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Abstract

In this paper, we propose a network model composed of Multi path Encoder-Decoder branches that can recognize
each instance from the image. The network has two branches, Dot branch and Segmentation branch for finding
the center point of each instance and for recognizing area of the instance, respectively. In the experiment, the
CVPPP dataset was studied to distinguish leaves from each other, and the center point detection branch(Dot
branch) found the center points of each leaf, and the object segmentation branch(Segmentation branch) finally
predicted the pixel area of each leaf corresponding to each center point. In the existing segmentation methods, there
were problems of finding various sizes and positions of anchor boxes (N > 1k) for checking objects. Also, there
were difficulties of estimating the number of undefined instances per image. In the proposed network, an effective
method finding instances based on their center points is proposed.
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Algorithm Sequence of training branch

Input: RGB image

Outputl: Gray-Scale center point marked image (hypotheses)
Output2: segmentation of specific instance based on center
point (hypotheses)

Labell: Gray-Scale center point marked image

Label2: segmentation of specific instance based on center
point

initialize variables
for epoch do
while remain center points > 0
output] < Train ‘Dot branch’ using {input, labell}
output2 < Train ‘Segmentation branch’
using {outputl, Dot branch middle feature map, label2}
save model
end for
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