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Abstract

As an important food crop, soybean is in great demand in the global market. Gray spot of soybean
seriously restricts the quality and high yield of soybean, so it is of great significance to identify gray
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spot quickly and accurately for soybean planting. Current deep learn-based methods for soybean
gray spot recognition have limitations, including specific requirements for input image size, inade-
quate accuracy, and slow calculation due to the large number of model parameters. To solve these
problems, an improved VGG16 image recognition method is proposed in this paper. The method is
optimized based on the VGG16 model, retains the three-layer convolutional layer structure, and in-
tegrates the Inception module. Each Inception module consists of three parallel branches: a1 x 1
convolutional layer for dimensionality reduction, a 1 x 1 convolutional layer followed by a 3 x 3
convolutional layer for feature extraction, and a 3 x 3 maximum pooling layer followed by a1 x 1
convolutional layer for aggregation of spatial information. In addition, the global average pooling
layer is used to replace the traditional fully connected layer, which reduces the model complexity
and improves the computational efficiency. The experimental results show that the structure not
only eases the limit on the input image size, but also significantly reduces the model parameters,
making the number of parameters only 1.5% of the traditional VGG16, and the model accuracy
reaches 99.1%.
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Figure 1. Distinctive features of normal versus gray spot-affected soybean leaves
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Figure 2. Manifestations of gray spot of soybean on foliar tissue
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Figure 3. Morphological characteristics of healthy soybean leaves
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Figure 4. Visualizing the operation of maximum pooling in CNNs
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Figure 5. Visualizing the operation of average pooling in CNNs
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Figure 6. Schematic representation of the VGG16 Neural network model
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Figure 7. Schematic representation of the improved VGG16 neural network model
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Figure 8. Flowchart of the deep learning model training procedure
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Table 1. Comparative analysis of classification accuracy and model parameters

= 1 DREHESRES MRS

HERfI K24
VGG16 98.3% 134281029
VGG16withinception 99.1% 2072258
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Figure 9. Dynamic changes in loss function throughout the training phase
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Figure 10. Normalized confusion matrix for model performance evaluation
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