


Smart Agriculture: Harnessing Artificial intelligence for Precision Pest Management


Abstract 
Agriculture forms the foundation of India’s economy, supporting nearly 70% of the rural population. However, pest infestations cause significant yield and economic losses, necessitating sustainable pest management strategies. Conventional chemical control practices have led to pest resistance, residue accumulation, and environmental degradation. Recently, Artificial Intelligence (AI) has emerged as a transformative tool in Integrated Pest Management (IPM). Machine learning and deep learning algorithms, such as Convolutional Neural Networks (CNNs) and Support Vector Machines (SVMs), have demonstrated high precision in pest detection and classification — with certain CNN-based models achieving up to 96% accuracy in identifying crop pests and disease symptoms, and SVM-based approaches reporting over 90% prediction accuracy in pest population forecasting. Integration of AI with Internet of Things (IoT)-enabled smart traps, drones, and mobile platforms like Plantix, Agrio, and Nuru has enhanced real-time monitoring and precision decision-making in pest control. Despite challenges such as limited datasets and low digital literacy, AI-driven IPM represents a sustainable, eco-friendly, and data-informed solution for resilient agricultural systems. This review highlights the applications, advancements, and challenges of AI-based IPM, emphasizing its potential to revolutionize sustainable and precision pest management for future-ready agriculture.
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Introduction

“Agriculture is the main source of the Indian Economy and about 70 per cent of India's rural population are dependent on agriculture for their livelihood. It contributors to the Gross Domestic Product of India. India produces a wide variety of crops, the most important of which are rice and wheat. In addition, Indian farmers cultivate potatoes, oilseeds, sugarcane, pulses, and non-food products like cotton, tea, coffee, rubber, and jute. The major crop losses are due to biotic and abiotic stresses” [31]. Biotic stress accounts for more than 42% of potential yield loss. Whereas abiotic factors cause 15 percent due to insects, 14 percent to weeds, and 13 percent to other pathogens. Several pesticides are used by farmers to reduce insect pest infestations. These chemical pesticides that are used to protect the crop from weeds, diseases, and pests can endanger humans and other non-target organisms both immediately and over time. The total population of agricultural pests cannot be eradicated, they can be brought down to a level where they no longer pose a threat to revenue. “So Integrated Pest Management (IPM) is a holistic approach for managing pests, to reduce the usage of pesticides while advancing sustainable agricultural practices. Visual detection is one the common practice for plant scientists is to estimate the damage on plant parts. Therefore, identification of plants parts and finding out the pest or diseases, the percentage of the pest or disease incidence, symptoms of the pest or disease attack, plays a key role in the successful cultivation of crops. So Artificial intelligence can significantly improve the complex monitoring and decision-making procedures needed for the implementation of integrated pest management (IPM)” [7]. Farmer decision-making on pest management is made possible by AI's capacity to evaluate vast volumes of data and forecast outcomes based on past trends. The identification and tracking of pests is one of the main uses of AI in integrated pest management. Conventional pest detection techniques, such visual examination, and traps, take a lot of time and frequently depend on subjective observations. “On the other side, AI-based pest monitoring systems employ cameras and sensors to gather information on pest populations and behavior, enabling more precise and prompt infestation identification. It can also predict pest outbreaks and optimize pest control measures. AI systems can forecast future pest outbreaks and suggest the best control measures by examining previous data on insect numbers, weather trends, and crop health. It can also be used to identify nutrient deficits in crops and monitor crop health, allowing farmers to make necessary adjustments before crop losses occur” [23].  It also reduces the usage of pesticides and promote to sustainable agriculture by providing real time information on insect populations and suggests the best control measures and thereby increase the farmers income.

AI MODELS FOR PEST MANAGEMENT
MACHINE LEARNING
“Machine learning, a scientific field, focuses on creating algorithms enabling computers to develop behaviors through empirical data, constituting the essence of AI. Motka et al., defined it as a subarea of AI that is able to learn from previous experience. ML algorithms are designed to solve problems, extracting features from existing data, learn from these features and predict the outcomes. It includes Artificial Neural networks (ANN), Fuzzy systems, Genetic Algorithms and Deep Learning techniques like Convolutional NN, Generative NN etc.
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It is a part of AI where learning without any kind of supervision requires an ability to identify patterns in streams of inputs, whereas learning under sufficient supervision entails classification and numerical regressions” [4]. Classification establishes the category to which an object belongs, whereas regression seeks to gather a series of numerical either input or output in order to identify functions that allow appropriate outputs to be generated from the corresponding inputs. Robotics is another important area of artificial intelligence. They need intelligence to perform tasks like object handling and navigation, as well as the related subproblems of localization, motion planning, and mapping. In broccoli fields, automated traps were set up to identify and count newly emerging diamond back moth moths. The images from this trap are sent to a central computer once a day via a cellular connection. When new moths adhere to the liner, the computer will utilize machine learning to identify and count them.  
Application of machine learning in pest identification, pest outbreak and precision pest management
PEST IDENTIFICATION:
Machine learning algorithms can be used to identify pests from images or sounds. The Pest R- Convolutional Neural Network (CNN) or Pest Region-CNN end-to-end detection model, is used to detect the maize pest Spodoptera frugiperda (7). This system also accurately identified and classified major coffee pests from images. “Automated machine learning via Google Cloud AutoML Vision was employed to distinguish between three aphid species: Aphis craccivora Koch, Acyrthosiphon pisum Harris, and Megoura crassicauda Mordivilko (Hemiptera: Aphididae). Different models were developed using varying quantities of images per species—ranging from 20 to 400—both with and without augmenting the training data through image inversion. The results indicated a direct correlation between increased accuracy of identification and the augmentation of training data volume, alongside the escalation in the number of training images.” [10]. “A study involved the development of a trapping system utilizing yellow sticky paper and LED light for the automatic collection of pest images. Additionally, they introduced an enhanced YOLOv5 model incorporating copy-pasting data augmentation for pest recognition. The system was tested in cherry tomato and strawberry greenhouses over a period of 40 days of continuous monitoring. Throughout the experiment, six different pests were observed, including tobacco whiteflies, leaf miners, aphids, fruit flies, thrips, and houseflies. The findings revealed that the proposed improved YOLOv5 model achieved an average recognition accuracy of 96%, showcasing its superiority in identifying nearby pests compared to the original YOLOv5 model” [43]. Xie suggested the useful feature description for 24 common pest species of agricultural crops using the SVM model for colour, texture, and form and  
images of insects [41]. 
PREDICTION OF PEST OUTBREAKS
The outbreak of Helicoverpa armigera, a significant pest in cotton fields, was forecasted using Explainable Boosting Machine learning. This machine utilized earth observation vegetation indices, numerical weather predictions, and insect trap catches to anticipate the onset of bollworm damage in cotton fields across Greece [27]. “Due to the significant reduction in banana yield caused by pests such as Red spot thrips and Black Sigatoka, among others, an alternative solution was proposed. This involved installing an IoT sensor network in banana plantations to develop a model capable of classifying pest incidence levels using Machine Learning techniques. This model utilizes atmospheric variables measured by the IoT sensor network as input data and employs Support Vector Machine techniques, which have demonstrated high accuracy in generating models. The implementation of this system aims to assist producers in enhancing pest control management by efficiently scheduling spraying dates, leading to improved product quality and reduced costs” [22].
PRECISION PEST MANAGEMENT
Advanced AI technologies offer the potential for enhanced and focused pest management strategies, leading to reduced pesticide usage and minimized environmental consequences. One notable example is the creation of a precision pest control system utilizing computer vision and machine learning algorithms. This system accurately detects and counts pests within agricultural fields, enabling precise pesticide application tailored to the density of pests present. Codling moth is a serious pest of apple orchad which causes a huge amount of yield loss can be detected by IoT devices. This automatically detects the Codling Moths and takes the picture by a camera on top of the insects-trap [1].
DEEP LEARNING:
He et al. (21) suggested a two-layer detection technique based on deep learning technology to identify BRPHs. The average recall rate of the algorithm was shown to be higher than that of the single-layer detection approach, YOLOv3. Aphids were detected in field images by using a two-stage detector called Coarse to-Fine Network (CFN), having an average precision (AP) of 76.8%. [17]. It can also be used for automatic detection of pests. Selvaraj et al. [37] developed a dataset containing images of five primary banana diseases and their corresponding healthy states, as well as damage caused by the banana corm weevil (Cosmopolites sordidus). Image tagging was performed using the LabelImg software, while the machine learning framework TensorFlow, based on Python, was utilized for the analysis.
APPLICATIONS OF DEEP LEARNING IN PEST CLASSIFICATION ANDDETECTION
INSECT PEST DETECTION
“Detecting insects using digital images is a crucial component of SPM, encompassing both insect localization and classification. Timely identification of insect pests and real-time population assessment can enhance the precision of pesticide application, leading to reduced economic and environmental impacts. This detection can be done on sticky paper trap, detecting insects on plants, and detecting insects on the baseplate in a trap.  Balakrishnan et al.” [3] devised a real-time IoT-driven system aimed at pest detection, employing a Faster R-CNN ResNet50 model within an object detection framework. Utilizing 150 test images per insect class from the IP102 dataset encompassing eight classes, the model attained an impressive average accuracy of approximately 94.00% for the detection of these diverse insect species. Chen et al. [5] integrated artificial intelligence and image recognition technologies with environmental sensors and the Internet of Things (IoT) to identify pests. They collected approximately 687 images of adult Tessaratoma papillosa. Initially, the pests were labeled in the images, and a model was trained using this dataset. The images underwent augmentation through preprocessing techniques. Additionally, GPS information extracted from the images was utilized to pinpoint the pests' locations. This model achieved a recognition accuracy of 90 percent. Karar et al. [14] developed a mobile application that utilizes the Faster Region-based Convolutional Neural Network (Faster R-CNN) to identify five categories of pests: aphids, cicadellids, flax budworm, flea beetles, and red spider mites.
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AUTOMATIC CLASSIFICATION OF INSECTS:
Mohamed et al., (2021) developed a mobile application harnessing deep learning techniques to automatically categorize pests. Employing a Faster R-CNN model, they successfully identified insect pests, achieving an outstanding average accuracy of 98% across five distinct pests. Automatic Pest detection in agricultural crop fields is the most challenging task so a successful image processing technique based on FF-GWO-CNN classification algorithm was introduced for effective pest monitoring and detection.  Ding and Taylor [6] introduced an automated detection model using deep learning to identify and quantify pests in images captured within field traps. When applied to a commercial codling moth dataset, the method demonstrated strong performance in both qualitative and quantitative evaluations. This developed model facilitates automatic pest detection and counting within traps, contributing lesser pesticide application and precision control, thereby reducing excessive pesticide usage.
CROP YIELD PREDICTION
Qiao et al., [32]  employed a hybrid approach integrating 3D convolutional and recurrent neural networks to forecast wheat and corn yields in China. Their model first trained on features extracted from multi-spectral images and subsequently on temporal data derived from extensive time-series images. The study utilized two sensor datasets: surface reflectance data (MOD09A1) and the MODIS Annual Land Cover dataset (MYD11) obtained via the MODIS sensor. Xu et al. utilized time series UAV remote sensing data to estimate cotton yield. They employed a neural network utilizing Bayesian regularization backpropagation to predict cotton yield across both large-area and small-scale contexts.  Gavahi,  introduced an approach that integrates convolutional short-term memory (ConvLSTM) with a three-dimensional convolutional neural network (3D-CNN) to improve the accuracy of predicting soybean yield in the United States. 
HYBRID MODELS:
This model combined machine learning and fuzzy logic for predicting pests and diseases. These Hybrid models are gaining popularity in insect pest management due to their ability to integrate diverse data types and models, enhancing the accuracy and comprehensiveness of predictions. This model was used to predict apple scab [8]. 
DATA-DRIVEN AND KNOWLEDGE-BASED MODELS
Insect pest management has adopted hybrid models that merge data-driven and knowledge-based approaches to enhance the precision of pest detection and prediction. For instance, researchers developed a hybrid model combining a rule-based expert system and a support vector machine to forecast wheat aphid occurrences, demonstrating superior accuracy compared to individual models.
MATHEMATICAL MODELS AND REMOTE SENSING DATA
Hybrid models integrating mathematical models with remote sensing data have been employed to forecast pest outbreaks and effectively manage pest populations. A hybrid model that combine temperature-based mathematical model with remote sensing data was developed to predict the occurrence of corn rootworm. The model was found to have high accuracy in predicting pest outbreaks [28]. Top of Form
ChallengesBottom of Form
There are many challenges in the field of agriculture, among which insect pest attacks and crop diseases are found to cause great economic losses. The concept of integrated pest management (IPM), a sustainable strategy in managing pests, has been in practice for a long time. IPM programs  combines the  comprehensive information of pest life cycles and their interaction with the environment with available pest control methods to manage pest damage by the most economical means with least possible hazard to people, property, and the environment. [40] But the concept of pest monitoring manually for the pest information in IPM has become time consuming and labour intensive. After several researches by agricultural experts, artificial intelligence (AI) with its laborious learning capabilities has become a demanding tool as it is providing faster and easy pest monitoring and predictions for timely pesticide application. Different automated and semi-automated systems developed  using artificial  intelligence  are helpful for  farmers and agricultural experts in providing a better solution to  all agriculture-related problems around  the world especially in pest control.  Many applications  are developed  by different universities using Artificial intelligence (AI) that are helping the farmers in pest monitoring and pest predictions at the farm level so that they can adopt a proper strategies to control the pest population. Some apps are mentioned below.
 Crop doctor:
	“Crop doctor is an Artificial Intelligence (AI) tool based on ‘if and then rule’ programme. It is an image and picture based system component. This application(app) helps in  pest and disease diagnosis along with nutritional disorders  of the crop chosen. In the main visual signs (primary symptom) with several phases, the first visible indication is seen as thumbnail photos with multiple stages (secondary symptoms). Primary and secondary symptoms were staged, recorded, and put into the expert system shell using an if and then rule application. After validating the symptoms, the concerned professionals provide the most practical solution” [21].
Plantix: 
	PEAT, a German startup company, created Plantix, an Android-based crop advising app for growers, farmers, and extension workers worldwide in 2015. Plantix collaborated with ICRISAT to suit Indian crops. To create the disease database and information, Plantix collaborated with the Department of Agriculture, the Government of Andhra Pradesh, ANGRAU, PJTSAU, and ICAR institutes like IIRR and IISR. Plantix provides exceptional image identification using the most recent advancements in artificial intelligence technologies. Plantix image recognition can identify over 500 plant diseases and pests from a single smartphone photo. As the image is geo tagged this app also supports pest monitoring. After monitoring and recognition platnix provides suitable pest and disease control methods. In addition to pest management this app also provides weather forecasts GPS and acts crop guide to help farmers in increasing  their crop production.
Agrio: 
	Agrio is a free interactive smartphone app included under Saillog, an AI based crop management platform. In this app user has to upload the pictures of the diseases or pests. This images are then examined by an AI algorithm and gives automatic disease identification. While other option is to share the photographs of the damaged part of crop with the panel of specialists mentioned in the app and they offer most effective treatment techniques. Agrio provides most comprehensive, IPM techniques that includes biological and organic remedies.
Crop diagnosis: 
	This is a mobile application designed to enhance pest management decisions. This app provides precise crop diagnosis, pesticide selection and application methods with proper instructions. The app makes the diagnosis based on the information given by the user through a questionnaire about the crop (type ,location, soil, history etc) and threat characteristics(type, appearance, progress etc). A personalized selection of chemicals suitable to lessen the issue of the crop is displayed by the app. This app then display comprehensive and customized application instructions after certain product has been choosen.
Plant village:
	Plant village in association with UN-FAO-CGIAR and publically supported organizations created an AI program called Nuru. This Nuru has a machine learning algorithms that utilizes photos and videos taken by low cost drones to enable the quick assessment of disease and pest pressure in the fields of small holder farmers. Nuru app helped in diagnosing multiple diseases in Cassava, Maize, Potato and Wheat, damage caused by Spotted lanternfly pest and fall armyworm.
Rice doctor:
[bookmark: _GoBack]	This is an interactive AI app developed by IRRI (International Rice Research Institute), Lucid team at University of Queensland, Australia, Phillipines Rice Research Institute and Research Institute for Rice, Indonesia together. This helps the extension agents, researchers, students and other users in detecting and understanding about more than 88 pests, diseases and other conditions unique to the rice crop. By uploading the images and text descriptions to the application the users can diagnose the issue. Fact sheets on each potential disorder gives explanation about the sign and symptoms of the issue and the available treatment options.
Agrosmart:
	It is a farming aid application created by Sato et al. [35] from Brazilian Agriculture Research Corporation (EMBRAPA). This app connects pest traps, collect data and provides advices to the farmers. The aim of the app is to control the pest at the lower cost by applying proper amount of pesticides at right time with less impact on the environment. Insects are attracted to the pheromones present in the sensor equipped traps distributed in the field. The electronic system onboard will transmit the data from the sensors via internet. The data obtained is in the form of images processed manually by counting and classifying insects. Farmers are thus provided with information and advisories based on the quantity of  insects per square meter.
Distance diagnostics:
	The University of Georgia cooperative extension service developed this diagnostic project called Distance diagnostics using dgital imaging to create “Agricultural diagnostic imaging stations”. These are used to take pictures of insects, symptoms, damages, weedis in the field and crop patterns (16). Compound microscopes and stereoscopes equipped with camera and image capture devices are utilized for the proper inspection of insects, diseased plants and weeds. This technique emphasizes on suitable pest and host sampling. After the image is taken it is uploaded through the internet and an emal is generated automatically and sent to relevant specialist indicating that the sample is available for identification. Then the specialists manually assesses the amterial and generates the response regarding the pest and host sample.
Scouting:
	Scouting is a mobile app available both in android and ios playstores used to diagnose stress components in the field by using just a photo. App was created by Germany based BASF Digital Farming GmbH under the brand name Xarvio. App identifies diseases, leaf damage, weeds, count insects in the yellow trap and analyse crop emergence. This app’s radar component aids in providing information regarding the pests and illness in particular location and notifies the adjacent areas when illness spreads to the specific locations.
Koppert IPM:
	This app is developed by American company Koppert Biological System to help farmers with their comprehensive integrated pest management approach. This has two components, Scout app and an online dashboard. The scout app features an easy to use User Interface(UI) and is GPS-enabled. After downloading data from the field, the dashboard provides the grower with almost real time insight into insect challenges. Because of its optimal scheduling of biological treatments, it lowers the cost of pesticides.
Apizoom App: 
This app helps to manage your bee colonies. This helps in management of apiaries from varroa mites. The results can be obtained by a graphical representation of the results for every hive or just one in  csv format. In Apizoom app the beekeeper must take a picture of each bottom board of the hive and upload it, if any varroa mites are present at the bottom of each board  this app uses  AI machine learning algorithm to identify and count the number of mites and gives alert regarding the management practices to be followed to the user.
Mobile interface crop diagnosis expert system (micdes):
	This is a mobile and web-based expert system that helps farmers in crop diagnostics and extension services usng a dynamic website [30]. Presently, this system focuses on the diagnosis of tropical diseases and pests that are effecting Rice, Tomatoes, Bananas and Sweet potatoes. When the system is unable to diagnose the problems presented by the user, it will automatically notify a human expert via short Message Service (SMS).
Trapeview system:
	This is an automated pest survelliance system that tracks every insect that can be attracted to insect traps. This system works at every location accessible to GPRS or 3G network, across all continents. Trapeview system comprises of three fully automated, integrated and user friendly tools. Pheromone traps that are resistant to weather and require no electricity transmits images of trapped pests. Every image from the traps are collected, processed and archived. When the pests are identified, it is automatically marked. Application with strong analytical capabilities enables us to effectively monitor field conditions and take appropriate action. [19].

E-National Pest Reporting and Alert System
The National Centre for Integrated Pest Management in New Delhi created this centralized server system for pulse crops. This system is  used to gather, process, and evaluate the needed information before sending the relevant alerts to the registered farmers. They implement appropriate corrective actions on advice  of the system at the appropriate time. 

Soypest
Soypest,a web-based fuzzy expert system was created by the Indian Institute of Soybean Research (ICAR), Indore, in partnership with the Institute of International Management and Technology (IIMT), Gurgaon, with the goal to help soybean farmers make IPM decisions online. This aids in the identification of active pests as well as the calculation of those pest's activity and diagnosis [25]. The process of identifying and diagnosing pests is knowledge-based and is carried out by the system using photographs of the pests, damage symptoms, and insect-pest morphology. 

Smart traps for automatic remote monitoring of Rhynchophorus ferrugineus (Coleoptera: curculionidae)
In 2015, Potamitis and Rigakis introduced an innovative solution for monitoring R. ferrugineus. They enhanced classical plastic traps, which already contained aggregation pheromones, by integrating an optical sensor. This sensor detects adult insects that fall into the trap, enabling continuous accumulation of insect counts throughout the day. These counts are then transmitted directly to a smartphone via the mobile phone network. The device, housed internally within the trap, incorporates all necessary electronic components for optical detection, counting, and GSM transmission. These smart traps are expected to lower monitoring costs and facilitate timely decision-making by generating real-time infestation maps.
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BENEFITS OF ADOPTING ARTIFICIAL INTELLIGENCE IN PEST   MANAGEMENT 
With its capacity to offer more precise and effective methods for pest identification, prediction, and control, artificial intelligence (AI) has great potential to revolutionize the field of pest management. The following are some benefits of AI for pest control: 

1. Early pest detection and diagnosis:
	AI can identify pests and diseases early allowing farmers to save time in identifying and eliminating harmful pests by taking preventative measures and reduce damage.(Husin et al., 2012). Artificial intelligence (AI)-based technology, such as machine learning algorithms, can aid in the early detection of pests, enabling timely and specific pest management actions.  Based on this AI technology Murmu et al., created  a  machine learning method to identify and categorize several fruit fly species using pictures of their wing patterns. It was observed that high degree of accuracy was achieved in fruit fly detection and classification using this method.
2. Improved monitoring and pest prediction:
	AI powdered sensors and cameras helps in real time pest monitoring. Based on the data obtained and identifying the patterns the pest prediction becomes more easier with AI technologies than with conventional techniques. According to Murmu et al., AI algorithm’s accuracy in predicting the pest occurrence is higher compared to the traditional statistical models.
3.Data driven decision making:
	AI improves farmers' ability to make decisions and strengthens their pest management strategies. Artificial intelligence systems provide important insights and recommendations by collecting and evaluating massive amounts of data from many sources, such as weather patterns, agricultural development stages, and insect population trends. Farmers are more equipped to decide when to apply pest control techniques, which specific treatments to apply, and when to do so. This data-driven approach ensures targeted and effective pest management operations while reducing expenses and optimizing resource allocation. AI-driven decision-making systems have the capacity to consider multiple factors at once, assessing complex interactions between pests, crops, and environmental conditions. Utilizing a variety of data sources and cutting-edge analytical methods, AI systems have the potential to identify efficient insect avoidance strategies specific to particular farming situations. By enhancing the sustainability and efficacy of pest management practices, this integrative approach minimizes ecological impact and increases agricultural production.
4. Precision pest control:
AI offers more focused and precise pest management solutions. AI helps to create a precise pest control system that counts the quantity of pests in an agricultural area using computer vision and machine learning algorithms. Artificial intelligence (AI) systems are able to quickly and accurately distinguish individual pests from beneficial insects or harmless species by analyzing images of crops or insect specimens. With this level of precision, farmers are able to modify their pest control strategies, minimizing the negative effects on beneficial species and reducing the overall use of pesticides. 
With time, AI-driven identification systems may continue to learn and advance, enhancing their precision and effectiveness. The more farmers provide the AI algorithms with data and feedback, the more proficient the models get in identifying and classifying pests. 
5. Overcome labour shortages:
	AI-based solutions can automate a lot of pest management tasks, minimizing the need for manual labor. An example of this is a drone-based system that counts and identifies pests in an agricultural field using machine learning and computer vision algorithms. The method reduces the requirement for manual labor by covering huge areas rapidly and effectively (Katiyar, 2022). AI tools have the ability to revolutionize the current state of pest management by being more effective than traditional integrated pest management techniques. Agricultural labor is labor-intensive, and labor shortages in this sector are not new. Automation can assist farmers in resolving this issue. AI-driven instruments are quicker, and more accurate than any human farm worker.
6. Sustainable farming practices:
	AI application in pest control is in accordance with the growing need for environmentally friendly agricultural methods. Artificial intelligence contributes to the development of environmentally friendly agriculture by reducing dependence on chemical pesticides. This shift toward sustainable pest avoidance benefits long-term profitability of farming operations in addition to improving the environment. AI promotes integrated pest management while reducing the amount of pesticides used in agriculture. By optimizing resource use, AI also helps farmers reduce their costs.
 
CHALLENGES IN IMPLEMENTATION OF AI IN INTEGRATED PEST MANAGEMENT
AI Expert systems can offer integrated, interpreted, and site-specific assistance, making them essential tools for agricultural management. However, expert systems for agriculture are still an emerging technology, and their application in commercial agriculture is still rare. Even if artificial intelligence (AI) has greatly enhanced the agriculture industry, compared to its potential and effects in other industries, AI's influence on agricultural activities remains below average. Because AI has so many limitations, there is still work to be done to improve agricultural activities using AI. Here are some of the challenges being faced in implementing AI in IPM.

Durability
The technology that is used needed to be durable and long-lasting. For poor farmers, it is not practical to replace AI components, such as sensors, frequently. There are many limitations on the use of these internet-based solutions in rural locations. In an ideal world, the government may provide a low-cost internet service-based gadget to supplement the farmers' AI systems (Sarkar et al., 2022).
High cost
The majority of farmers lack the financial resources to utilize these AI technologies as their initial cost of installation is high [2].  Maintainance of this complex hardware adds up to the  crop investment expenses. This result in higher crop prices than other crops, which will cause crop waste since small farmers cannot afford them. In order to reduce the financial stress on the farmers, the companies can begin leasing their equipment to farmers
High skill requirement
According to Teal and Rudnicky (1992) and Mundt and Connors (1999), in addition to education and training, using AI in agriculture requires a different skill set at every level for these technologies to be used correctly. Any Expert system's usefulness depends on how well it is implemented. For more AI adoption, the gap between AI engineers who do not have thoughts about agriculture and farmers—who often do not study AI—must be closed [32].
Large data requirement
The strength of a smart system is also based on the volume of input data. A real-time AI system needs to monitor enormous volumes of data. The system needs to filter out a large portion of the incoming data and continue to be responsive to important or unexpected changes. To increase the system's speed and accuracy, a field expert must have a complete awareness of its objective and should only use the most appropriate information. The establishment of an agricultural expert system requires the collaboration of specialists from different agricultural sectors and the participation of the producers who will make use of it.
Method of implementation
A system's execution method is what makes it the best. The process for information retrieval and training needs to be well-defined in terms of speed and accuracy as it consumes large amounts of data.
Regular updating 
It's necessary to upgrade software and hardware on a regular basis. Farmers need to update their systems with the most recent versions in order to have access to more accurate and up-to-date information due to technological advancements. Certain systems do not support software versions that are older [38]. Although progress has been achieved in the application of AI approaches for isolated tasks, the subsystems' lack of flexibility has made the interface of the subsystems into an integrated environment a major issue. 
Response time and accuracy
Crop behavior needs to be accurately assessed with the shortest possible time period. A crop has a specific season; thus it will be quite challenging to respond if a lot of time is lost on study. Accordingly, in this context, precision and reaction time are critical elements of agriculture [18]. When the crop grows, the crop data can only be retrieved once, either annually or biannually. As such, building a solid machine learning model takes a long period [13]. The systems may have worse response times, less accuracy, or even both. A farmer's choice of work strategy may be affected by the system's delayed reaction. 
CONCLUSION
The integration of Artificial Intelligence (AI) into Integrated Pest Management (IPM) represents a transformative advancement in modern agriculture. AI-driven technologies such as machine learning, deep learning, image recognition, and IoT-based sensor systems have revolutionized pest detection, monitoring, and forecasting with remarkable accuracy and efficiency. These innovations not only enhance early pest diagnosis and decision-making but also promote the judicious use of pesticides, thereby reducing environmental contamination and production costs. However, large-scale adoption of AI in pest management still faces challenges, including limited data availability, high implementation costs, inadequate rural digital infrastructure, and the need for technical expertise among farmers. Overcoming these barriers through capacity building, affordable technological solutions, and supportive policy frameworks will be essential for widespread implementation. Ultimately, the fusion of AI with sustainable pest management strategies offers a promising path toward eco-friendly, precise, and resilient agricultural systems capable of ensuring global food security and environmental sustainability.

FUTURE SCOPE
The future of agriculture largely depends on the use of automated solutions to increase the economy. Artificial Intelligence (AI) integration in agriculture has the potential to completely transform the sector.  Access and adoption of these technologies will be widespread globally.  Despite the fact that extensive research is still ongoing and certain applications are already on the market, the industry is still severely underserved. There are certain obstacles to the adoption of these AI systems in IPM, such as their cost and the acceptance by small farmers. 
In order to ensure the adoption of AI in IPM by smallholder farmers, the AI solutions should be more affordable. Partnerships between the public and private sectors may help AI technologies spread to distant farms in India and other countries. Subsequent research and development have to concentrate on finding novel and inventive strategies to counteract insect infestation. In developing countries, awareness and expertise of new agricultural technologies are still mostly lacking. Implementation of AI in agriculture will not only boost output and efficiency but also assist in addressing some of the issues the agriculture sector is currently facing.
[bookmark: _Hlk202259943]Disclaimer (Artificial intelligence)
Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 
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