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nsect pests remain one of the most persistent constraints to agricultural productivity 

causing substantial yield losses and threatening global food security. Traditional pest 

diagnosis and advisory systems though valuable are often constrained by limited 

accessibility, delayed responses, and dependence on human expertise. In recent years, 

Artificial Intelligence (AI) has emerged as a transformative force in agriculture particularly in 

the domain of pest diagnosis and management. AI-based pest diagnosis systems leverage 

machine learning, deep learning, computer vision, Internet of Things (IoT), and remote 

sensing technologies to enable rapid, accurate, and scalable pest identification. This article 

presents a comprehensive analysis of AI-driven pest diagnosis and its role in revolutionizing 

farmer advisory services. It explores technological foundations, operational frameworks, real-

world applications, and socio-economic implications. Furthermore, it critically evaluates the 

challenges associated with AI adoption, including data limitations, infrastructure constraints, 

and ethical considerations. It concludes by highlighting future directions and the potential of 

AI to democratize agricultural knowledge, enhance decision-making, and promote 

sustainable pest management practices. 
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Introduction 

Agriculture continues to be a cornerstone of livelihoods in many parts of the world 

particularly in developing countries. However, crop production is constantly threatened by 

insect pests, diseases, and weeds. Among these, insect pests alone are responsible for 

significant economic losses, often estimated between 20% and 40% of global agricultural 

production (Savary et al., 2019). These losses not only affect farmer’s incomes but also have 

broader implications for food security and rural development. 

 In traditional agricultural systems pest diagnosis relies on farmer’s experiential 

knowledge or consultation with agricultural experts and extension personnel. While such 

systems have served agriculture for decades, they are increasingly becoming inadequate due 

to several factors. First, the growing complexity of pest dynamics, influenced by climate 

change and globalization, makes accurate diagnosis more challenging. Second, the limited 

availability of trained extension workers restricts timely advisory delivery especially in 

remote areas. Third, manual diagnosis is often subjective and prone to error. 

 The advent of Artificial Intelligence (AI) offers a promising solution to these 

challenges. AI enables machines to simulate human intelligence and perform tasks such as 

pattern recognition, decision-making, and predictive analysis. In the context of pest diagnosis 
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AI can analyse vast amounts of data, identify patterns, and provide accurate 

recommendations in real time. This capability is transforming traditional advisory systems 

into intelligent, data-driven platforms that are accessible, scalable, and efficient. 

The Changing Landscape of Pest Diagnosis 
 Limitations of Conventional Methods: Conventional pest diagnosis methods are 

primarily reactive in nature. Farmers typically identify pests only after visible symptoms 

appear, by which time significant damage may have already occurred. Additionally, 

reliance on human expertise introduces variability and inconsistency in diagnosis. The 

extension system, which serves as the primary channel for disseminating agricultural 

knowledge faces its own set of challenges. In many developing countries, the ratio of 

extension workers to farmers is extremely low limiting the reach and effectiveness of 

advisory services. 

 Emergence of Digital Agriculture: The introduction of digital technologies marked the 

beginning of a new era in pest management. Mobile phones, internet connectivity, and 

digital platforms enabled farmers to access information more easily. However, these 

systems still relied heavily on human intervention and were not fully automated. AI 

represents the next stage in this evolution enabling autonomous decision-making and 

real-time advisory services. By integrating AI with digital agriculture pest diagnosis is 

becoming faster, more accurate, and widely accessible (Kapetas et al., 2025). 

Technological Foundations of AI-Based Pest Diagnosis 
 Machine Learning and Deep Learning: Machine learning (ML) algorithms enable 

systems to learn from data and improve performance over time. In pest diagnosis, ML 

models are trained on large datasets containing images and characteristics of various pest 

species. Deep learning (DL) which is a subset of ML has gained prominence due to its 

ability to process complex data. Convolutional Neural Networks (CNNs) are particularly 

effective in image recognition tasks. These models can automatically extract features 

from images eliminating the need for manual feature engineering. Studies have shown 

that CNN-based models can achieve high accuracy in pest classification often exceeding 

90% under controlled conditions (Chakrabarty et al., 2026; Popescu et al., 2023). The 

availability of large datasets such as IP102 has further enhanced model performance by 

providing diverse training data. 

 Computer Vision Techniques: Computer vision plays a central role in AI-based pest 

diagnosis. It enables machines to interpret visual data and identify pests based on their 

morphological characteristics. Key techniques include: 

 Object Detection: Identifying and locating pests within an image 

 Image Segmentation: Separating pest-infested areas from healthy plant tissue 

 Pattern Recognition: Identifying unique features of pest species. 

 Internet of Things (IoT) Integration: IoT devices provide continuous data from the 

field enhancing the capabilities of AI systems. Sensors can monitor environmental 

conditions such as temperature, humidity, and soil moisture, which influence pest 

behaviour. Smart traps equipped with cameras can automatically capture images of pests 

and transmit them to AI systems for analysis. These systems can generate alerts when 

pest populations exceed threshold levels enabling timely intervention (Ali et al., 2023). 

 Remote Sensing and UAVs: Remote sensing technologies including satellite imagery 

and drones enable large-scale monitoring of agricultural fields. AI algorithms analyse 

these data to detect early signs of pest infestation. Drones equipped with multispectral 

cameras can capture high-resolution images, allowing detailed analysis of crop health. 

This technology is particularly useful for precision agriculture where targeted 

interventions are essential (Khan et al., 2024). 

 Big Data and Cloud Computing: AI-based systems rely on large volumes of data for 

training and operation. Cloud computing provides the infrastructure needed to store, 

process, and analyse this data efficiently. Big data analytics enables the integration of 
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multiple data sources, including weather data, soil information, and historical pest 

records, to improve predictive accuracy (Xie et al., 2025). 

Operational Workflow of AI-Based Pest Diagnosis Systems 
The functioning of AI-based pest diagnosis systems can be understood through a systematic 

workflow: 

 Data Acquisition: Data is collected from multiple sources, including images, sensors, 

and remote sensing platforms. 

 Data Preprocessing: Data is cleaned and standardized to remove noise and improve 

quality. 

 Model Training and Validation: AI models are trained using labelled datasets and 

validated for accuracy. 

 Inference and Prediction: The trained model analyses new data and identifies pests with 

associated confidence levels. 

 Decision Support System (DSS): The system generates recommendations based on pest 

type, severity, and environmental conditions (Kapetas et al., 2025). 

 Advisory Dissemination: Recommendations are delivered to farmers through mobile 

apps, SMS, or voice-based systems. 

This workflow ensures efficient and accurate pest diagnosis while enabling real-time 

advisory services. 

Transformation of Farmer Advisory Services 
 From Reactive to Predictive Systems: AI enables predictive pest management by 

analysing historical and real-time data. This allows farmers to take preventive measures 

before infestations occur reducing crop losses (Xie et al., 2025). 

 Personalized Advisory: AI systems can provide customized recommendations based on 

individual farm conditions. This personalization enhances the effectiveness of pest 

management strategies (Kapetas et al., 2025). 

 Real-Time Communication: Mobile-based AI applications enable instant 

communication between farmers and advisory systems. Farmers can upload images and 

receive immediate feedback eliminating delays. 

 Digital Extension Services: AI acts as a virtual extension agent expanding the reach of 

advisory services. It complements traditional extension systems by providing support to a 

larger number of farmers (Xie et al., 2025). 

Applications  
 AI-Based Mobile Applications: Several mobile applications use AI to diagnose pests 

from images. These apps are particularly useful for smallholder farmers who lack access 

to expert advice. 

 Smart Pest Monitoring Systems: Smart traps and sensor-based systems provide 

continuous monitoring of pest populations. These systems support Integrated Pest 

Management (IPM) by optimizing intervention timing. 

 Drone-Based Surveillance: AI-enabled drones can scan large fields and identify pest 

hotspots. This enables targeted pesticide application, reducing costs and environmental 

impact (Aziz et al., 2025). 

 Integrated Decision Support Systems: Advanced systems integrate multiple data 

sources to provide comprehensive advisory services. These systems enhance decision-

making and improve agricultural productivity. 

Socio-Economic and Environmental Impacts 
 Economic Benefits: AI-based pest diagnosis reduces crop losses and improves 

productivity, leading to increased farmer income. It also reduces input costs by 

optimizing pesticide use. 

 Environmental Sustainability: Precision pest management minimizes excessive 

pesticide use, reducing environmental pollution and preserving biodiversity. 
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 Social Inclusion: AI-driven advisory systems democratize access to agricultural 

knowledge, benefiting smallholder farmers and marginalized communities. 

Challenges and Limitations 
 Data Constraints: Lack of high-quality datasets remains a major challenge. Data 

variability across regions affects model performance. 

 Infrastructure Issues: Limited internet connectivity and access to digital devices hinder 

AI adoption in rural areas. 

 Model Generalization: AI models may not perform well in different agro-climatic 

conditions. 

 Adoption Barriers: Farmers may be reluctant to adopt new technologies due to lack of 

awareness and trust. 

 Ethical Concerns: Issues related to data privacy and ownership need to be addressed 

through appropriate policies. 

Future Prospects 
The future of AI-based pest diagnosis is promising, with several emerging trends expected to 

enhance its efficiency and accessibility. 

 Edge AI: Edge AI enables pest diagnosis directly on smartphones without requiring 

continuous internet access. This is particularly beneficial for farmers in remote areas, 

allowing real-time decision-making with reduced dependency on connectivity. 

 Multimodal Systems: Future systems will integrate multiple data sources such as crop 

images, environmental sensor data, and voice inputs. This multimodal approach improves 

diagnostic accuracy and provides context-specific recommendations (Xie et al., 2025). 

 Conversational AI: Voice-enabled AI systems will allow farmers to interact in their 

native languages, making advisory services more inclusive and user-friendly especially 

for those with limited literacy. 

 Predictive Modelling: AI-driven predictive models will analyse historical and real-time 

data to forecast pest outbreaks, enabling proactive management and reducing potential 

crop losses (Kapetas et al., 2025). 

 Policy Support: Supportive government policies, digital infrastructure development, and 

public-private partnerships will be crucial for scaling AI-based solutions and ensuring 

equitable access to farmers. 

Conclusion 
AI-based pest diagnosis represents a significant advancement in agricultural science offering 

innovative solutions to long standing challenges in pest management and advisory services. 

By enabling accurate, timely, and scalable pest identification, AI empowers farmers with 

actionable insights and enhances agricultural productivity. The integration of AI into advisory 

systems not only improves decision-making but also promotes sustainable agricultural 

practices. While challenges remain, continued research and policy support can unlock the full 

potential of AI in agriculture. Ultimately AI-based pest diagnosis has the potential to 

transform agriculture by making it more resilient, efficient, and inclusive. 
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