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Classification of Maize Grain Varieties and Embryo Surface

Recognition Based on Deep Learning
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(1. Agricultural and Rural Service Center, Shangma Street, Chengyang District, (Qingdao 266102;
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Abstract: Classifying maize kernels and accurately identifying their embryo and non—embryo surfaces are not
only crucial for understanding the differences in yield and quality among varieties but also serve as a fundamental
prerequisite for achieving targeted and precise sowing. Traditional methods for maize kernel variety classification
and embryo surface identification require the extraction of numerous features, which have inherent flaws such as
high subjectivity and insufficient generalization capabilities. This paper employs deep learning technology, utilizing
pre—trained models for classification and identification. Initially, images of the embryo and non—embryo surfaces of
maize kernels from seven varieties, obtained via a scanner, are preprocessed through image segmentation. Then,
three classification strategies are used to construct maize variety classification datasets and perform classification.
The strategy with the highest classification accuracy, shortest training time, and most streamlined workflow was se-
lected as the optimal approach, ultimately achieving a classification accuracy of 96%. Experimental results demon-
strate that the classification strategy proposed can precisely classify maize kernel varieties and identify embryo sur-
faces.
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Table 1  Experimental materials for maize variety identification
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Fig.1 Scanning and non—scanning images of maize seeds
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Fig.2  The workflow of maize image segmentation
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Fig.3 Single image of maize kernel
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Table 2 Core parameters of three CNNs
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Table 3 Three classification strategies
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Table 4  Accuracy of embryo and non—embryo

surface classification %
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Fig.5 Classification results of embryo surface dataset and non—embryo surface dataset
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Fig.6  Comparison of results between strategy two and strategy three
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Fig.9 ROC curve of model test results
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