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Abstract:
 Insect pests pose significant threats to agricultural production, causing substantial yield losses and economic damage worldwide. Conventional insect monitoring methods, such as manual scouting and trap-based sampling, are labor-intensive, time-consuming and often fail to provide timely and actionable information for effective pest management. Recent advancements in sensor technologies have paved the way for real-time, in-situ monitoring of insect pests, enabling precision targeting and site-specific control interventions. This review article explores the various types of sensors, including acoustic, optical and chemical sensors and their applications in detecting, identifying and quantifying insect pests. We discuss the design and implementation of wireless sensor networks for scalable and robust insect monitoring, along with data analytics approaches for automated pest detection and spatio-temporal modeling of pest population dynamics. Furthermore, we highlight the integration of sensor data into precision pest management systems, such as sensor-guided pesticide application technologies and intelligent pest control strategies. Real-world case studies demonstrating the efficacy of sensor-based pest management in diverse agricultural settings are presented. 
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 1. Introduction
1.1. The Need for Advanced Insect Pest Monitoring Solutions
Insect pests pose a significant threat to global agricultural production, causing substantial crop damage and yield losses. It is estimated that insect pests are responsible for 10-20% of total crop losses worldwide, amounting to billions of dollars in economic damage annually (Ejaz et al., 2025; Mansoor et al., 2025). Early detection and timely intervention are key factors in successful pest management. Identifying the presence and population dynamics of insect pests at the early stages of infestation allows farmers to take proactive measures, such as targeted pesticide applications or the deployment of biological control agents. However, current monitoring methods often fall short in providing the necessary temporal and spatial resolution required for effective decision-making. Manual scouting, which involves physically inspecting crops for signs of pest damage or presence, is labor-intensive, time-consuming and prone to human error. Trap-based sampling, another commonly used method, provides snapshots of pest populations at specific locations and times but fails to capture the dynamic nature of pest infestations across the entire field (Ray et al., 2025; Yin et al., 2025).
Furthermore, the limitations of traditional monitoring approaches hinder the implementation of precision agriculture practices. Precision agriculture aims to optimize crop management by tailoring inputs and interventions based on site-specific information. However, the lack of real-time, high-resolution data on pest populations hinders the ability to make informed decisions and apply targeted control measures (Molina-Rotger et al., 2023; Ray et al., 2025).
1.2. Drawbacks of Conventional Monitoring Approaches
Manual scouting is a labor-intensive process that requires trained personnel to physically inspect crops for signs of pest damage or presence. This method is time-consuming, especially in large-scale agricultural operations and may not provide a comprehensive assessment of pest populations across the entire field. Additionally, the accuracy of manual scouting is subject to human error and can vary depending on the expertise and experience of the scou t (Kiobia et al., 2023; Majdalawieh et al., 2025).
1.3. The Promise of Sensor-Based Technologies
Sensor-based technologies have emerged as a promising solution to address the limitations of conventional insect pest monitoring approaches. These technologies leverage advancements in sensors, wireless communication and data analytics to enable real-time, continuous monitoring of insect pests in agricultural settings (Rustia & Lin, 2023). This real-time data enables farmers to make informed decisions and respond promptly to pest outbreaks, minimizing the potential for crop damage and yield losses (Ray et al., 2025). Precision targeting not only improves the efficacy of pest control measures but also reduces the environmental impact by minimizing the use of broad-spectrum pesticides (Li et al., 2025). Integration of sensor data with other relevant information, such as weather data and crop growth models, can further enhance the accuracy and reliability of pest management recommendations (Ray et al., 2025).
2. Sensor Types and Their Applications in Insect Monitoring
The development of sensor technologies has opened up new possibilities for real-time, non-invasive monitoring of insect pests in agricultural systems. Various types of sensors, each with their unique capabilities and applications, have been explored for detecting, identifying and quantifying insect pests (Lima et al., 2020; Mansoor et al., 2025).
2.1. Acoustic Sensors: 
Detecting Insect Sounds and Vibrations
By analyzing the spectral and temporal characteristics of these signals, researchers can identify and differentiate between different insect species and even estimate their population density (Symes et al., 2022). Similarly, acoustic sensors have been used to monitor stored product pests, such as the rice weevil and the red flour beetle, in grain storage facilities. By detecting the feeding and movement sounds of these pests, farmers can assess the level of infestation and make informed decisions regarding fumigation or other control strategies (Balingbing et al., 2024).
2.2. Optical Sensors: 
Vision-Based Insect Recognition and Counting
Optical sensors, including cameras and imaging devices, have been widely explored for vision-based insect recognition and counting. These sensors capture high-resolution images or videos of insects, which are then processed using computer vision algorithms for automated pest identification and quantification. Optical sensors can operate in various wavelength ranges, including visible light, near-infrared and multispectral imaging, each offering unique advantages for insect detection (Kirkeby et al., 2021).
One common application of optical sensors is in the monitoring of greenhouse pests, such as whiteflies, thrips and aphids. These pests can cause significant damage to greenhouse crops and are often difficult to detect due to their small size and cryptic behavior. High-resolution cameras mounted on robotic systems or fixed structures can capture images of plants and detect the presence of pests based on their visual features, such as shape, size and color. Machine learning algorithms trained on large datasets of pest images can automatically classify and count the detected insects, providing real-time information on pest population dynamics (Venkateswara & Padmanabhan, 2025). Computer vision algorithms can analyze the captured images to identify and quantify pest damage, such as leaf defoliation or stem boring, providing valuable information for targeted pest management decisions (Khan et al., 2024).
2.3. Chemical Sensors: 
Detecting Insect Pheromones and Volatiles
Chemical sensors, including gas sensors and electronic noses, have been explored for detecting insect pests based on their chemical signatures, such as pheromones and volatiles. Pheromones are chemical substances released by insects for communication and attraction, while volatiles are organic compounds emitted by plants in response to insect feeding or stress. By detecting these chemical cues, chemical sensors can provide valuable information on pest presence, activity and population dynamics (Arce et al., 2024). By monitoring the changes in pheromone or volatile concentrations over time, farmers can assess the level of pest infestation and make informed decisions regarding mating disruption or other control strategies (Arce et al., 2024). By installing chemical sensors in grain storage facilities, farmers can continuously monitor the air quality and detect the presence of pest-specific volatiles, enabling early detection of infestations and timely implementation of control measures (Badgujar et al., 2025).
2.4. Comparative Analysis of Sensor Performance and Suitability
When selecting sensors for insect pest monitoring, it is essential to consider their performance characteristics and suitability for specific applications. Each sensor type has its strengths and limitations and the choice of sensor depends on factors such as the target insect species, the crop system, the environmental conditions and the desired level of accuracy and resolution (Soussi et al., 2024).
Acoustic sensors offer high specificity in detecting and identifying insect pests based on their unique sound signatures. They are particularly suitable for monitoring wood-boring insects and stored product pests, where the sound of feeding and movement can be clearly distinguished from background noise (Mansoor et al., 2025; Soussi et al., 2024). However, acoustic sensors may have limited detection range and can be affected by environmental factors such as wind and rain (Mansoor et al., 2025). However, optical sensors may face challenges in detecting small or cryptic pests and can be affected by lighting conditions and occlusions (Kirkeby et al., 2021; Zhu et al., 2022).
Table 1: Comparative analysis of sensor technologies for insect pest monitoring 
	Sensor Type
	Strengths
	Limitations
	Suitable Applications

	Acoustic
	High specificity, non-invasive
	Limited detection range, affected by environmental noise
	Wood-boring insects, stored product pests

	Optical
	High spatial resolution, automated counting
	Limited detection of small or cryptic pests, affected by lighting conditions
	Greenhouse pests, field crop pests, stored grain pests

	Chemical
	High sensitivity, early warning
	Limited specificity, affected by environmental factors
	Orchard pests, stored product pests, insect-borne diseases


 
3. Wireless Sensor Networks
 Enabling Real-Time, In-Situ Monitoring
Wireless sensor networks (WSNs) have emerged as a powerful tool for real-time, in-situ monitoring of insect pests in agricultural systems (Potamitis et al., 2017; Rustia & Lin, 2023).
3.1. Designing Scalable and Robust Wireless Sensor Network Architectures
. Mesh topologies, on the other hand, allow sensor nodes to communicate with each other, enabling multi-hop data transmission and increased network coverage. Hybrid architectures combine the benefits of star and mesh topologies, providing a balance between simplicity and scalability (Centelles et al., 2021; Lv et al., 2024).
In addition to network topology, the selection of wireless communication protocols is crucial for reliable data transmission in challenging agricultural environments. Low-power wide-area network (LPWAN) technologies, such as LoRaWAN and SigFox, have gained popularity for their long-range communication capabilities and energy efficiency. These protocols enable sensor nodes to transmit data over distances of several kilometers, making them suitable for large-scale agricultural deployments. Other wireless technologies, such as ZigBee and Bluetooth Low Energy (BLE), offer short-range communication options for dense sensor networks and local data collection (Kumar, 2024; Mesías-Ruiz et al., 2023).
3.2. Optimizing Data Collection, Transmission and Storage Strategies
Efficient data collection, transmission and storage strategies are crucial for maximizing the utility of WSNs in insect pest monitoring (Yehoshua & Edan, 2023). These platforms offer scalable storage solutions, real-time data processing capabilities and advanced analytics tools for extracting insights from the collected data(Siddiqui, 2024). Cloud-based systems enable remote access to the monitoring data, facilitating timely decision-making and intervention by farmers and pest management experts.
3.3. Addressing Energy Efficiency and Network Lifetime Challenges
Energy efficiency is a critical consideration in the design and deployment of WSNs for insect pest monitoring. Sensor nodes are typically battery-powered and frequent battery replacements can be impractical and costly in large-scale agricultural deployments(Soussi et al., 2024; Taha et al., 2025). One approach to energy efficiency is the implementation of low-power communication protocols and duty cycling techniques. Sensor nodes can be programmed to enter sleep modes during periods of inactivity, reducing their power consumption. Duty cycling allows nodes to alternate between active and sleep states, enabling longer battery life while still maintaining adequate monitoring coverage (Soua & Minet, 2011).  Solar energy harvesting has been widely explored for powering sensor nodes in outdoor agricultural environments, while thermal and vibration energy harvesting can be suitable for specific applications, such as monitoring stored grain or livestock facilities (Pandey, 2023).
 Multi-hop routing protocols, such as low-energy adaptive clustering hierarchy (LEACH) and its variants, can be employed to distribute energy consumption across the network and minimize the energy burden on individual nodes(Abdolabadi, 2024; Elmonser et al., 2024). Adaptive network management techniques, such as dynamic node scheduling and load balancing, can further optimize resource utilization and prolong network lifetime.
 4. Advances in Data Analytics for Insect Pest Detection and Quantification
The proliferation of sensor-based technologies for insect pest monitoring has led to the generation of vast amounts of data, presenting both opportunities and challenges for effective pest management. Advanced data analytics techniques, including machine learning and deep learning algorithms, have emerged as powerful tools for extracting actionable insights from the collected data. This section explores the recent advances in data analytics for automated insect pest detection, species classification and spatio-temporal modeling of pest population dynamics(Choi et al., 2023).
4.1. Machine Learning Algorithms for Automated Pest Identification
Machine learning algorithms have revolutionized the field of insect pest detection by enabling automated identification of pest species based on various data modalities, such as images, acoustic signals and chemical signatures. Supervised learning techniques, such as support vector machines (SVM), decision trees and random forests, have been widely applied for pest classification tasks. These algorithms learn from labeled training data, where each data instance is associated with a known pest species and build predictive models that can classify new, unseen data instances(Thenmozhi & Reddy, 2019). Domain expertise and knowledge of insect biology and behavior are often incorporated into the feature selection process to enhance the discriminatory power of the models(Fazzari et al., 2023).
4.2. Deep Learning Approaches for Species Classification and Counting
Deep learning, a subset of machine learning, has emerged as a powerful approach for insect pest classification and counting tasks. Deep learning algorithms, such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs), have the ability to automatically learn hierarchical features from raw data, eliminating the need for manual feature engineering(Thenmozhi & Reddy, 2019). CNNs have been particularly successful in image-based pest classification, where they can learn discriminative visual features directly from pest images. Convolutional layers apply learned filters to the input image, capturing local patterns and features at different scales. Pooling layers reduce the spatial dimensions of the feature maps, providing translation invariance and reducing computational complexity(Hsieh et al., 2024). Transfer learning techniques, such as fine-tuning pre-trained CNN models, have been employed to leverage the knowledge learned from large-scale datasets in other domains (e.g., ImageNet) and adapt it to the specific task of pest classification (Shoaib et al., 2023). Data augmentation techniques, such as image rotation, scaling and flipping, are commonly used to increase the diversity of the training data and improve the robustness of the models.
4.3. Spatio-Temporal Modeling of Pest Population Dynamics and Dispersal Patterns
These methods consider the spatial autocorrelation and variability of pest populations, enabling the generation of high-resolution pest density maps(Sciarretta & Trematerra, 2014). Machine learning algorithms, such as support vector regression (SVR) and random forest regression, have also been applied to predict pest population dynamics, leveraging the complex interactions between pest populations and environmental factors(Singh et al., 2024). Machine learning techniques, such as Bayesian networks and artificial neural networks, have been employed to parameterize and calibrate dispersal models, improving their predictive accuracy (Mongare et al., 2023).
5. Precision Pest Management: 
Integrating Sensor Data into Decision Support Systems
The integration of sensor-based monitoring data with decision support systems has paved the way for precision pest management approaches. Precision pest management involves the targeted application of control measures based on site-specific information, optimizing the use of resources while minimizing environmental impacts (Sharma & Shivandu, 2024).
5.1. Sensor-Guided, Site-Specific Pesticide Application Technologies
Precision spraying systems integrate sensor data with variable rate application technologies to deliver pesticides at the right place and the right time. These systems utilize GPS-enabled sprayers equipped with nozzle controllers that can adjust the application rate based on the real-time pest density information provided by the sensor network. The sprayers can also incorporate data on crop growth stage, weather conditions and other relevant factors to optimize the application parameters (Azghadi et al., 2025).
5.2. Automated Variable Rate Spraying and Intelligent Pest Control Strategies
Intelligent pest control strategies involve the use of machine learning algorithms to optimize the selection and timing of pesticide applications  (Rayalu & Anuradha, 2024).. These algorithms can learn from historical data on pest population dynamics, weather patterns and the efficacy of different control measures to predict the optimal intervention strategies (Ray et al., 2025). Furthermore, the integration of weather data and crop growth models into the decision-making process can help farmers optimize the timing of pesticide applications to maximize their effectiveness and minimize drift and runoff (Olatinwo & Hoogenboom, 2013).
Sensor networks can provide real-time information on pest population dynamics and the spatial distribution of infestations (Adewusi et al., 2024). This information can be used to guide the timing and location of natural enemy releases, ensuring that the biological control agents are deployed when and where they are most needed. For example, sensors can detect the early stages of pest infestations, triggering the release of parasitoids or predators to prevent the buildup of pest populations (Mansoor et al., 2025; Subeesh & Mehta, 2021).
6. Real-World Implementations and Case Studies
The successful implementation of sensor-based technologies for insect pest monitoring has been demonstrated through various real-world applications and case studies. These examples showcase the practical feasibility, effectiveness and benefits of deploying sensor networks and precision pest management strategies in diverse agricultural settings (Bregaglio et al., 2025). This section presents three representative case studies, focusing on smart orchard pest management, sensor-based greenhouse whitefly detection and intelligent stored grain monitoring systems (Yuan et al., 2025).
6.1. Smart Orchard Pest Management: 
Integrating Sensor Networks and Precision Spraying
A notable example of smart orchard pest management is the deployment of a wireless sensor network for real-time monitoring of codling moth populations in apple orchards. The sensor network consists of a grid of pheromone-baited traps equipped with optical sensors that detect the presence and number of adult moths (Sütő, 2022). The sprayers can adjust the application rate and droplet size to optimize coverage and minimize drift, reducing the overall pesticide use while maintaining effective pest control (Cubero et al., 2018).
6.2. Sensor-Based Greenhouse 
Whitefly Detection and Suppression Strategies
Greenhouse production systems provide ideal conditions for the rapid growth and spread of insect pests, such as whiteflies, thrips and aphids. Among these pests, whiteflies are particularly challenging to control due to their high reproductive potential, resistance to insecticides and ability to transmit plant viruses (Niemann & Poehling, 2022). Sensor-based monitoring technologies have shown promise in detecting and suppressing whitefly infestations in greenhouses. The images are analyzed using computer vision algorithms to detect the presence and density of whitefly adults, nymphs and eggs (Kang et al., 2024). This integrated approach has significantly reduced the reliance on chemical insecticides, demonstrating enhanced whitefly suppression and improved crop health within controlled environments (Youssef, 2023). 
6.3. Intelligent Stored Grain Monitoring Systems for Early Insect Infestation Detection
Early detection of insect infestations is critical for preventing the spread of damage and minimizing the need for fumigation treatments. Intelligent stored grain monitoring systems, integrating sensor technologies and data analytics, have emerged as powerful tools for proactive pest management in grain storage facilities (Labrot--Rhodes et al., 2025). The gas sensors detect the volatile organic compounds (VOCs) emitted by infested grain, providing an additional indicator of pest activity (Zhu et al., 2022). The real-time analysis of sensor data enables the early detection of insect activity, often before visual signs of infestation are apparent (Mansoor et al., 2025). The precise targeting of control measures based on the spatial distribution of infestations helps to minimize the use of pesticides and reduce the risk of resistance development in pest populations(Basavakiran et al., 2025). The platform integrates the sensor data with other relevant information, such as weather forecasts, crop phenology models and historical pest data, to generate actionable insights for pest management decisions(Balduque-Gil et al., 2023). 
7. Emerging Trends and Future Research Directions
Nanoscale sensors and flexible electronics, energy harvesting technologies for self-powered sensor nodes and autonomous unmanned aerial vehicles for large-scale insect pest surveillance(Potamitis et al., 2017).
7.1. Nanoscale Sensors and Flexible Electronics for Enhanced Insect Monitoring
Nanoscale sensors can detect minute concentrations of insect pheromones, volatile organic compounds and other biomarkers, enabling the early detection of pest infestations and the monitoring of insect behavior at unprecedented levels of detail (Bohbot & Vernick, 2020). For example, the functionalization of carbon nanotubes with insect pheromone receptors has been explored for the creation of highly specific and sensitive pheromone sensors (Ferrier & Honeychurch, 2021). 
7.2. Energy Harvesting Technologies for Self-Powered, Long-Lasting Sensor Nodes
Energy harvesting technologies, such as solar, thermal and piezoelectric energy harvesting, offer the potential to overcome these limitations by converting ambient energy sources into electrical energy to power the sensor nodes (Mahadasa et al., 2019). In agricultural settings, temperature differences between the soil, plants and air can be exploited for thermal energy harvesting (Yin et al., 2021). The movement of insects or the vibrations induced by wind or machinery can be harnessed to generate electrical energy (Petrauskas et al., 2023). 
7.3. Autonomous Unmanned Aerial Vehicles for Large-Scale Insect Pest Surveillance
Autonomous unmanned aerial vehicles (UAVs), commonly known as drones, are emerging as powerful platforms for large-scale insect pest surveillance. UAVs equipped with high-resolution cameras, multispectral sensors and insect traps can cover vast areas of agricultural land quickly and efficiently, providing detailed spatial and temporal data on pest population dynamics and crop health (Potamitis et al., 2017). UAVs can also be used to deploy and retrieve pheromone traps in remote locations, providing a cost-effective means of sampling insect populations over large areas (Fahrentrapp et al., 2020).
The development of nanoscale sensors for insect pheromone detection represents a promising avenue for enhancing the performance and capabilities of insect pest monitoring systems (Gupta et al., 2024). The illustration highlights the potential of UAVs as versatile and efficient platforms for large-scale insect pest monitoring, providing farmers and pest management professionals with actionable information for timely and targeted interventions (Fahrentrapp et al., 2020).
8. Conclusion
Sensor-based technologies have revolutionized the field of insect pest monitoring, offering unprecedented opportunities for real-time, high-resolution and non-invasive surveillance of pest populations. The integration of various sensing modalities, wireless sensor networks and advanced data analytics has enabled the development of precision pest management strategies that optimize resource utilization, minimize environmental impacts and improve the efficiency and effectiveness of pest control interventions. Real-world implementations and case studies have demonstrated the tangible benefits of sensor-based pest monitoring systems in diverse agricultural settings, from orchards and greenhouses to stored grain facilities. As research progresses, emerging trends such as nanoscale sensors, energy harvesting technologies and autonomous UAVs promise to further enhance the capabilities and scalability of insect pest monitoring. 
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Table 2: Comparative Analysis of Sensor Technologies for Insect Pest Monitoring
	Sensor Type
	Strengths
	Limitations
	Suitable Applications

	Acoustic
	High specificity, non-invasive
	Limited detection range, affected by environmental noise
	Wood-boring insects, stored product pests

	Optical
	High spatial resolution, automated counting
	Limited detection of small or cryptic pests, affected by lighting conditions
	Greenhouse pests, field crop pests, stored grain pests

	Chemical
	High sensitivity, early warning
	Limited specificity, affected by environmental factors
	Orchard pests, stored product pests, insect-borne diseases


Table 3: Wireless Sensor Network Topology Types
	Topology Type
	Features
	Applications

	Star
	Simple, low-cost, single communication node
	Small-scale networks, low-density sensor deployments

	Mesh
	Multi-hop data transmission, increased network coverage
	Large-scale networks, wide-area monitoring

	Hybrid
	Combination of star and mesh, balances simplicity and scalability
	Balanced large-scale network deployments


Table 4: Data Collection, Transmission, and Storage Strategies for WSNs
	Strategy Type
	Description
	Advantages
	Challenges

	Efficient Data Collection
	Optimized sampling methods for accurate data acquisition
	Reduces data overload, improves reliability
	Requires fine-tuning to balance power and accuracy

	Low-Power Protocols
	Use of energy-efficient protocols like LPWAN, ZigBee
	Extends battery life, reduces cost
	Limited range or throughput depending on protocol

	Cloud-Based Storage
	Storing data remotely for easy access and processing
	Enables remote monitoring, real-time access
	Data security and latency issues


Table 5: Energy Harvesting Technologies for WSNs
	Energy Source
	Description
	Potential Applications

	Solar Energy
	Harvesting energy from sunlight to power sensors
	Outdoor agricultural monitoring

	Thermal Energy
	Energy collected from temperature differences
	Suitable for soil and crop sensors

	Vibration Energy
	Capturing energy from movement (e.g., insect vibrations)
	Used for grain storage or livestock monitoring


Table 6: Machine Learning Techniques for Insect Pest Detection
	Algorithm Type
	Application
	Advantage
	Limitation

	Support Vector Machines
	Classifying pest species based on sensor data
	High accuracy in classification tasks
	Requires large labeled datasets

	Convolutional Neural Networks (CNNs)
	Image-based pest classification
	Excellent for visual pest recognition
	High computational resource requirements

	Random Forests
	Predicting pest population dynamics
	Robust against overfitting, interpretable
	May require tuning for optimal performance


Table 7: Real-World Case Studies of Sensor-Based Pest Monitoring
	Case Study
	Description
	Technology Used
	Results

	Smart Orchard Pest Management
	Monitoring codling moth populations in apple orchards
	Pheromone-baited traps with optical sensors
	Reduced pesticide use, effective control

	Greenhouse Whitefly Detection
	Detecting and controlling whitefly infestations in greenhouses
	Camera-based optical sensors, machine learning
	Significant decrease in whitefly population

	Stored Grain Monitoring
	Early detection of insect infestations in grain storage
	Gas sensors, chemical sensors
	Timely control measures, minimized pesticide use




Figure 1: Sensor Technologies for Insect Pest Monitoring Comparison
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Figure 2: Machine Learning Algorithms for Pest Detection Performance
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Figure 3: Wireless Sensor Network for Pest Monitoring
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Figure 4: Energy Harvesting for Self-Powered Sensor Nodes
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Figure 5: UAVs for Real-Time Pest Surveillance
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Figure 6: Sensor Data Integration in Pest Management Systems
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