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A Plant Image Segmentation Algorithm Based on

Improved U-Net

ZHAO Yan-jie, GUO Xiao-li, Liu Yang, NA Xi-tali,
ZHANG Ming-zi, QIN Wen-giang

(College of Electronic Information Engineering, Inner Mongolia University of China, Hohhot, 010021, China)

Abstract: Image segmentation technology is an important step in image analysis. In this paper, a
multi-scale Res-Att-Unet model is proposed to achieve autonomous plant image segmentation in
order to solve the problems of insufficient multi-scale and ideal data of plant images collected in
the field. Model in the contraction of U-Net network with multi-scale mechanism, increase the
corresponding figure for deep Label supervision, and in the expansion of the network model part
to join the dual channel attention mechanism, inhibition of irrelevant information expression, in
addition the new residual blocks in each layer make the model can extract more abundant image
information, the experiments show that good segmentation results are achieved in both

flower-shaped images and leaf-shaped images.

Key words: image segmentation; U-Net; residual network; attentional mechanism
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