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Abstract

Due to the complexity of the background in which the flowers are located and the similarity be-
tween their own categories, the traditional method of manually extracting features for image rec-
ognition cannot solve its recognition problem well. With the development and progress of science
and technology, deep learning has gradually stepped into the image recognition problem and
achieved good results. This paper proposes a flower image recognition model based on convolu-
tional neural network for the defects of more parameters, long training time and slow conver-
gence of the mainstream convolutional neural network with deeper depth. The model is con-
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structed by drawing on LeNet-5 network, using Dropout and Adam optimization algorithms to re-
duce overfitting and accelerate network convergence. Finally, after training on the self-constructed
dataset, the accuracy of the test set reaches 92.76%. The experimental results show that the me-
thod proposed in this paper is characterized by fast convergence speed and high recognition ac-
curacy.
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Figure 1. LeNet-5 network structure
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Figure 2. Network model structure
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Figure 3. Selected images after data enhancement
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Figure 4. Accuracy plots of the training and validation sets before modification
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Figure 5. Accuracy graphs of the modified training and validation sets
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Figure 6. Loss value plots for the modified training and validation sets
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Figure 7. Images of various types of flowers (entered in order)
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Figure 8. Various flower test results
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Table 1. Comparison of network parameters
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