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Classification of Complex Background Plant Leaf Images Combined

with High-Level Information Enhancement Module

You Zitong,Wu Fuming,Zhao Miao, Ye Ning
(College of Information Science and Technology, Nanjing Forestry University , Nanjing 210037, China)

Abstract: Plant leaves play an essential role in the study of plant species discrimination and cognition. This paper proposes
a high-level information enhancement module that fully extracts the feature information of plant leaves,and uses the convo-
lutional neural network containing this module to extract the features of plant leaf images from multiple receptive fields. The
experiment takes the plant leaf images in complex background as the research object,and plant leaf images from different
sample sources are obtained from Plant Photo Bank of China ( PPBC). These images constitute the PLD_amp data set
containing nine kinds of leaves. The techniques of adding Gaussian noise and data augmentation are used to smooth and
expand the data set,thereby enhancing the data set’s operability. The CNN model’s best classification accuracy with a high-
order information enhancement module proposed in this paper for plant leaf image classification in complex backgrounds
reaches 88.7%. Compared with the existing traditional convolutional network, it has higher feasibility and classification
accuracy ,and it provides a new idea for plant leaf image recognition under complex background.
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Table 1 The size parameter of the convolution kernel used in the downsampling process

The number of the The size of the The size of the The size of the feature

convolutional layer feature map convolution kernel map after downsampling
down_sample_1 224x224x64 (2,2) 112x112x128
down_sample_2 112x112x128 (2,2) 56X56x256
down_sample_3 56x56%256 (2,2) 28%28x512
down_sample_4 28x28x512 (2,2) 14x14x512
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Fig.2 Convolutional neural network with the enhanced high-order information module
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Fig.4 Classification accuracy of the four models
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