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Flower Recognition Based on Improved ResNet18 Network Model
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Abstract ; Flower recognition has important application and research value in life. At present,the traditional flower recognition methods
select multiple features manually for classification, which has some problems, such as low recognition accuracy, weak generalization
ability and long classification time. Due to the similarity between different flowers,by randomly changing each picture and enhancing the
data set,taking flowers as the research object,a flower recognition method based on ResNetl8 network model optimization is proposed.
The basic convolution of residual blocks in ResNet18 network model is replaced by void convolution,and more detailed features of flower
pictures are extracted to achieve high precision. Then, after each residual block, an improved channel attention mechanism is added to
optimize the network weight, and an improved ResNetl8 network model is constructed. The experiment is simulated on Oxford 102
Flowers data set. The experimental results show that the accuracy of ResNet network model is higher than that of basic AlexNet and VGG-
16 network models on Oxford 102 Flowers data set. The recognition accuracy of the improved ResNet network model can be as high as
97.78% ,which is 3. 11 percentage points higher than the model using only hole convolution and 4. 45 percentage points higher than the
original model. The generalization and fitting ability of the improved ResNet18 network model in flower recognition are significantly im-
proved.
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