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A Recognition Algorithm of Flower Based on Convolution
Neural Network with ReLU Function

GUO Zi-yan SHU Xin LIU Chang-yan LI Lei
( Nanjing University of Posts and Telecommunications Nanjing 210023 China)

Abstract: There is less work on flower recognition presently and in the existing experiments the recognition accuracy and recognition
calculation speed are low so it is needed to improve the algorithm and experimental results. Convolution neural network has robustness in
various external factors ( illumination rotation occlusion etc.) and great advantages in image recognition which can be selected for rec—
ognition of flower.In traditional convolution neural network the Sigmoid function is normally used as the activation function but it needs
to be pre—trained otherwise there will exist the problem of gradient vanishing and not converging.ReLU function which is a kind of ap-
proximate biological nerve activation function is applied to improve the effect and speed of machine learning and achieves the 92.5% rec—
ognition accuracy finally.
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