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rtificial intelligence (AI) is rapidly entering agriculture, particularly in pest detection 

and identification. Machine-learning systems can recognize insects from photographs 

and automated traps can monitor pest populations continuously. However, insect 

identification involves ecological interpretation beyond visual recognition. While AI greatly 

improves speed and accessibility, it still relies on expert knowledge for confirmation and 

decision-making. Rather than replacing entomologists, AI functions as a decision-support 

tool that enhances crop protection efficiency. 
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Introduction 
Accurate identification of insect pests is the foundation of crop protection. A wrong diagnosis 

often results in unnecessary pesticide application, economic loss, and environmental damage. 

Traditionally, identification depends on trained entomologists who examine morphology, 

host plant association, and feeding symptoms. However, the number of taxonomic experts is 

limited, whereas pest outbreaks are increasing due to global trade and changing climate 

conditions (Deutsch et al., 2018). Advances in artificial intelligence have introduced a new 

possibility. Computer programs can now identify objects from images with high accuracy, 

and similar methods are being applied to agricultural pests. Farmers can photograph an insect 

and receive instant identification through a mobile application. This technological 

development raises an important question: can machines replace human expertise in pest 

diagnosis? 

 In recent years, agriculture has begun shifting toward digital decision-making, often 

referred to as precision agriculture. Sensors, satellite data, and automated monitoring tools 

are increasingly used to guide irrigation, fertilization, and crop protection practices (Zhang et 

al., 2002; Wolfert et al., 2017). Pest surveillance is also becoming part of this digital 

transformation. Instead of relying solely on periodic field scouting, farmers can now obtain 

continuous observations through camera-based monitoring systems and cloud-based analysis 

platforms (Mahlein, 2016). Artificial intelligence plays a central role in this transition 

because insect populations change rapidly and require timely detection. Early identification 

allows intervention at economic threshold levels rather than after visible crop damage occurs 

(Pedigo & Rice, 2014). This is particularly important for invasive pests that spread quickly 

across regions (Early et al., 2016). 

 However, pest diagnosis is not simply a visual recognition task. Many insects differ 

across developmental stages, and their economic importance depends on ecological context 

such as crop stage and natural enemies (Kogan, 1998). These complexities raise an important 

debate: can artificial intelligence independently handle pest identification, or does human 

expertise remain essential? 
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AI-Based Pest Identification: Capabilities and Limitations 
AI-based pest identification relies on computer vision and deep learning algorithms. Large 

image datasets are used to train neural networks so they learn diagnostic features such as 

body segmentation, wing structure, colour patterns, and texture. When a photograph is 

uploaded, the system compares extracted features with stored patterns and predicts the 

species (Thenmozhi & Reddy, 2019; Valan et al., 2019). 

 
Figure- 1: Conceptual overview of AI-assisted pest identification and expert validation 

Automated field cameras capture images continuously and transmit them to cloud platforms, 

enabling early warning of pest arrival (Wang et al., 2020). A major advantage of AI is speed 

— thousands of samples can be analyzed within seconds. Farmers in remote areas gain 

immediate access to preliminary diagnosis, improving advisory reach. Regional smart trap 

networks can generate pest distribution maps and support forecasting (Sharma et al., 2021). 

However, real field conditions differ from controlled datasets. Poor lighting, damaged 

specimens, and mixed species reduce accuracy. Immature stages often lack visible diagnostic 

characters, and closely related species may require microscopic examination. AI systems also 

depend on existing training databases and may fail to detect new invasive pests (Gaston & 

O’Neill, 2004). Identification alone does not determine management action. Economic 

threshold, crop stage, and natural enemy activity must be considered before intervention 

(Pedigo & Rice, 2014). 

 
Figure-2: Digital pest monitoring & advisory system using smart traps 
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Thus, AI is highly effective for rapid detection but limited in ecological interpretation. 

Human Expertise in the Age of Digital Agriculture 
Although artificial intelligence improves detection speed, its effectiveness depends on 

interpretation by specialists. Entomologists evaluate pest population levels, damage potential, 

and environmental factors affecting outbreaks. They also distinguish pests from beneficial 

organisms such as predators and parasitoids. Experts investigate pesticide failure, resistance 

development, and outbreak causes using ecological knowledge and long-term observation. 

Artificial intelligence provides large datasets, but decision-making remains human-driven. 

Rather than replacing specialists, digital tools extend their reach. A single expert can monitor 

large regions through automated reporting systems, providing faster advisory services. In this 

collaborative model, AI acts as a surveillance tool while entomologists translate observations 

into management recommendations. 

Conclusion 
Artificial intelligence is transforming pest identification by making diagnosis faster and 

widely accessible. However, pest management requires biological interpretation beyond 

visual recognition. AI cannot replace entomologists, but it significantly enhances their 

efficiency. The future of crop protection lies in combining machine speed with human 

expertise, creating a more precise and sustainable agricultural system. 
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