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Droplet Segmentation Method Based on Improved U-Net Network

GAO Xin-yue' and TTAN Han-min'**
1 School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300401, China

2 Tianjin Key Laboratory of Electronic Materials and Devices, Tianjin 300401 ,China

Abstract The accurate segmentation of liquid drop image is an important part of high precision contact Angle measurement. Ai-
ming at the problems of inaccurate target,incomplete contour,and poor effect of solid-liquid-vapor intersection and boundary de-
tails in the process of liquid drop segmentation,a neural network model suitable for liquid drop segmentation is proposed. The
model is based on U-Net network,and a 1X1 convolution layer is added at its input to summarize image features to avoid losing
information from the initial image. Resnet18 structure is used as the feature learning encoder of U-Net to enhance the expression
ability of the network and promote the propagation of gradient. The feature fusion technology of dense connection is added in the
decoding process,which improves the detail information of segmented target and reduces the network parameters. Finally,a batch
normalization operation is added after each convolution layer to further optimize the network performance. Experimental results
show that the improved U-Net model can effectively improve the accuracy of droplet identification and segmentation effect,and
has a certain reference value in the field of contact Angle measurement.

Keywords Droplet segmentation, U-Net,ResNet,Feature fusion,Contact angle measurement
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Fig. 1 Encoder feature extraction module
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Fig. 3 Decoder feature fusion module
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Table 1 Encoder convolution parameter setting

Layer Filters kernel_size Strides
Input 1X1 32 1
Resblockl 3X3 64 1
Pooll 2X2 — 2
Resblock?2 3X3 128 1
Pool2 2X2 — 2
Resblock3 3X3 256 1
Pool3 2X2 2
Resblock4 3X3 512 1
Poold 2X2 — 2
Resblock5 3X3 1024 1
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Table 2 Decoder convolution parameter setting

Layer Filters kernel_size Strides

Upconvl 2X2 512 2
1X1 256 1

Denseblockl
3X3 512 1
Upconv2 2X2 256 2
1X1 128 1

Denseblock2
3X3 256 1
Upconv3 2X2 128 2
1X1 64 1

Denseblock3
3X3 128 1
Upconvid 2X2 64 2
1X1 32 1

Denseblock4
3X3 64 1
Softmax 1X1 2 1
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Fig. 7 Droplet image segmentation results
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Fig. 8 Droplet-free image segmentation results
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Table 3 Segmentation effect of each algorithm compared

Fl 10U
GrabCut 0.8857 0.8131
SegNet 0.9695 0.9520
U-Net 0.9830 0.9671
R H % 0.9903 0.9812
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Fig. 9 Comparison of segmentation results of large droplet images

by different algorithms
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Fig. 10 Comparison of segmentation results of small droplet images
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Table 4 Comparison of segmentation effect of each module in

the improved algorithm

F1 10U

U-Net 0.9830  0.9671
U-Net+BN  0.9837  0.9675
Dense-Unet 0.9859 0.9726
Res-Unet 0.9868 0.9742
RXH* 0.9903  0.9812
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Fig. 11

Segmentation results of inferior droplet images compared

by each module in the improved algorithm
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