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Abstract

Our country is a major agricultural nation. The precise identification of pests in farmland is closely
related to the stable development of the national economy and is also a core link in ensuring intel-
ligent agricultural protection and precise drug administration. Traditional manual identification
and the main machine learning-based identification methods have low efficiency and accuracy,
heavily rely on manual feature extraction, and are subject to numerous external interference fac-
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tors. The deep learning-based identification technology for farmland pests, leveraging the powerful
feature extraction capability of the backbone network, has become the mainstream technology for
farmland pest identification. The analysis and processing of data sets, the selection and improve-
ment of classic algorithm models, the optimization direction of algorithms, and the application
practice in different dimensions scenarios drive the development of farmland pest image recogni-
tion algorithms. Comparisons can also be made between the performance differences of CNN, Trans-
former, and lightweight models, analyzing the challenges such as small samples, actual complex
backgrounds, and model deployment, and presenting the trend of multi-modal and large-model ad-
aptation development, providing references for the further development of farmland pest image
recognition algorithms.
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Figure 1. Example of original pest images from the TDA dataset
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Figure 2. Schematic diagram of patch cropping from the original TDA dataset image
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