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U-Net + Traditional
Res-block 7.75 2.3 1.2
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U-Net + Res-block 2 4.97 1.9 1.0
U-Net + Res-block 1+
Res-block 2 4.84 1.9 0.9
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Table 3 Influence of Res-block 1 + Res-block 2 on the model

performance
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and driving mechanism of vegetation NDVI in Beibu Gulf of Guangxi from 2000 to 2015. The results showed
that: (1) The vegetation cover in the study area was in good condition from 2000 to 2015. The annual average
NDVT of vegetation was 0. 753, with more in summer and autumn,and less in spring and winter, showing a
slow upward trend. Vegetation cover type was mainly in the middle and high-level classification, the area pro-
portion was more than 60% ,and more distributed in alpine areas, medium and low-level vegetation cover type
accounted for small, mainly distributed in coastal areas. (2) There were obvious regional differences in the
stability of vegetation NDVI. The mean value of variation coefficient was 3. 9% ,and the proportion of varia-
tion stable area was 48. 55%. The coefficient of variation was 3. 9% in average; the area of variation stabiliza-
tion is 48.55% ,and the proportion of unstable area was 45. 34%. (3) Geodesy detector detection found that
temperature was the main explanatory factor of vegetation NDVI, and the explanatory force of human factors
fluctuated upward. The single-factor explanatory force could be enhanced after the interaction between the
two factors, there were linear and nonlinear synergistic effects. Different classifications in the same factor had
different effects on vegetation NDVI,and moderate classification range could promote the increase of vegeta-
tion NDVI.

Key words: Beibu Gulf of Guangxi,factor detection,NDVI, geographic detector,spatial-temporal evolution
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on U-Net and ResNet
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Abstract; Medical image segmentation is an important part of image processing. And the result of nuclei seg-
mentation is an important basis for cancer classification and grading by pathologists. Improving the accuracy
of segmentation has always been a hotspot in research. However, due to the fact that different nuclei in the
same organ may have different morphology,overlapping between cells and unclear cell boundaries,it is diffi-
cult to accurately segment the nuclear image. In order to improve the accuracy and precision of nucleus seg-
mentation of mutual contact and overlapping cell,a new model of nuclei segmentation network is proposed in
this article. In this model, the original cell graph is preprocessed with ZCA bleaching,and based on the classi-
cal U-Net network structure, the U-Net and ResNet residual modules are trained. The Batch Normalization
method is used to realize data normalization and solve the problem of gradient oscillation in the training
process. The experimental results on MoNuSeg and ISBI2018 cell data sets show that the segmentation accu-
racy of the model proposed in this article is high. Meanwhile, the cells separated do not show large area of nu-
clear adhesion,and the nuclear contour is clearer. The segmentation network proposed in this article is based
on the classical U-Net network structure,and the ResNet residual module is constructed to extract the con-
text features of the nucleus. At the same time,Batch Normalization is used in the residual module to make the
gradient transmission more convenient and reduce the training time. Moreover,it has the ability of precise po-
sitioning and accurate segmentation when segmenting the nuclei contacted to each other,which is an effective
method of nuclei segmentation.

Key words: nuclei segmentation,residual network, U-Net,deep learning,convolution network
TAE R K




