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Deep Feature Learning and Feature Clustering of Streamlines in 3D Flow Fields

CHEN Jie,JIN Linjiang,ZHENG Hongbo and QIN Xujia

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract  Flow field visualization refers to converting data of fluid motion into visual forms for better understanding and analysis
of flow in the field. Using streamlines for flow field visualization is currently the most popular method. This paper proposes a
method for learning and clustering 3D flow field streamline features. Firstly, a convolutional autoencoder-based method is de-
signed to extract streamline features. The autoencoder in this method consists of an encoder and a decoder. The encoder uses con-
volutional layers to reduce the dimensions of input streamlines to extract features,while the decoder uses transpose convolution to
upsample the streamline features to restore the streamlines. By continuously reducing the difference between input and restored
streamlines through training,the encoder can extract more accurate streamline features. Secondly, this paper improves the CFS-
FDP(clustering by fast search and find of density peaks) algorithm for clustering streamline features. To address the issue of
manually selecting cluster centers and the problem of sensitivity to distance parameters in the CFSFDP algorithm., this paper im-
proves its metric calculation method, realizes automatic selection of cluster centers,and introduces adaptive calculation of trunca-
tion distance parameters using Gaussian kernel density estimation. Experimental results show that this method has good perfor-
mance in learning streamline features and clustering.

Keywords Flow field visualization, Streamline feature,Convolutional autoencoder,Clustering
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Table 2 Time consumption of clustering algorithms

. o TRRNER  GHAERBEE
BER  RAK RHRA/ W W /s b8 /s
Tornado 6974 464,12 456.73 3.94
Cylinder 11655 929.16 909. 07 11.16
Ctbl3d 8435 646.97 636.54 6.21
Tangaroa 13559 1073.88 1052.61 11.82
Func 7062 383. 45 375.76 4,50
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Table 3 PSNR of different key streamline selection methods
B /fff% xusr VLT FowNe ko
Tornado 96 17.242 17.677 17. 88 18.209
Cylinder 133 4.778 6.532 6.641 6.599
Ctbl3d 201 24.634 25.176 25.301 25.762
Tangaroa 165 4.329 10. 676 11. 86 13.293
Func 159 7.642 10. 666 15.751 16.948

4 AR SCHER L BUT i #) AAD

Table 4 AAD of different key streamline selection methods

Yok ii;ﬁ% Xu t 77 % ;“;;f FlowNet & X  #
Tornado 96 0.2400 0.2370 0.2450 0.2310
Cylinder 133 0.4850 0.2540 0.2540 0.2530

Ctbl3d 201 0.5570 0.5570 0.5570 0.5570
Tangaroa 165 0.4010 0.0210 0.0019 0.0021

Func 159 0.3090 0.0747 0.0694 0.0692
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Table 5 Comparison of runtime between FlowNet and our method
B R HERFTE D
HEE WA E

EEEE T HlowNet  Ax 7k
Tornado 6974 3375 145
Cylinder 11655 5669 214
Ctbl3d 8435 3876 145
Tangaroa 13559 6562 226
Func 7062 3420 139
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Table 6 PSNR of different key streamline selection methods
#AE & AEHE Xu# 7k Yusoll 8977 % FlowNet ~ AE+DBSCAN K X7 %
Tornado 40 15.534 15.565 17.216 17.097 16.716
Cylinder 69 4.773 5.266 6.292 6.286 6.286
Ctbl3d 201 24.634 25.176 25.301 25.762 25.248
Tangaroa 165 4.329 10. 676 11.862 13.293 13.959
Func 215 7.668 11.030 17.475 18.653 19.536
£ 7 AFESCHMLIERITERN AAD
Table 7 AAD of different key streamline selection methods
#AE & AAEHE  Xu# 7k Yusofl 877 % FlowNet ~ AE+DBSCAN K X7 %
Tornado 40 0.267 0.267 0.2550 0.256 0.2450
Cylinder 69 0.492 0. 380 0.2780 0.274 0.2720
Tangaroa 165 0.401 0.021 0.0194 0.021 0.0197
Func 215 0. 304 0.071 0.0690 0.068 0.0680
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