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Abstract: In industry, the molten steel in working pool and surface slag are partially overlapped and the boundary

is unclear, which makes it difficult to visually differentiate them. Aiming at this problem, the paper proposes a zinc slag

recognition and segmentation method ‘based on U-Net (U-shaped Neural Network). Firstly, the working pool images

collected by industrial camera aféssmoothed and blurred by grayscale processing and average filtering. Then, perfect U-Net

is used for contour extraction.\Next, the obtained images are binarized. Finally, the result is obtained and analyzed by the

built-in function of OpenCV, (Computer Vision). The experimental results show that this zinc slag recognition method based

on U-Net can accurately and quickly distinguish molten steel from surface zinc slag, as well as reduce errors in manual

experience.
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2 BKiIZiTE&Z(Overall design route)
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Fig.1 Overall design roadmap

3 HIEAEZMTAIE(Data preparation and

preprocessing)
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Fig.2 Image processing effect
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Fig.3 Result of contour detection
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Fig.4 Binary picture
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Fig.5 Hole filling
4 U-Netp4& %A% i1 (Design of U-Net network
model)
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Fig.6 Structure diagram of U—Net network
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Tab.1 Model training parameters

e U&Net
Resolution 50128 <505 %
images_train 835 000
batch_size 1
epochs 6
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Fig.7 Algorithm process
5 LHERS5 ST (Experimental results and
analysis)
BEA TAEM AR R B U —Net B RUE i 52 e, i E AR
WA EALTE RS T AN LR, TR B AR E RN,

— R — — &K

F2 XRFEMREER

Tab.2 Configuration table of experimental platform

B [
CPU Intel(R) Core(TM) i7—8750H
GPU NVIDIA GeForce GTX1060
ERRIERS Windows 10
RS HESE TensorFlow
CUDAMA 9.2
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Fig.8 Recognition accuracy of training set
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Fig.9 Loss function of training set
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Fig.10 Accuracy contrast between training data set and
test data set
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Fig.11 Segmentation results
6 #5it(Conclusion)
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