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Deep learning has been recently becoming research hotspot in the field of image recognition. In this
study, plant leaf images were used as recognition objects. Plant leaf images were divided into single and
complex background and were treated by using image segmentation method. We design a deep learning
system which includes eight layers of Convolution Neural Network ( CNNs) to identify leaf images. And
then the deep learning system was tested with 33 293 leaf sample images which come from P1@ antNet
libraries and our extending leaf libraries for image training and recognition. Compared with the traditional
identification methods, the classifier provided in this paper has achieved better recognition effect. For
CNN + SVM and CNN + Softmax recognition system, the simple background leaf recognition rate reaches
91.11% and 90.90% , and the recognition rate of complex background reaches 34.38% . The system
has higher recognition rate for the large amount of leaf images with no more optimization, and has a higher
recognition rate especially for the recognition of complex background images.

Key words plant recognition; leaf image; feature extraction; SVM; deep learning
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Fig. 1  Single background leaf picture (left) and segmentation image ( right)
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Fig.2  Processing of region of interest (ROI) segmentation
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