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Graph-UNet for material image segmentation
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Hangzhou 311100, China)

Abstract: Image segmentation of small sample material is one of the difficulties in the field of image segmentation. Most of
the microstructure of material image has the characteristics of different shape, complex texture and fuzzy boundary, which
will lead to the inaccurate segmentation of material image. Graph-UNet is proposed to integrate UNet and Graph convolutional
neural network to solve the challenge of automatic image segmentation of small sample materials. The model transferred the
idea of multi-dimensional feature fusion and jump connection from convolutional neural network to graph convolutional
neural network. The model realizes the effective combination of graph convolution and graph attention. A universal module
is established to convert feature graph and graph structure to each other. The comparison and ablation experiments on material
image data sets prove that Graph-UNet segmentation results are superior to many advanced methods and can accurately
identify multiple material structures, which promotes the development of exploring the relationship between material structure
and properties.
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Fig. 3 The multi-attentional mechanism of graph attention
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Tab. 2 Comparative variety trial
Methods spheroidite ~ wood pearlitel  pearlite2 aver.

41.5487  88.4293 323180  58.7838  55.2700
91.8501 63.6468 58.7721 35.0380  62.3268
94.3108 88.3342  92.4786 88.1496  90.8183
95.6969  89.3567  93.7345 91.6389  92.6068
wi2l 96.1455 89.9543 94.1003 91.4282 929071
94.0800  89.0585 93.3075 91.3135  91.9399
83.2993 88.2415 85.8098 87.0114  86.0905
91.9393  91.2300  94.8990  89.8639  91.9831
92.8708 89.2140 93.6977 87.5113  90.8235
R approach  96.9200  90.3073 94.6179  91.5946  93.3600
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Tab. 3 Comparative experiments of different backbone networks

Methods spheroidite =~ wood  pearlitel pearlite2  Mean

95.0883 88.0642 92.6186 90.5320 91.5758

R34-UNet-MGAM  95.4993 88.5567 93.6210 91.0782 92.1888
94.1122 88.8613  93.4565 90.9899 91.8550

R34-FCN-MGAM  95.5784 89.5392 94.0044 91.1701 92.5730
96.1455 89.9543  94.1003 91.4282 92.9071

UNett++-MGAM  96.5721 90.0362  94.1026 91.4533 93.0411
95.6969 89.3567 93.7345 91.6389 92.6068

A3 approach 96.9200  90.3073 94.6179 91.5946 93.3600
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Tab. 4 A comparative experiment of different attention methods

Methods spheroidite wood pearlitel  pearlite2 Mean
93.4806 88.3570  93.1956  89.8086  91.2105
96.3472 88.2062 933316  90.3746  92.0649
96.3901 88.3589  94.5993 90.9791  92.5819
95.8607 88.4541  92.0037 88.0546  91.0933
94.6511 89.4653  93.9191 90.2729  92.0771
AL approach  96.9200 90.3073  94.6179  91.5946  93.3600
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Fig. 5 Structure of different graph convolution modules
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Tab. 5 Ablation experiments

(e) MCAM

Methods spheroidite wood pearlitel  pearlite2
UNet+GCN 96.2792 89.1921 94.2530  90.0736
UNet+GAT 92.6897 88.3697 939177  92.3606

UNettMGCM 95.8542 90.1897  94.5596  90.2766
UNet+tMGAM-a 96.4528 89.8272  93.8442  89.9251
A approach 96.9200 90.3073  94.6179  91.5946
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