration behaviour, and landscape characteristics.
Due to the complexity of these interactions, predicting pest
outbreaks using conventional approaches remains
challenging. Machine learning algorithms provide powerful
tools for outbreak forecasting because they can analyse large
historical datasets and identify patterns associated with pest
emergence and population expansion.

Algorithms such as Random Forest, Support Vector
Machine (SVM), and Artificial Neural Networks (ANNS)
have been applied for predicting pest occurrence,
distribution patterns, and outbreak risks. Machine learning-
based species distribution models have successfully
combined climatic variables with geographic information
system (GIS) datasets to improve predictions of insect
distribution and ecological responses (Elith et al., 2006) (9,
Similarly, species modelling approaches incorporating
machine learning techniques have enhanced predictions of
insect responses under changing climate conditions (Thuiller
et al., 2009) 5%,

The application of Al-based forecasting systems has become
particularly important for invasive insect pests. For
example, predictive models developed for fall armyworm
(Spodoptera  frugiperda) have integrated climate
information, crop distribution patterns, and pest occurrence
records to estimate potential invasion risks and outbreak
probability (Early et al., 2018) [*8l. Such approaches provide
valuable early warning information for developing effective
pest management strategies.

2.1.3 Climate-insect interaction modelling

Climate conditions strongly influence insect development,
reproduction, migration, survival, and geographical
distribution. Temperature, precipitation, and humidity
directly affect insect growth rates, generation time, and
population increase. However, insect responses to
environmental variables are often nonlinear and involve
complex interactions that are difficult to capture using
traditional statistical methods.

Machine learning approaches provide advanced analytical
capabilities for understanding climate—insect relationships
by integrating environmental datasets with insect population
information. These models have been applied to predict pest
distribution under future climate scenarios, estimate changes
in insect phenology, and identify climate-driven outbreak
risks.

Species distribution models based on machine learning
algorithms have demonstrated effectiveness in predicting
habitat suitability and potential distribution changes of
insect species under changing environmental conditions
(Guisan et al., 2017) 41, The integration of ML models with
climate datasets is expected to become increasingly
important for developing climate-resilient pest management
strategies, particularly under conditions of global warming
and changing agricultural environments.

2.1.4 Pesticide decision support systems

Excessive pesticide application remains a major challenge in
agricultural production due to environmental contamination,
development of insecticide resistance, and harmful effects
on beneficial organisms. Machine learning-based decision-
support systems provide an opportunity to improve pesticide
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efficiency by integrating pest population data, crop
conditions, weather information, and economic threshold
levels.

Al-based decision-support systems can assist farmers and
agricultural experts by determining whether pesticide
application is necessary, identifying the most appropriate
intervention timing, recommending suitable management
strategies, and predicting expected treatment effectiveness.
Research has demonstrated that digital agriculture and Al-
supported decision systems can improve resource-use
efficiency and reduce unnecessary chemical inputs by
enabling precise and targeted pest management decisions
(Klerkx et al., 2019) B4 These systems represent an
important step toward environmentally sustainable pest
control.

2.1.5 Major machine learning algorithms used in
entomology

Random Forest (RF)

Random Forest is an ensemble machine learning algorithm
that combines multiple decision trees to improve predictive
accuracy and reduce overfitting. The algorithm is
particularly useful for analysing complex ecological datasets
containing multiple interacting environmental and biological
variables (Breiman, 2001) [¢,

In entomology, Random Forest models have been applied
for predicting pest occurrence, analysing habitat suitability,
and modelling insect species distribution. Their ability to
handle large datasets with multiple variables makes them
suitable for ecological and agricultural applications.

Support vector machine (SVM)

Support Vector Machine is a supervised learning algorithm
that classifies data by identifying optimal decision
boundaries between different categories. In insect science,
SVM approaches have been applied for insect species
classification, pest recognition, and image-based
identification.

SVM-based classification systems have demonstrated high
accuracy in distinguishing insect species when combined
with morphological and image-derived features (Xia et al.,
2018) 9 These characteristics make SVM useful for
automated insect identification systems.

Gradient boosting algorithms

Gradient boosting algorithms, including XGBoost-based
approaches, improve predictive performance by combining
multiple weak learning models into a stronger predictive
framework. These methods have demonstrated effectiveness
in analysing complex agricultural datasets involving
environmental variability and biological interactions (Chen
& Guestrin, 2016) (11,

In entomological applications, gradient boosting approaches
have been used for pest outbreak prediction, environmental
risk assessment, and agricultural forecasting.

Avrtificial neural networks (ANNS)

Artificial Neural Networks are computational models
inspired by biological neural systems. They consist of
interconnected processing units capable of learning complex
relationships from large datasets. Due to their ability to
model nonlinear interactions, ANNs have become valuable
tools in insect population forecasting, climate-based pest
prediction, and decision-support systems.
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ANN models have successfully demonstrated the ability to
predict insect population dynamics by analysing
relationships between environmental conditions and pest
development patterns (Damos, 2015) 121,

2.2 Deep Learning (DL)

Deep learning represents an advanced branch of machine
learning based on artificial neural networks containing
multiple hidden layers capable of automatically extracting
complex features from raw datasets. Unlike traditional
machine learning methods that require manual feature
extraction, deep learning algorithms automatically identify
important patterns from images, videos, and sensor-
generated data (LeCun et al., 2015) 81, In entomology, deep
learning has revolutionized insect identification and
monitoring by enabling automated analysis of large image
datasets generated through smart traps, field cameras,
drones, and mobile devices.

2.2.1 Convolutional neural networks (CNNs)
Convolutional Neural Networks are among the most widely
applied deep learning architectures for image-based insect
recognition. CNNs automatically extract important visual
characteristics such as body shape, colour patterns, wing
structure, morphology, and texture features from insect
images.

Insect image classification

CNN-based models have achieved high accuracy in
classifying insect species from digital images. These
systems significantly reduce dependence on manual
taxonomic identification and allow rapid processing of large
image datasets (Thenmozhi & Reddy, 2019) 54,

Species recognition

Deep learning models have been successfully applied for
automated recognition of economically important insect
pests, including aphids, beetles, moths, whiteflies, and fruit
flies. CNN-based approaches provide rapid species-level
identification and support real-time pest diagnosis systems
(Wang et al., 2021) [581,

Life-stage identification

Identification of insect developmental stages is essential
because management strategies often depend on specific life
stages. CNN models have demonstrated capability in
distinguishing eggs, larvae, pupae, and adult stages of
economically important insect pests (Li et al., 2020).

2.2.2 YOLO-based object detection

You Only Look Once (YOLO) is a real-time object
detection framework designed for rapid identification and
localization of objects within images. Unlike conventional
classification models, YOLO simultaneously determines
object identity, location, and number within a single image-
processing step (Redmon et al., 2016) “8. In entomology,
YOLO-based models have been applied for automated
insect counting, trap image analysis, and field-level pest
monitoring. These systems can analyse sticky trap images,
pheromone trap images, and field photographs to rapidly
identify insect individuals and estimate population density.
Al-based trap monitoring systems using YOLO have
demonstrated potential for improving insect surveillance
efficiency by reducing manual counting requirements and
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providing real-time pest population information (Rustia et
al., 2020) [,

2.2.3 Vision Transformers (ViTs): Vision Transformers
represent a recent advancement in computer vision that
applies transformer-based architectures originally developed
for natural language processing to image analysis. Unlike
CNNs that primarily focus on local image features, Vision
Transformers analyse relationships between different image
regions using self-attention mechanisms (Dosovitskiy et al.,
2021) 71,

In entomology, Vision Transformers provide promising
opportunities for fine-grained insect recognition, particularly
for distinguishing closely related species with subtle
morphological differences. They are also valuable for
analysing complex field images containing leaves, soil,
multiple insects, and variable lighting conditions.

Recent transformer-based approaches have demonstrated
improved performance in complex image classification tasks
and may significantly enhance future insect recognition
systems (Touvron et al., 2021) 58],

3. Al-Based insect pest surveillance systems

Effective pest surveillance is the foundation of integrated
pest management (IPM) because timely detection of insect
populations allows preventive and targeted management
interventions. Traditional surveillance methods based on
manual scouting and trap inspection are often limited by
labour requirements, sampling frequency, and dependence
on expert knowledge. Artificial intelligence (Al)-based
surveillance systems overcome these limitations by
integrating automated imaging devices, Internet of Things
(loT) sensors, remote sensing platforms, and machine
learning algorithms for continuous and large-scale
monitoring of insect populations. These intelligent systems
enable real-time detection, identification, and prediction of
pest outbreaks, thereby supporting sustainable and
precision-based pest management strategies (Liakos et al.,
2018; Benos et al., 2021) 539,

3.1 Automated smart traps

Automated smart traps represent one of the most promising
applications of Al in modern entomological surveillance.
Conventional pheromone and sticky traps are widely used
for monitoring economically important insect pests;
however, manual inspection of traps is time-consuming,
requires skilled personnel, and provides discontinuous
information. The integration of digital cameras, embedded
computing systems, and Al algorithms has transformed
conventional traps into intelligent monitoring platforms
capable of automatically detecting and analysing insect
populations (Rustia et al., 2020) ],

Al-enabled smart traps generally consist of a trapping
mechanism, image acquisition system, environmental
sensors, communication module, and machine learning-
based analytical framework. The operational workflow
follows a sequential process:

Trap deployment — Image capture — Image preprocessing
— Al-based insect detection — Species identification —
Population assessment — Decision support

Images captured by cameras installed near pheromone or
sticky traps are processed using computer vision algorithms.
Deep learning models, particularly convolutional neural
networks (CNNs) and object detection algorithms such as
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YOLO (You Only Look Once), can automatically recognise
insect individuals, estimate abundance, and distinguish
target pests from non-target organisms (LeCun et al., 2015;
Redmon et al., 2016) [35. 48],

Smart traps have been successfully applied for monitoring
several economically important insect groups. Automated
monitoring of moth species using camera-equipped
pheromone traps has received considerable attention
because many Lepidopteran pests are difficult to monitor
manually over large agricultural areas. Al-based systems
have demonstrated the ability to identify and count moth
species from trap images, providing continuous information
on pest population dynamics (Mayo & Watson, 2007; Rustia
et al., 2020) 41491,

Fruit fly surveillance is another important application area
because species such as Bactrocera spp. and Ceratitis
capitata cause significant economic losses in horticultural
crops. Al-assisted trap systems allow automated detection
and classification of fruit flies, reducing dependence on
manual identification and improving early warning
capabilities (Solis-Sanchez et al., 2011) 52,

Similarly, stored grain pest monitoring has benefited from
Al-based imaging systems. Storage pests such as weevils,
beetles, and moth larvae can cause substantial post-harvest
losses, and early detection is essential for preventing
infestation development. Computer vision-based approaches
enable rapid assessment of insect presence in stored
commodities and support automated quality management
systems (Jha et al., 2019).

The major advantages of Al-based smart traps include
continuous monitoring, reduced labour requirements, remote
accessibility, and improved accuracy of pest population
estimation. However, challenges remain regarding field
variability, image quality under different environmental
conditions, power requirements, and the availability of large
annotated datasets for training Al models (Bjerge et al.,
2022) 11,

3.2 Drone-based pest surveillance

Unmanned aerial vehicles (UAVs), commonly known as
drones, have emerged as valuable tools for large-scale
agricultural monitoring. When integrated with Al-based
image analysis systems, drones provide rapid assessment of
crop health, pest distribution, and infestation severity across
large agricultural landscapes. Unlike ground-based
monitoring methods, drone-based surveillance enables
spatially continuous observation and identification of pest
hotspots before severe crop damage occurs (Zhang &
Kovacs, 2012) [611,

Drone-based pest surveillance primarily relies on different
imaging  technologies, including RGB  cameras,
multispectral sensors, and hyperspectral imaging systems.
RGB cameras provide high-resolution visible images
suitable for detecting visible symptoms associated with pest
infestation, such as leaf discoloration, feeding damage, and
canopy changes. Al algorithms can analyse these images to
identify abnormal crop patterns and estimate pest-related
damage (Mahlein, 2016) 1%, Multispectral imaging provides
additional information beyond visible light by capturing
reflected radiation at specific wavelengths. These spectral
signatures can reveal physiological changes in plants caused
by insect feeding before visible symptoms appear. When
combined with machine learning models, multispectral data
can improve early detection of pest stress and differentiation
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between healthy and affected plants (Zhang et al., 2019) 61,
Hyperspectral imaging represents an advanced sensing
approach capable of collecting hundreds of narrow spectral
bands. This technology provides detailed information
regarding plant biochemical changes associated with insect
attack. Al models can analyse hyperspectral datasets to
classify pest-induced stress and identify infestation patterns
with high accuracy (Behmann et al., 2015) 1,

A major advantage of drone-based Al surveillance is the
development of spatial pest distribution maps. By
combining UAV imagery with geographic information
systems (GIS), researchers can generate pest risk maps
showing infestation intensity and distribution patterns. Such
information enables farmers to apply targeted management
interventions rather than uniform pesticide applications,
reducing chemical usage and improving environmental
sustainability (Deng et al., 2021) (161,

Despite their potential, drone-based systems face limitations
including regulatory restrictions, operational costs, weather
dependency, and the need for advanced computational
infrastructure. Future integration with edge computing and
autonomous navigation systems is expected to improve the
scalability of drone-based pest monitoring.

3.3 10T and sensor-based entomological monitoring

The Internet of Things (loT) has introduced new
possibilities for continuous environmental and biological
monitoring in  agricultural  ecosystems.  loT-based
entomological systems combine distributed sensors, wireless
communication networks, cloud computing, and Al
algorithms to provide real-time information about pest
activity and environmental conditions.

The fundamental workflow of loT-enabled pest monitoring
involves:

IoT sensors — Environmental data collection — Data
transmission — Al prediction models — Early pest warning
system — Management recommendation

loT sensors installed in agricultural fields can continuously
collect environmental parameters that influence insect
population dynamics, including temperature, humidity,
rainfall, soil conditions, crop growth characteristics, and
insect activity patterns. These datasets are analysed using
machine learning algorithms to predict pest emergence and
population increases (Kamilaris & Prenafeta-Boldu, 2018)
132 Temperature and humidity are particularly important
because insect development rates, reproductive capacity,
and survival are strongly influenced by climatic conditions.
Al models can integrate environmental data with historical
pest records to generate predictive models capable of
forecasting pest outbreaks before economic damage occurs
(Damos, 2015) 21,

Smart sensor networks have also been developed for
monitoring insect activity directly. Acoustic sensors, optical
sensors, and automated imaging systems can detect insect
movement, wingbeat patterns, or trap captures. These data
streams provide valuable information for developing early
warning systems and improving decision-making in IPM
programs (Potamitis et al., 2015) (61, The integration of IoT
with Al enables the transition from traditional reactive pest
management toward predictive and autonomous agricultural
systems. However, challenges related to sensor reliability,
communication infrastructure, energy requirements, and
data management must be addressed for widespread
adoption.
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4. Artificial Intelligence for Insect Identification
Accurate insect identification is fundamental for successful
pest management, biodiversity assessment, and ecological
research. Conventional identification methods rely mainly
on morphological examination, microscopy, taxonomic
keys, and expert knowledge. Although these approaches
remain scientifically important, they are often time-
consuming and difficult to apply for large-scale monitoring.
Al-based image recognition technologies provide alternative
approaches by enabling rapid, automated, and scalable
insect identification.

4.1 Image-based identification

Traditional insect identification depends on detailed
morphological ~examination performed by trained
taxonomists. ldentification often requires analysis of
external characteristics such as body shape, wing venation,
antennae structure, colour patterns, and developmental
characteristics. However, morphological identification
becomes challenging when dealing with closely related
species, immature life stages, damaged specimens, or large
numbers of samples (Hopkins & Freckleton, 2002) 29, Al-
based image identification systems overcome several
limitations of conventional approaches by automatically
extracting visual features from insect images. Deep learning
architectures, particularly CNNs, have demonstrated
excellent performance in recognising complex patterns
associated with insect morphology (LeCun et al., 2015) [361,

Al-based identification provides several advantages:

e rapid species recognition

e automated processing of large image datasets

e reduced dependency on expert taxonomists

o field-level diagnostic capability through mobile devices
CNN-based systems have been developed for identifying
several economically important insect groups, including
aphids, whiteflies, beetles, mosquitoes, and Lepidopteran
pests. For example, deep learning models have achieved
high classification accuracy in agricultural pest recognition
by analysing insect body characteristics and image features
(Thenmozhi & Reddy, 2019) 541,

Mosquito identification represents another important
application because accurate species recognition is essential
for disease surveillance. Al models trained on mosquito
images have demonstrated the ability to differentiate
mosquito species and support automated vector monitoring
programs (Fedorova et al., 2020) 20,

4.2 Mobile-based ai identification platforms

The development of smartphone-based Al applications has
significantly increased accessibility of insect identification
technologies. Mobile platforms combine smartphone
cameras, cloud-based Al models, and user-friendly
interfaces to provide real-time pest diagnosis directly in
agricultural fields. These systems are particularly valuable
for farmers, agricultural extension workers, and citizen
scientists who may lack specialised taxonomic expertise.
Users can capture insect images using smartphones, which
are analysed by Al algorithms to provide pest identification
and management recommendations.

Mobile-based Al platforms support:

o farmer-friendly pest diagnosis

e extension service delivery

e citizen science monitoring

e rapid reporting of invasive species
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Applications such as image-based pest recognition systems
have demonstrated potential for improving agricultural
advisory services by reducing the time required between
pest detection and management action (Ramcharan et al.,
2017) 471,

4.3 Al-assisted taxonomy and biodiversity monitoring
Beyond agricultural pest management, Al has become an
important tool for taxonomy, biodiversity assessment, and
ecological monitoring. Large-scale biodiversity studies
generate enormous quantities of insect images and specimen
records that are difficult to process manually. Al-assisted
systems provide automated approaches for analysing these
datasets and improving ecological understanding.

Al applications in biodiversity monitoring include:

e insect diversity assessment

e invasive species detection

e pollinator monitoring

e ecological modelling

e museum specimen digitisation

Deep learning models have demonstrated the capability to
identify thousands of insect species from image datasets,
supporting large-scale biodiversity surveys and citizen
science initiatives (van Horn et al., 2018). Automated image
recognition systems also assist museums and research
institutions in digitising historical insect collections,
improving accessibility of biological databases.

Recent advances indicate that Al can support global insect
monitoring by integrating image databases, ecological
information, and citizen-generated observations. Such
approaches are expected to become increasingly important
for tracking biodiversity changes, invasive species
expansion, and ecosystem responses to environmental
change (Bjerge et al., 2022) 1,

5. Al applications in precision pest management
Precision pest management represents a significant
advancement over conventional pest control strategies by
integrating real-time monitoring, predictive modelling, and
targeted intervention approaches.  Traditional  pest
management practices often involve uniform pesticide
application across entire fields, regardless of the actual
distribution and severity of pest infestation. This approach
may result in unnecessary chemical usage, increased
production costs, pesticide resistance development, and
negative impacts on non-target organisms. Artificial
intelligence (Al) provides a pathway toward sustainable pest
management by combining biological information,
environmental data, remote sensing, and automated
decision-making systems to optimize pest control strategies
(Klerkx et al., 2019; Benos et al., 2021) [ 341, Al-driven
precision pest management systems are based on the
principle of “detect, predict, and intervene”, where pest
populations are continuously monitored, future risks are
predicted, and management actions are implemented only
when and where required. These systems integrate machine
learning algorithms, 10T networks, satellite imagery, drones,
and agricultural databases to provide accurate and timely
pest management recommendations.

5.1 Predictive pest forecasting

Predictive pest forecasting is one of the most important
applications of Al in modern entomology. The ability to
predict pest outbreaks before they reach economically
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damaging levels allows farmers to implement preventive
management strategies and reduce dependence on chemical
pesticides. Conventional pest forecasting systems generally
rely on historical observations and simple statistical
relationships between environmental variables and pest
occurrence. However, insect population dynamics are
influenced by multiple interacting factors, including
temperature, rainfall, humidity, crop development stage,
landscape characteristics, and pest migration behaviour. Al-
based models overcome these limitations by analysing large
and complex datasets to identify hidden relationships
between environmental conditions and pest population
trends (Damos, 2015) 112,
Al forecasting models integrate multiple data sources,
including:
e Weather data: temperature, humidity, rainfall, wind
speed, and climatic variability
e Crop phenology: crop growth stage, planting date, and
vegetation condition
e Historical pest outbreak records: previous infestation
patterns and population trends
e Satellite and remote sensing information: vegetation
indices, crop stress indicators, and spatial variability
Machine learning algorithms such as Random Forest,
Artificial Neural Networks (ANN), Support Vector
Machines (SVM), and Gradient Boosting models have
demonstrated strong performance in predicting insect
population dynamics and pest risk levels (Liakos et al.,
2018) B4, For example, climate-based Al models have been
used to predict the potential distribution and outbreak risk of
invasive insect pests under changing climatic conditions.
Species distribution models incorporating machine learning
algorithms have successfully predicted habitat suitability
and geographical expansion of several insect species (Elith
et al., 2006; Guisan et al., 2017) % 24, Such predictive
approaches are particularly valuable for invasive pests,
where early warning can significantly reduce economic
losses.
The major outputs generated by Al-based pest forecasting
systems include:

Pest risk maps

Al models combined with Geographic Information Systems
(GIS) can generate spatial risk maps showing areas with
high probability of pest infestation. These maps enable
farmers and agricultural agencies to prioritize monitoring
efforts and implement targeted control measures.

Outbreak prediction

Machine learning models can estimate the probability and
severity of future pest outbreaks by analysing environmental
and historical data. Such predictions support proactive rather
than reactive pest management.

Intervention timing

Al-based forecasting helps determine the optimal timing for
pest control interventions by predicting when insect
populations are likely to exceed economic thresholds.
Correct timing improves pesticide efficiency and reduces
unnecessary applications. The integration of Al forecasting
with climate-smart agriculture is expected to become
increasingly important under global climate change
scenarios, where altered temperature and rainfall patterns
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are influencing insect distribution and outbreak frequency
(Deutsch et al., 2018) 151,

5.2 Al-driven integrated pest management (IPM)
Integrated Pest Management (IPM) is an ecological
approach that combines multiple pest control strategies
while minimizing dependence on chemical pesticides.
Traditional IPM follows a sequential process:

Monitoring — Pest Identification — Economic Threshold
Assessment — Management Action

Although IPM has significantly improved sustainable pest
management, its effectiveness depends heavily on accurate
monitoring and timely decision-making. Artificial
intelligence enhances conventional IPM by introducing
continuous sensing, predictive analytics, and automated
decision-support systems.

The Al-enhanced IPM framework can be represented as:
Continuous sensing

!

Al-based prediction and analysis

1

Targeted intervention

1

Reduced  pesticide application and improved

sustainability

In Al-based IPM systems, data collected from smart traps,
drones, satellites, and field sensors are continuously
analysed using machine learning models. These systems
provide real-time information regarding pest abundance,
spatial distribution, and future outbreak probability.

For example, Al-powered monitoring platforms can identify
early pest infestation patterns and recommend appropriate
management actions before severe crop damage occurs. This
improves the efficiency of biological control, cultural
practices, and selective pesticide applications (Dara, 2019)
(231 Al-driven IPM provides several advantages:

Improved pest detection
Continuous monitoring enables early detection of pest
populations, reducing the risk of severe outbreaks.

Reduced pesticide usage

By identifying specific locations requiring treatment, Al
systems support site-specific pesticide application rather
than blanket spraying.

Enhanced decision-making

Al-based decision-support tools provide farmers with
evidence-based recommendations by combining pest
information, environmental conditions, and economic
thresholds.

Sustainable crop protection

Reduced pesticide use contributes to environmental
protection by minimizing contamination of soil, water
resources, and beneficial insect populations.

The integration of Al into IPM represents a transition from
traditional reactive pest management toward predictive and
adaptive agricultural systems.

5.3 Precision application technologies

Precision application technologies represent another major
area where Al is transforming insect pest management.
Conventional pesticide application methods generally
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involve uniform spraying across entire agricultural fields,
even when pest distribution is uneven. Al-enabled precision
technologies allow pesticides and biological control agents
to be applied only where required, improving efficiency and
reducing environmental impacts. Al enables several
advanced precision application approaches, including:

Variable-rate pesticide spraying

Variable-rate application systems use Al algorithms, GPS
information, remote sensing data, and pest distribution maps
to adjust pesticide application rates according to field
conditions.

The workflow involves:

Remote sensing/drone imagery

!
Al-based pest detection

|

Generation of infestation maps

!

Variable-rate spraying recommendation

These systems ensure that areas with high pest pressure
receive appropriate treatment while reducing chemical input
in pest-free regions.

Research has demonstrated that precision spraying
technologies can significantly reduce pesticide consumption

while maintaining effective pest control (Zhang et al., 2019)
[61]

Autonomous agricultural robots

Autonomous agricultural robots equipped with Al-based
vision systems are emerging as advanced tools for precision
pest management. These robots can navigate agricultural
fields, identify pest-infested plants, and perform targeted
treatment.

Al-enabled agricultural robots integrate:

e computer vision

e  GPS navigation

e machine learning algorithms

e robotic manipulation systems

Such technologies have potential applications in greenhouse
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pest management, weed—pest discrimination, and targeted
insecticide delivery.

Targeted insecticide delivery

Al systems enable precise delivery of insecticides by
identifying individual plants or areas requiring treatment.
This approach reduces chemical wastage and minimizes
exposure of beneficial organisms.

Targeted delivery systems are particularly valuable in high-
value crops where pesticide reduction is economically and
environmentally important.

Advantages of Ai-based precision application

reduced chemical load

Al-guided application minimizes unnecessary pesticide use,
reducing chemical accumulation in agricultural ecosystems.

Lower production cost
Optimized pesticide usage decreases input costs and
improves resource efficiency.

Environmental protection

Reduced chemical exposure protects pollinators, natural
enemies, soil organisms, and surrounding ecosystems.
Overall, Al-based precision application technologies
represent a major step toward sustainable agriculture by
integrating automation, ecological knowledge, and data-
driven decision-making.

6. Case studies of ai applications in entomology

Artificial intelligence applications in entomology have
expanded rapidly across insect identification, surveillance,
population monitoring, and ecological assessment. Different
insect groups require different Al approaches depending on
their behaviour, habitat, and monitoring requirements. The
following examples demonstrate the diversity of Al
applications in modern insect science.

Table 1. Examples of Al Applications in Insect Pest Management

Insect/Pest Al Technology Application
. Convolutional Neural Networks Automated identification and classification from digital
Aphids .
(CNNs) images

Fruit flies (Bactrocera spp.)

Computer vision and deep learning

Automated trap monitoring and population estimation

Fall armyworm (Spodoptera frugiperda)

Deep learning models

Early detection and infestation assessment

Mosquitoes

Acoustic Al and machine learning

Species classification and vector surveillance

Red palm weevil (Rhynchophorus
ferrugineus)

10T sensors + Al-based traps

Early infestation detection and monitoring

Aphids: CNN-based automated identification

Aphids are among the most economically important
agricultural pests because of their direct feeding damage and
ability to transmit plant viruses. Traditional aphid
identification requires expert taxonomic knowledge and
microscopic examination. Al-based image recognition
systems using CNN architectures have demonstrated the
ability to classify aphid species rapidly from digital images,
supporting automated pest diagnosis (Thenmozhi & Reddy,
2019) 541,

Fruit flies: Al-based trap monitoring: Fruit flies cause
serious economic losses in horticultural crops worldwide.

Al-enabled trap monitoring systems equipped with cameras
and computer vision algorithms can automatically detect,
count, and classify fruit flies captured in monitoring traps.
These systems improve surveillance efficiency and provide
real-time information for fruit fly management programs
(Rustia et al., 2020) 41,

Fall armyworm: Deep learning-based early detection

Fall armyworm (Spodoptera frugiperda) is a highly invasive
pest affecting maize and other crops globally. Al-based
systems have been developed to detect infestation
symptoms, identify larvae, and predict pest distribution
using environmental and remote sensing data. Early
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detection enables timely intervention and reduces crop
losses (Early et al., 2018) ['8],

Mosquitoes: Acoustic Al for species classification
Mosquito monitoring is important for both agricultural and
public health applications. Acoustic Al systems analyse
mosquito wingbeat frequencies and behavioural patterns to
differentiate species. These approaches provide automated
alternatives to traditional mosquito identification methods
(Potamitis et al., 2015) [*6],

Red palm weevil: 10T and Al-based early detection

Red palm weevil (Rhynchophorus ferrugineus) is a
destructive pest of palm species. loT-based sensor systems
combined with Al algorithms have been developed for early
detection by monitoring insect movement, acoustic signals,
and environmental conditions. Such systems allow timely
management before severe internal damage occurs.

7. Advantages of Al-based entomological systems

The integration of artificial intelligence (Al) into
entomological research and pest management has introduced
significant improvements in the efficiency, accuracy, and
scalability of insect monitoring systems. Traditional
entomological approaches often depend on manual
observation, expert taxonomic knowledge, and periodic field
surveys, which can be time-consuming and difficult to
implement over large geographical areas. Al-based systems
overcome several of these limitations by enabling automated
analysis of biological data, continuous monitoring,
predictive modelling, and precision-based decision-making.
The combination of machine learning, deep learning,
computer vision, remote sensing, and 10T technologies has
created new opportunities for developing intelligent pest
management frameworks (Liakos et al., 2018; Benos et al.,
2021) 539,

7.1 Rapid Pest identification

One of the most important advantages of Al-based
entomological systems is the ability to rapidly identify
insect species with high accuracy. Conventional insect
identification relies on morphological examination,
taxonomic keys, microscopy, and expert knowledge, which
may require considerable time and specialized expertise.
This becomes particularly challenging when dealing with
large numbers of samples, cryptic species, immature life
stages, or geographically diverse insect populations.
Al-based image recognition systems, particularly
convolutional neural networks (CNNSs), have demonstrated
the ability to automatically extract morphological features
from insect images and classify species within seconds.
These systems can analyse characteristics such as body
shape, colour patterns, wing structure, and external
morphology without requiring manual feature selection
(LeCun et al., 2015; Thenmozhi & Reddy, 2019) [36 54,
Rapid Al-assisted identification is especially valuable for
agricultural pests, invasive species surveillance, and disease-
vector monitoring. For example, automated identification
systems have been developed for aphids, mosquitoes,
beetles, fruit flies, and Lepidopteran pests, enabling faster
diagnosis and timely management decisions (Wang et al.,
2021) B8, Such technologies reduce dependence on limited
taxonomic expertise and allow farmers, extension workers,
and researchers to access reliable identification tools.
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7.2 Continuous monitoring and real-time surveillance

A major limitation of conventional pest monitoring is that
field observations are usually conducted periodically,
resulting in gaps in pest population information. Insect
populations can increase rapidly under favourable
environmental conditions, and delayed detection may result
in severe crop losses. Al-based monitoring systems enable
continuous surveillance through smart traps, automated
cameras, 10T sensors, drones, and remote sensing platforms.
These systems can collect biological and environmental
information continuously and analyse data in real time using
Al algorithms. For example, Al-enabled smart traps
equipped with cameras can automatically detect and count
insects captured in pheromone or sticky traps, reducing the
need for manual inspection (Rustia et al., 2020) [,
Similarly, drone-based monitoring systems can provide
repeated observations of crop fields and detect early signs of
pest infestation through changes in vegetation characteristics
(Zhang & Kovacs, 2012) [62,

Continuous monitoring improves understanding of pest
population dynamics and allows early intervention before
pest populations exceed economic thresholds.

7.3 Reduction in pesticide application

Excessive pesticide use is a major concern in modern
agriculture due to environmental contamination, pesticide
resistance, and negative impacts on beneficial organisms.
Al-based precision pest management systems contribute to
pesticide reduction by enabling targeted application rather
than uniform field-wide spraying.

Al algorithms analyse pest distribution, crop health
information, and environmental conditions to determine
where and when pest control measures are required. This
approach allows farmers to apply pesticides only in affected
areas, reducing chemical inputs while maintaining effective
pest suppression (Klerkx et al., 2019).

Variable-rate spraying technologies supported by Al and
remote sensing can significantly improve pesticide-use
efficiency. In addition, Al-driven decision-support systems
help farmer’s select appropriate management strategies
based on real-time pest risk assessments rather than routine
pesticide application schedules.

Reduced pesticide usage provides multiple benefits,
including:

e protection of beneficial insects and pollinators,

reduced chemical residues in agricultural ecosystems,
lower production costs,

Improved environmental sustainability.

7.4 Decision-based pest management

Al transforms pest management from a reactive approach
into a predictive and decision-based system. Traditional pest
management decisions are often based on visual
observations and fixed treatment schedules. However, Al
systems integrate multiple information sources, including
pest population data, weather conditions, crop stage, and
historical outbreak records, to generate scientifically
informed recommendations.

Machine learning models can predict pest risk levels,
estimate outbreak probability, and suggest appropriate
intervention strategies. These decision-support systems
assist farmers and agricultural specialists in selecting
management options based on actual field conditions rather
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than assumptions (Dara, 2019) [ Al-driven decision-
making supports integrated pest management (IPM) by
combining biological control, cultural practices, and
selective chemical interventions. This improves pest control
efficiency while reducing unnecessary interventions.

7.5 Large-scale ecological monitoring

Beyond agricultural applications, Al has significant
potential for ecological monitoring and biodiversity
assessment. Insect populations are important indicators of
ecosystem health, but traditional biodiversity surveys are
often limited by sampling effort and taxonomic challenges.
Al-based image recognition systems can analyse large
volumes of insect images collected from field cameras,
ecological surveys, and citizen science platforms. These
technologies support:

e insect diversity assessment,

e invasive species detection,

e pollinator monitoring,

e Ecosystem change analysis.

Deep learning models have demonstrated the capability to
recognize thousands of insect categories from image
datasets, supporting large-scale biodiversity monitoring
initiatives (van Horn et al., 2018).

Al-assisted ecological monitoring is particularly valuable
for understanding global insect declines, habitat changes,
and climate-driven shifts in insect distribution.

7.6 Improved farmer accessibility

One of the most important social benefits of Al-based
entomological systems is improved accessibility of pest
diagnosis and advisory services. Smallholder farmers often
lack direct access to professional entomologists or
agricultural specialists. Mobile-based Al applications
provide an affordable and accessible solution by allowing
farmers to capture insect images using smartphones and
receive immediate identification and management
recommendations.

Al-powered mobile platforms can support:

e farmer education,

e agricultural extension services,

e  pest reporting networks,

e Rapid dissemination of management information.

Such systems can bridge the knowledge gap between
scientific research and agricultural practice, particularly in
regions where expert resources are limited (Ramcharan et
al., 2017) ¥71.

8. Challenges and limitations of Ai-based entomological
systems

Although Al has demonstrated remarkable potential in
transforming entomology, several technological, biological,
and practical challenges limit its widespread adoption. The
performance of Al systems depends strongly on data
quality, model robustness, computational resources, and
successful integration  with  agricultural  practices.
Addressing these limitations is essential for developing
reliable and globally applicable Al-based pest management
systems.

8.1 Dataset limitations

Insufficient labelled insect images

The success of Al models, particularly deep learning
systems, depends on the availability of large and diverse
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labelled datasets. Unlike general image recognition datasets,
insect datasets are comparatively limited because collecting,
identifying, and annotating insect images requires
specialized biological expertise.

Many available datasets contain images collected under
controlled laboratory conditions, which may not represent
the complexity of real agricultural environments. Limited
availability of annotated images restricts the ability of Al
models to recognize diverse insect species, developmental
stages, and geographical variations (Bjerge et al., 2022) [6],
Developing comprehensive insect image databases with
standardized annotations is therefore a major requirement
for improving Al performance.

Geographical bias

Insect morphology, colour patterns, and population
characteristics may vary across geographical regions due to
environmental adaptation. Al models trained using images
from one region may perform poorly when applied to
different ecological zones.

For example, an Al model developed using images of a pest
collected from one agricultural region may fail to accurately
identify the same species under different climatic conditions
or crop environments. This geographical bias reduces model
transferability and limits global application.

To overcome this challenge, datasets must include insect
populations from diverse geographical locations and
environmental conditions.

Life-stage variation

Many insect pests undergo significant morphological
changes throughout their life cycle. Eggs, larvae, pupae, and
adults may appear completely different, making automated
identification challenging.

Al models trained mainly on adult insect images may not
accurately recognize immature stages. Since management
decisions often depend on identifying specific life stages,
developing multi-stage recognition systems is essential.

8.2 Model generalization challenges

Differences between laboratory and field conditions
Many Al models achieve excellent accuracy under
controlled laboratory conditions but show reduced
performance in real agricultural environments. Field

conditions introduce several sources of variability,
including:

e changing illumination,

e background complexity,

e insect movement,

e weather effects,

e Image noise.

For example, an insect image captured on a clean laboratory
background is significantly different from an insect partially
hidden among leaves or soil. Therefore, Al systems require
extensive field validation before practical deployment
(Wang et al., 2021) 581,

Insect camouflage

Many insect species have evolved camouflage mechanisms
that allow them to blend with plant surfaces and
environmental backgrounds. This creates difficulties for
computer vision systems because the visual differences
between insects and their surroundings may be extremely
small. Advanced deep learning architectures and
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multispectral imaging approaches may help overcome these
limitations by identifying features beyond human visual
perception.

Overlapping species

Closely related insect species often share similar
morphological ~ characteristics, making  automated
differentiation difficult. This is particularly challenging for
species complexes where accurate identification requires
microscopic examination or molecular analysis. Combining
Al with molecular techniques, ecological information, and
expert validation may provide more reliable identification
systems.

8.3 Explainability and trust

A major limitation of Al adoption in biological sciences is
the lack of transparency in decision-making processes.
Many deep learning models function as "black boxes,"
where predictions are generated without clear explanations
regarding the features influencing the decision. In
agricultural applications, explainability is particularly
important because incorrect pest identification or
management recommendations may result in economic
losses or unnecessary pesticide use. Therefore, there is
increasing interest in Explainable Artificial Intelligence
(XAIl) approaches that provide interpretable outputs and
demonstrate why a model reached a particular conclusion
(Gunning et al., 2019) 251, Human expert validation remains
essential, particularly for high-risk decisions involving
invasive species detection, pesticide recommendations, and
biodiversity assessments.

8.4 Infrastructure and adoption barriers

Despite technological advancements, practical
implementation of Al-based entomological systems faces
several socio-economic and technical barriers.

Cost requirements
Al-based systems involving cameras, sensors, drones, and
computing infrastructure may require significant initial
investment. Small-scale farmers may face difficulties
adopting such technologies without financial support or
affordable solutions.

Internet availability

Many Al applications rely on cloud computing and online
databases. However, rural agricultural regions may have
limited internet connectivity, restricting access to real-time
Al services.

Edge computing approaches, where Al processing occurs
directly on devices, may provide solutions for low-
connectivity environments.

Farmer training

Successful adoption requires farmers and agricultural
workers to understand how to operate Al-based tools and
interpret recommendations. Lack of digital literacy can limit
technology adoption. Training programs and user-friendly
interfaces are essential for ensuring effective utilization.

Computational requirements
Deep learning models often require powerful computational
resources for training and operation. High-performance
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processors, large storage capacity, and specialized hardware
may not always be available in agricultural settings.

Future development of lightweight Al models, mobile-based
systems, and edge Al technologies will be important for
making Al applications more accessible.

9. Future perspectives of artificial intelligence in
entomology

Artificial intelligence has already demonstrated significant
potential in transforming entomological research, insect pest
surveillance, and precision pest management. However, the
current generation of Al-based systems represents only the
initial stage of digital transformation in insect science.
Future developments are expected to focus on improving
model intelligence, reducing computational requirements,
increasing field adaptability, and integrating multiple
biological and environmental data sources. Emerging
technologies such as generative artificial intelligence
(Generative Al), edge computing, and digital twin-based
ecosystem modelling are expected to further enhance the
ability to predict, monitor, and manage insect populations in
a sustainable manner. The future of Al-driven entomology
will likely move beyond simple insect recognition toward
intelligent systems capable of understanding complex
ecological interactions among insects, crops, climate, and
management practices. Such systems will support a
transition from reactive pest control toward predictive,
autonomous, and environmentally responsible pest
management frameworks (Benos et al., 2021; Hartbauer,
2024) [5.261,

9.1 Generative Al in entomology

Generative Artificial Intelligence (Generative Al) represents
a rapidly emerging area of Al capable of creating new
content, including images, text, biological models, and
synthetic datasets, by learning patterns from existing
information.  Unlike conventional machine learning
approaches that primarily perform classification or
prediction tasks, generative models can generate new data
representations and assist researchers in solving data
limitations commonly encountered in biological sciences.

In entomology, Generative Al has significant potential
because many Al applications are restricted by the limited
availability of high-quality annotated insect datasets.
Training deep learning models requires thousands of
accurately labelled images representing different insect
species, developmental stages, geographic regions, and
environmental conditions. However, collecting and
annotating such datasets is expensive and time-consuming.
Generative  models, including Generative Adversarial
Networks (GANS) and diffusion-based models, can generate
realistic synthetic insect images to expand training datasets
and improve model robustness (Goodfellow et al., 2014; Ho
et al., 2020) 231,

Synthetic insect datasets

Synthetic Dataset generation is one of the most promising
applications of Generative Al in insect science. Al-
generated insect images can help overcome several
challenges associated with limited biological datasets,
including:

e insufficient labelled images,

e rare insect species representation,

e variation in insect orientation,
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e Environmental background diversity.

For example, synthetic images can simulate insects under
different lighting conditions, backgrounds, developmental
stages, and field environments. These generated datasets can
improve the ability of computer vision models to recognize
insects under complex real-world conditions.

Generative Al may become particularly valuable for rare
species identification, invasive pest surveillance, and
biodiversity monitoring, where naturally collected image
datasets are often limited.

Automated literature analysis and knowledge discovery
Entomological research generates a vast amount of scientific
literature covering insect taxonomy, ecology, behaviour,
pest management, and biological control. Reviewing and
integrating this rapidly expanding information manually is
challenging. Large language models (LLMs) and Al-based
text-mining systems can assist researchers by:

e analysing scientific publications,

e identifying emerging research trends,

e extracting biological information,

e summarizing pest management strategies,

e  Supporting systematic reviews.

These tools can accelerate scientific discovery by
transforming large volumes of unstructured scientific
information into organized knowledge frameworks
(Bommasani et al., 2021) [,

However, expert validation remains essential because Al-
generated information may contain inaccuracies or lack
biological context.

Al-based pest advisory systems

Generative Al also has potential applications in farmer-
oriented pest advisory systems. Future Al assistants may
combine:

e insect image recognition,

e environmental data,

e crop information,

e weather forecasts,

¢ local management recommendations

to provide personalized pest management advice.

A farmer could capture an insect image using a smartphone,
and an Al system could identify the pest, estimate
infestation severity, recommend management options, and
provide preventive recommendations.

Such Al-based advisory systems may significantly improve
agricultural extension services, especially in regions with
limited access to professional entomological support.

9.2 Edge Al for real-time entomological applications
Although cloud-based Al systems provide powerful
computational  capabilities, dependence on internet
connectivity and remote servers limits their application in
rural agricultural environments. Edge Al offers a solution by
enabling Al algorithms to operate directly on local devices
such as smartphones, cameras, drones, and field sensors.
Edge Al involves deploying optimized machine learning
models on small computational devices rather than relying
entirely on cloud-based processing. This approach provides
faster response times, improved data privacy, reduced
communication requirements, and greater accessibility.

Smartphone-based instant pest diagnosis: Smartphones
equipped with high-resolution cameras and Al applications
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have significant potential for democratizing pest
identification. Farmers and agricultural workers can capture
insect images directly in fields, and lightweight Al models
can provide immediate diagnostic information.

Future smartphone-based systems may integrate:

e CNN-based insect recognition,

o offline Al processing,

e  GPS-based pest mapping,

e weather information,

e  Crop-specific recommendations.

Edge Al reduces dependency on internet connectivity and
makes Al technologies more practical for remote
agricultural regions.

Advantages of edge Al in entomology

Major advantages include:

rapid decision-making,

operation in low-connectivity areas,

reduced data transmission costs,

improved privacy,

Real-time field applications.

The development of lightweight deep learning architectures,
model compression techniques, and efficient neural
networks will be essential for implementing Al-based
entomological tools on resource-limited devices (Sze et al.,
2017) 521,

9.3 Digital twins for pest management

Digital twin technology represents an advanced approach
that combines artificial intelligence, loT networks,
environmental modelling, and real-time data analysis to
create virtual representations of biological systems. In
agriculture, digital twins are emerging as powerful tools for
simulating crop ecosystems, predicting pest behaviour, and
optimizing management decisions.

A digital twin for pest management can integrate:

Al + 10T sensors + crop growth models + climate data +
pest population models

to create a dynamic digital representation of agricultural
ecosystems.

Unlike conventional forecasting models that provide
predictions based on historical data, digital twins
continuously update themselves using real-time information
from sensors and monitoring systems.

Digital ecosystems for predictive pest management

Al-driven digital twins can simulate interactions among:

e insect populations,

crop development,

environmental conditions,

climate variability,

Management interventions.

Such systems can answer important management questions,

including:

e When is pest pressure likely to increase?

e Which areas are at highest infestation risk?

e What intervention strategy will provide maximum
control?

e What will be the environmental consequences of
different management options?

Digital twins therefore represent a transition from simple

pest monitoring toward predictive ecosystem management.
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Applications of digital twins in entomology
Potential applications include:

Pest outbreak simulation
Digital twins can model future pest population scenarios
under different climatic conditions.

Precision management planning
Virtual simulations can identify optimal timing and location
for pest interventions.

Climate change adaptation
Digital ecosystems can predict how changing temperature
and rainfall patterns may influence pest distribution.

Sustainable IPM optimization

Digital twins can evaluate combinations of biological,
cultural, and chemical control strategies before
implementation in real fields. Although still in early
development, digital twin technology represents one of the
most promising future directions for Al-enabled sustainable
agriculture.

10. Conclusion

Artificial intelligence represents a major technological
transformation in  modern entomology by integrating
automated insect recognition, predictive analytics, sensor-
based monitoring, and precision pest management systems.
Traditional pest management approaches, although
scientifically valuable, are often constrained by labour
requirements, limited monitoring capacity, and delayed
decision-making. Al-based technologies overcome these

limitations by enabling continuous surveillance, rapid
identification,  outbreak  prediction, and targeted
intervention. Machine learning and deep learning

approaches have demonstrated considerable success in
insect classification, pest forecasting, and ecological
monitoring.  Al-enabled smart traps, drone-based
surveillance, 10T sensor networks, and computer vision
systems are increasingly improving the accuracy and
efficiency of pest management practices. Furthermore,
emerging technologies such as Generative Al, Edge Al, and
digital twins are expected to expand the capabilities of
entomological systems by enabling intelligent, autonomous,
and adaptive pest management solutions. However,
successful implementation of Al in entomology requires
addressing  important  challenges, including limited
biological  datasets, model generalization issues,
explainability concerns, infrastructure limitations, and
farmer adoption barriers. Future Al systems should not
replace entomological expertise but should function as
powerful decision-support tools that enhance human
understanding and management of insect populations. The
future of pest management will increasingly depend on the

integration of artificial intelligence with classical
entomology, ecological knowledge, and sustainable
agricultural practices. By combining computational

intelligence with biological expertise, Al has the potential to
create a new era of predictive, precise, and environmentally
responsible insect pest management.
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