


Recent developments of computer based technology and artificial intelligence in entomology research: a review

Abstract
Insects serve vital ecological functions as the most prevalent animal group on Earth. Nonetheless, recent studies have revealed a decline in insect populations across various species and geographical regions. Challenges associated with studying insect populations arise from the labor-intensive and inefficient nature of traditional monitoring techniques. Incorporation of recent computer-based technology and artificial intelligence provides an efficient solution for addressing global issues more effectively. Various computer-based and artificial intelligence-based technologies, such as DNA barcoding, image processing systems or computer vision, utilization of citizen science data sources, acoustic analysis and monitoring, multi-sensor fusion and Internet of Things, remote sensing, light detection and ranging technologies, have been incorporated in the entomological research field for the identification of species as well as monitoring of insect populations and abundance in particular regions. Furthermore, these technologies have been adopted for the assessment of pest species and their management in agro ecosystems.  AI is also used for the identification of species and their sex, pest population and monitoring, study of behavior and ecology, as well as in the digitalization of insect species for the construction of digital museums. Integration of AI with Internet of Things (IoT) devices and remote sensing technologies facilitates real-time monitoring of insects across diverse habitats. For example, the installation of camera traps with sensors can continuously collect data, which are subsequently processed by machine-learning algorithms to automatically detect and identify insect species. These technological advancements are enhancing the efficiency and effectiveness with which researchers study insect communities and their behavior in both natural and controlled environments.  
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Introduction
Insects belong to the arthropod phylum and represent the most diverse group on Earth, accounting for approximately 80% of all animal species (Stork, 2018). Insects are vital components of ecosystems and agriculture and function as pollinators, decomposers and integral components of the food chain. However, some insect species, such as agricultural pests and disease carriers, pose significant challenges. Therefore, precise identification and monitoring of insect populations are crucial for effective ecological management, pest control and biodiversity conservation (Kremen et al., 2007). Studying insect diversity and population is difficult because most monitoring techniques are labour-intensive and inefficient. 
Advancements in computer vision and deep learning offer promising new approaches for solving this global problem (Hoye et al., 2020). Traditional insect identification methods usually depend on morphological examination by skilled entomologists, require significant effort, time-consuming, and are prone to human error, particularly when identifying species that are morphologically similar or cryptic (Samways et al., 2010).
Recent progress in artificial intelligence (AI) and Machine Learning (ML) has provided new methods for identifying and monitoring insect communities. These technologies are based on computational models, particularly those grounded in deep learning, to examine extensive datasets, such as images, audio recordings and sensor outputs, with remarkable precision and effectiveness (Ferentinos, 2018). Notably, computer vision techniques have the potential to categorize insect species into controlled and natural environments, thereby minimizing the need for manual classification and enhancing the scale and speed of data collection (Waldchen & Mader, 2018). Furthermore, combination of AI with Internet of things (IoT) devices and remote sensing technologies has facilitated real-time insect monitoring across different habitats. Furthermore, equipment such as traps with cameras and sensors can continuously collect data, which are then analysed using ML algorithms to automatically detect and identify insect species (Potamitis et al., 2017). 
Technology advancement with cameras and other sensors can now conduct entomological observations effectively, continuously and without disturbance throughout the day and night, as well as across different seasons. Moreover, automated imaging in laboratories has been able to document the morphological and physical features of insects.  Deep learning model, once trained on these data, can estimate insect diversity, abundance and biomass. Moreover, these models can measure variations in traits, behaviour and interactions (Hoye et al., 2020). 
Traditional methods for insect identification are usually carried out by collecting insects from different habitats or places, after which specialists identify the species (Montgamery et al., 2021). Owing to the large number of individuals and extensive taxonomic diversity within a sample, only limited taxa were identified or taxa were identified at broad taxonomic levels. These results may lead to bias toward well-studied groups such as butterflies, whereas other taxa such as Diptera are frequently overlooked due to a lack of taxonomic expertise (van Klink et al., 2015 & 2022). Furthermore, traditional insect study methods require considerable human labour for the collection and processing of data from different localities in particular regions (Van Klink et al., 2022).  
Recent advancement in technologies field that utilize advanced detection and identification techniques, often in conjunction with citizen science, have paved the way for exciting new possibilities for monitoring insect populations and communities (Balint et al., 2018; Brydegaard & Jansson, 2019; Hoye et al., 2021; Tosa et al., 2021). These recent technologies include automated image and sound identification and recognition, radar and molecular methods; have to potential to significantly expand the spatial, temporal and taxonomic scope of monitoring programs. Additionally, they have enabled the exploration of new questions and findings related to insect population dynamics, phenology, and biotic interactions (Van Klink et al., 2021). AI is an important instrument in the field of entomology research because it can automatically identify important features from extensive and large datasets. This ability is particularly useful in taxonomic studies, ecological investigations, and pest control (Chakrabatry et al., 2025). 
AI based technologies are widely utilized in the entomological field for species identification, behavioural tracking and monitoring, disease vector analysis, data collection and processing. Incorporation of AI-based technology can enhance the precision, efficiency and scale of research in insect biology, ecology, behaviour and identification of species (Meghraj & Choudhary, 2025). 
Numerous systems have been developed for the identification of insects (Al-Saqar & Hassan, 2011), Digital Automated Identification System (DAISY) (Watson et al., 2004), Automated Bee Identification System (ABIS) (Steinhage, 2000; Arbuckle et al., 2001; Steinhage et al., 2001), Species Level Identification and Web Accessibility (Russell et al., 2007; Kim et al., 2014), Automated Insect Identification through Concatenated Histograms of Local Appearance (Larios et al., 2008), symmetry algorithms (Li et al., 2011), and Symmetrical Self-Filtration algorithms (Kindalov et al., 2012). This review provides an overview of recent advancements in computer-based technology and the incorporation of artificial intelligence into the entomological research field.
Material and Method
For the preparation of this article, we searched previously published articles, chapters, and books related to the implementation of computer-based technologies and incorporation of artificial intelligence in insect research from online databases such as Google Scholar, Research Gate, Pub Mate, Scopus and Academia.
Result and Discussion
Identification of insects through traditional methods is a time-consuming and labor-intensive with limited accuracy, which significantly hampers the progress of insect control effects in later stage.  By adding computer based technology provides a rapid and efficient approach to identification of insects. Image-based identification of insect species integrates computer vision, image processing and pattern recognition technologies to achieve species identification (Sun et al., 2021).  
I. Molecular methods by using DNA based techniques:
Genetic information is most frequently utilized through DNA barcoding, which involves amplification of small or short DNA fragments from specific genes to effectively distinguish between target taxa. Barcoding has been suggested for identifying individual specimens (Hebert et al., 2003). Furthermore, advances in laboratory technology have enabled the isolation and amplification of DNA and identification of taxa from complex sample mixtures (DNA meta-barcoding) (Piper et al., 2019). As compared to traditional monitoring methods, meta-barcoding is often more time-and cost-effective and offers high scalability, allowing for the simultaneous processing of numerous samples and species (Srivathsan et al., 2021). DNA-based techniques provide a taxonomically precise method to confirm or enhance the classification made by images and sensors, particularly for developing stages of insects that are morphologically similar, cryptic or juvenile, which are challenging to differentiate visually (Hebert et al., 2003). 
DNA barcoding entails sequencing a standardized gene region, usually the mitochondrial cytochrome c oxidase subunit I gene, to align species with reference sequences in curated databases, such as the Barcode of Life Data system or Gene Bank. These molecular approaches can act as ground truth data for training supervised ML models and verifying the results of computer vision systems (Ratnasingham & Hebert, 2007). These hybrid systems are becoming increasingly important in biodiversity monitoring, pest surveillance and ecological studies, where morphological similarities frequently occur. DNA meta-barcoding method can be directly applied to organismal samples using a storage medium or homogenized bulk sample of collected insects (Marquina et al., 2019; Roslin et al., 2022). Furthermore, species can be detected from DNA fragments in environmental samples, such as those occurring in air, soil and water (Doi et al., 2017; Roger et al., 2022).  
In environmental DNA (e-DNA method) method involves extracting insect DNA from environmental samples, such as soil, air and water, to complement sensor-based monitoring. Although e-DNA methods offer less temporal resolution, they expand taxonomic ranges and enable the detection of leas abundant or elusive species, making it a valuable addition to real-time monitoring. Interactions between insects and other species can be identified or assessed using samples collected from the guts, blood, or faecal matter of animals (Clare et al., 2019). 
Recently, e-RNA technology has been implemented along with DNA meta-barcoding, which helps differentiate between living and dead organisms (Cristescu, 2019). This is because RNA is found only in metabolically active cells, whereas DNA can originate from the remains of dead organisms (Van Klink et al., 2021). AI-driven traps or monitoring systems can be periodically verified using DNA tools. Specimens identified by an automated system can be gathered and barcoded to verify the presence or absence of target species, particularly invasive or pest management. This approach also aids in the identification of new or unclassified taxa that might be overlooked by purely visual models (Packer et al., 2009).  
II. Image Processing System (IPS) or Computer vision (CV): 
Image Processing System (IPS) or Computer vision (CV) is a branch of computer science, focuses on creating algorithms to extract data from digital image and videos (Van Klink et al., 2022). In the field of ecology, computer vision technology is utilized to automatically collect observations and identify species. For instance, cameras directly capture images  from direct natural habitats (Bjerge et al., 2022) or at screens set up in natural environments, as well as frequently used alongside traps such as light traps (Hogeweg et al., 2019), sticky traps (Gerovichev et al., 2021), or pheromone traps (Yalcin, 2015) to enhance detection rates. Moreover, computer vision techniques have been used to digitize extensive museum specimen collections to activate previous occurrences or records (Carranza-Rojas et al., 2017; Wilson et al., 2023). Nguyen et al. (2014) described imaging system designed to create digital 3-D model of insect species. These digital models are easily shareable and storable, potentially minimizing the necessity for shipping specimens among taxonomists and enhancing the accessibility of insect reference collections. Various reflectance-based spectroscopy techniques have enabled the classification of different types of insects, such as stored-grain pest species (Singh et al., 2010), fruit flies (Drosophila melanogaster and Drosophila simulans) (Aw et al., 2012), tobacco budworm (Heliothis virescens) and corn earworm (Helicoverpa zea) (Jia et al., 2007). 
Klarica et al., (2011) utilized diffusion spectroscopy to differentiate between cryptic ant species (Tetramorium caespitum and T. impurum). Nansen et al. (2011) examined that three species of small juvenile egg parasitoids (Trichogramma spp.,) developing inside moth host eggs could be precisely identified based on the reflectance profiles obtained from the host eggs. Zschokke (2002) examined the reflectance of 21 spider species and their webs using two types of radiometric energy sources (UV and white light), and proposed that the reflectance characteristics of species-specific web structures (stabilimenta) are likely linked to predator defence. Furthermore, studies have been conducted on the application of reflectance profiling in taxonomic studies of fossil insects (Mietchen et al., 2005).
Citizen scientist also contribute by capturing images and uploading them to online platform (Waldchen & Mader, 2018), several application and citizen science based website provide information related to identification and distribution of particular species or genus in a specific regions. Furthermore, this information is helpful in providing new and existing records of species presence in particular areas. For example, several websites (www.iNaturalist.org,  https://www.mothsofindia.org, https://www.insectidentification.org/)  provides information on different taxonomic groups, including insect identification. Furthermore, image processing and computer vision technology can be utilized to identify living and dead insects to facilitate the counting and classification of insects, thereby reducing the need for human labour and minimizing observer bias (Van Klink et al., 2021). This approach reduces the requirement for taxonomic expertise and opens up opportunities for citizen scientists to participate. When species are identified using live insects, the benefits include a non-destructive and fully automated process that delivers data on species presence, population sizes, individual dimensions, biomass, and movement, along with behaviour and interactions (Bruiijning et al., 2018; Bjerge et al., 2022; Schneider et al., 2022). 
For dead insect specimens, imaging allows for controlled lighting and changed background, leading to remarkable classification accuracy and biomass estimation, as well as independent verification of species identification or confirmation (Arje et al., 2022; Wuhrl et al., 2022).  For instance, numerous researchers have utilized online databases, including citizen science applications and websites, to identify insect species such as moths and butterflies (Tripathi et al., 2025 a&b). Computer vision employs machine learning techniques like Convolutional Neural Networks (CNNs), which are trained to recognize and identify insects by utilizing a collection of pre-classified images or databases. Therefore, this method is restricted to objects that can be classified on the basis of their morphological characteristics. In some cases, the accuracy rate can exceed 90% at the species level, but in some cases, the identification rate is influenced by the size of the taxon group and the degree of morphological similarity. In some cases, only the genus or family levels can be achieved (Valan et al., 2019; Milosevic et al., 2020; Korsch et al., 2021). Image-based detection provides identification of insect pests and classifies them taxonomically, offers several benefits such as high efficiency, cost-effectiveness, and eases of use, and provides farmers with the necessary information to implement effective pest control measures (Gayathri & Remya, 2021). Several image-based technologies exist for the detection and diagnosis of insect pests, including thresh holding, edge detection, region testing and graph theory (Pan et al., 2016; Zelazo et al., 2018; Junyan, 2020). However, these technologies are typically applicable to a limited number of sample images, and may lack sufficient accuracy for all pest species (Arshad et al., 2020). A computer vision system based on YOLOv5 was designed to monitor the behavioural patterns of crickets and Black Soldier flies, focusing on their feeding, mating and mortality rates (Hansen et al., 2022).
Usually, insect-rearing processes carried out in culture rooms and laboratories, where it is crucial to maintain an appropriate environment, such as temperature and humidity. Hansen et al. (2022) implemented “Insecto” device in rearing room of cricket, which are capable to monitoring humidity, air pressure, level of carbon dioxide and volatile organic compounds. Integration of deep learning with computer vision and meteorological data is vital for understanding patterns, enhancing productivity and advancing automation intelligence (Chakrabatry et al., 2025). Species interactions play a crucial role in ecosystem functioning; however, their transient and rapid nature makes it challenging to measure the impact of disruptions on ecological processes (Valiente-Banuet et al., 2015). Monitoring the interaction between consumers and resources through high-temporal-resolution imagery offers distinctive ways to quantify these interactions (Hamel et al., 2013). Activities such as insect-visiting flowers, herbivores causing defoliation, and predation events can be continuously recorded throughout the growing season using stationary cameras. To effectively capture these interactions, images should be taken at intervals where individuals engage with each other, ranging from short duration of time to long duration of time (seconds to minutes), while ideally spanning seasons or multi-year duration (Estes et al., 2018).
III. Sound analysis or monitoring:
Various groups of animals, including insects, amphibians, reptiles, birds, and mammals, produce different sounds to perform different communication behaviours among members of the same species as well as among different species (Chishty et al., 2020; Choudhary & Chishty, 2023). Sound monitoring or acoustic analysis involves the use of a field sensor to collect sound data, which is then analysed using machine learning algorithms to identify species. Sounds produced by insects can be recorded using either stationary acoustic sensors or mobile transects (Jeliazkov et al., 2016; Newson et al., 2017). Acoustic and vibration-based methods provide a non-invasive and cost-efficient approach for monitoring insect activities, particularly in contexts where visual observation is constrained or impractical. Several insect species produce different sounds or vibrations through mechanisms, such as wing beats, stridulating, or substrate-borne signals. These sound or vibration signals can be recorded using microphones or piezoelectric sensors and subsequently classified using ML algorithms, facilitating the identification and monitoring of species behaviour (Mankin et al., 2011).
Sound analysis or acoustic techniques have primarily been used to detect cicadas and orthopterans, but they have also been tested on freshwater insects as well as mosquitoes, hornets, and bees based on the characteristic sounds of their flight (Potamitis et al., 2015; Linke et al., 2018; Kawakita & Ichikawa, 2019; Kiskin et al., 2021). Sound analysis or acoustic monitoring is restricted to sound-producing insects and offers the benefit of detecting insects over much longer distances than other techniques (Jeliakov et al., 2016). Sound analysis or acoustic monitoring has also been utilized in the detection of stored-product pests, such as beetle larvae, which produce subtle vibrations during movement or feeding with grains or wood. By analysing these vibrations, we can ascertain the presence of pests and estimate infestation levels without the need to open storage containers (Njoroge et al., 2019). Furthermore, ML classifiers can accurately identify mosquito species based on their frequency of wing beating behaviour, especially under controlled conditions (Potamitis et al., 2015). ML models, including support vector machines (SVMs), K-nearest neighbour (k-NN) and more recently developed, deep learning (DL) architectures have been deployed to process acoustic features such as frequency, amplitude and spectral patterns for classification purposes. These models are typically trained on datasets comprising labelled recordings and can be implemented in real-time monitoring systems with agricultural fields, forests and urban areas (Vasconcelos et al., 2019).
Acoustic behavioural monitoring with environmental sounds provides valuable insights into the condition of biological communities related to species diversity, can be utilized in areas lacking sound libraries, and may include unidentified species (Aide et al., 2017; Burivalova et al., 2021). Ability to identify species based on their sound is still limited by the size of reference libraries for insects compared to vertebrates, such as birds and mammals (Gibb et al., 2019; Chishty et al., 2020; Choudhary & Chishty, 2023). Furthermore, sound or acoustic monitoring systems encounter several challenges, including environmental and background noise, overlapping signals from different insect species and fluctuations due to environmental conditions such as temperature and humidity. However, recent advancements in signal preprocessing, noise filtering and utilization of spectrogram-based deep learning models have enhanced the robustness of these systems under field conditions (Zhou et al., 2022). 
IV. Multisensor Fusion and IoT Integration:
Multisensor fusion and integration of IoT technologies have substantially advanced the capabilities of automated insect-monitoring systems (Goswami, 2025). Combining data from various sensors, including visual, acoustic, thermal and environmental sensors, can attain or enhance the accuracy and reliability of insect detection, classification and behaviour analysis (Goswami, 2025). This methodology addresses the limitations inherent in single-sensor systems, which may be vulnerable to noise, occlusions or adverse environmental conditions (Khanna et al., 2019). Sensor fusion facilitates the concurrent processing of heterogeneous data sources, thereby augmenting the capacity of the system to manage ambiguous or incomplete inputs. For example, integration of image-based classification with acoustic monitoring enables the system to cross-validate detections and mitigate false positives, particularly in complex outdoor environments (Magalhaes et al., 2021). Moreover, incorporation of environmental parameters, such as temperature, humidity and light intensity, can contextualize insect activity, thereby enhancing the performance of predictive models for species distribution or pest outbreaks. IoT is pivotal in the deployment and networking of these sensor systems across extensive geographic areas. IoT-enabled smart traps can collect, process and transmit real-time data to centralized cloud platforms, where ML algorithms analyse information and generate actionable insights. These techniques facilitate remote monitoring, automated alteration and decision support systems for precise agricultural and pest management (Perez-de-la-Cruz et al., 2020). The KInsecta system is a cost-effective multi-sensor platform that combines optical wing beat sensors, cameras and environmental sensors, demonstrating promising laboratory and field classifications of species (Tschaikner et al., 2023). 
V. Remote sensing based techniques:   
Remote sensing based technologies have become indispensable for the large-scale monitoring of animal habitats suitability, including insects, by providing valuable insights into the ecological conditions that affect insect population dynamics. Satellite imagery, aerial drones, and other geospatial tools were used to assess changes in vegetation cover, land use pattern, temperature and moisture content in particular areas, all of which directly influence the distribution, population and abundance, of insects (Pettorelli et al., 2014; Meena & Choudhary, 2019 & 2021). Satellite-based remote sensing provides a broad perspective for e evaluation of habitat suitability and prediction of pest outbreaks across vast geographic regions. For instance, the normalized difference vegetation index (NDVI) and land surface (LST) derived from MODIS and Landsat data have been used to forecast breeding areas and migration paths for locusts and mosquitoes (Cressman, 2016). These models facilitate early warning systems and proactive management strategies, particularly for agriculture and public health. 
Light detection and ranging (LiDAR) technology typically employs a laser to identify objects and has only recently been utilized in the field of entomology research. It is capable of detecting insects at much lower altitudes than radar systems, with sampling ranging from 10 to 600 m. Moreover, new LED-based technologies can identify flying insects at less than one meter (Rydhmer et al., 2022). Radar technology has long been capable of detecting large groups of insects, but advancements in modern radar allow for the detailed analysis of flying insects, including their size, shape, speed, flight path, and wing beat frequency of insects (Rhodes et al., 2022). Specialized entomological radar can identify insects at significant heights, starting from 150 m above ground level, and has the capability to detect larger insects (i.e., those weighing more than 15 mg) at altitudes reaching up to 1200 m above ground level (Chapman et al., 2011). 
Monitoring insects using radar technology offers numerous benefits, including a wide range of detection abilities and functions in both daytime and night-time. Moreover, in entomology field radar is primarily used for the assessment of biomass fluxes, migratory patterns and tracing the movement of some species (Hu et al., 2016; Wotton et al., 2019). Furthermore, radars can indirectly assess the presence of insects by identifying signs of vegetation damage and nest formation (Rhodes et al., 2022). Moreover, radar technology is also being utilized for population monitoring of mayflies and the swarming movement of locusts along the weather surveillance system (Amarjyothi et al., 2020; Stepanian et al., 2020).  Various techniques have been employed to categorize entomological remote sensing data, such as examining the reflectance value of individual spectral bands (Nansen et al., 2013), using spectral band indices (Nansen et al., 2009; Mirik et al., 2012), applying partial least squares (PLS) (Klarica et al., 2011), conducting principal component analysis (PCA) (Newey et al., 2008), utilizing linear discriminant analysis (LDA) (Nansen et al., 2013), implementing decision trees (Faria et al., 2014), employing neural networks (Lee et al., 2010), using support vector machines (SVM) (Prabhakar et al., 2012), analysing spatial patterns (Bockoulou et al., 2013), and performing variogram analysis (Nansen et al.,  2009, 2013 & 2014).   
Willers et al. (2005) utilized NDVI (normal difference vegetation index) maps derived from multispectral data, along with knowledge of crop and soil conditions, to identify the habits of tarnished plant bugs (Lygus lineolaris) in cotton (Gossypium hirsutum) and to enhance field scouting. Images captured by UAVs based system can be effectively utilized to identify plant stress caused by insect infestations, observe pollination activities in crops, and create a spatial distribution of habitats for vector-borne diseases (Hussain et al., 2019). The combination of remote sensing with GPS and GIS technologies provides valuable insights for spatial modelling and risk mapping, thereby supporting data-driven decisions in pest control and management. Additionally, remote sensing data can be integrated with ground-based IoT sensor networks to improve the spatial and temporal resolutions of habitat monitoring. Combination of these technologies offers a more thorough understanding of the interaction between insects and their environment, including the impact of changes in microclimatic conditions on insect phenology and behaviour (Mertes et al., 2020). Such approaches are vital for managing invasive species, protecting pollinators, and creating sustainable agricultural ecosystems.
VI. AI in sex determination of insect:
Identification of male and female insects is crucial for taxonomic and entomological research, including species identification, analysis of antennal sensilla and studies on mating and post-mating behaviour (Anooj et al., 2020; Rupali et al., 2023). Artificial intelligence can assist in identification of male and female insect species using high-resolution images. Furthermore, AI tools can distinguish the pupal stages of both sexes (Tao et al., 2019; Proletti et al., 2022). The Support Vector Machine (SVM) and YOLOv5 techniques have been utilized to ascertain sex identification in crickets (Hansen et al., 2022). Identification of the sex of insects during their larval stage can be difficult because of the absence of secondary sexual characters (Nawoya et al., 2024). Nonetheless, certain methods for sex identification may not always produce precise results because of variations in diet, genetics and environment. However, the incorporation of  AI into entomology research could lead to notable progress in both biology and computer science (Chakrabatry et al., 2025).
VII. AI in insect pest management:   
Historically, the identification of pests has been done by specialists, a process that is both labour-intensive and difficult to scale (Sun et al., 2018; Li et al., 2021a). Several farmers feel that their traditional and practical knowledge related to pest management is inadequate to tackle modern agricultural issues (Hillnhuetter et al., 2010). As a result, early detection of insect pests is vital, as it can expedite interventions while minimizing the effect on food safety and security (Selvaraj et al., 2019). To aid the early detection and prediction of pests, digital technologies such as machine learning, deep learning, internet of things, and artificial intelligence have been incorporated into the agricultural sector to effectively control and manage pests (Javaid et al., 2023). 
AI tools can make these methods less challenging and intrusive. Artificial intelligence has been used to calculate the morphometric values of various life forms, including plants, livestock and fish (Gebreyesus et al., 2023; Lopez-Tejeida et al., 2022). In entomological studies, researchers have incorporated computer vision and deep learning models to assess physical characteristics and growth patterns by analysing the relationship between insect body size and weight (Baur et al., 2020; Hansen et al., 2022). Artificial intelligence improves pest monitoring, aids in optimizing pesticide application schedules, reduces crop damage, and reduces the environmental impact of chemical use (Li et al., 2021b).  
VIII. AI uses in the study of insect’s behaviour:
Different types of insects perform various behavioural activities, such as movement, feeding, mating and swarming (Manoukis & Collier, 2019). However, direct field observations of insect ethology are labour-intensive and have several limitations (Dell et al., 2014). Currently, AI-based technologies, such as visible implant elastomers and miniature sensors, have been incorporated for study of insect behaviour without isolating them from a larger population (Abdel-Raziq et al., 2021). Furthermore, computer vision enhanced by deep learning-based models, including DeepLabCut, can improve tracking efficacy from individual insects to the entire population ((Mathis et al., 2018).
IX. Digitization of insect’s specimens: 
Entomological specimen collection is the largest biological collection (Short et al., 2018). To effectively support the identification of species and taxonomic categorization, these insect collections were maintained in an organized and curated manner, ensuring that specimens were readily accessible for research and study purposes.  Collections divided according to the method used for preserving insect specimens, as each preservation technique requires different archival conditions. 
Digitization involves the creation of an electronic version of specimens or materials. Various insect collections are in the process of digitizing sections of their collections, which enhances the accessibility of specimens and their associated data, thereby amplifying their influence (Vollmar et al., 2010; Beaman & Cellinese, 2012; Short et al., 2018). Numerous publications utilizing digitized specimen data have consistently increased each year, and this information has been applied to projects in identification, taxonomy, systematics, evolution, biogeography, and biodiversity assessment, as well as in the analysis of invasive species in particular areas, climate change, agriculture and species conservation (Seltmann et al., 2017; Short et al., 2018; Mason et al., 2020; Tripathi et al., 2025 a&b). Consequently, developing a digital species index that includes the location of species within the collection can significantly enhance collection retrieval, data accessibility, and ultimately, the advancement of research (Mason et al., 2020). Automating the digitization process will speed up the generation of these valuable databases (Hedrick et al., 2020). The BIODISCOVER machine (Arje et al., 2020) offers a solution for the automated digitization of specimens preserved in liquid, such as many insects collected in the field. This process involves four steps: firstly, selecting individual insects from bulk samples; second, capturing images of the specimens from various angles using high-speed cameras; third, storing the data in a format optimized for training deep learning algorithms and further analysis; and forth categorizing specimens by size, taxonomic classification, or rarity for potential molecular processing (Arje et al., 2020). Utilizing such tools for processing large insect samples from extensive inventories and monitoring studies can quickly and non-destructively produce data on populations and communities (Hoye et al., 2020).
X. Challenges regarding to incorporation of AI techniques in entomology: 
Emerging and increasingly cost-effective technologies, including AI-integrated software and hardware, along with drones and rovers, now enable efficient field monitoring of invertebrates including insects (Van Klink et al., 2022; Sanchez Herrera et al., 2024; Sheard et al., 2024). These advanced technologies and tools provide significant potential for species identification, understanding population dynamics and tracking the distribution, abundance, density and phenology of insects, particularly agricultural pests. However, their uses in research and monitoring poses significant challenges including the small size and behaviour of insects required high-optical resolution devices, which traditional camera trap sensors lack (Cavazzoni et al., 2025). Even when high-optical resolution systems are incorporated into monitoring devices, other issue also remains including the precise visualization of body parts are required for the accurate classification and taxonomic identification  such as morphology of the aedeagus, the male insect’s reproductive organ (Cavazzoni et al., 2025). Therefore it is crucial to develop automated monitoring system that consider the biology and behaviour of different species, and needed expertise in computing, engineering, entomology and environmental science (Cavazzoni et al., 2025). For example, addressing taxonomic challenges requires collaborative approaches between engineers to create high-optical-quality monitoring device and entomologists to accurately classify insects (Cavazzoni et al., 2025). 
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