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[ Abstract] The research on 2-Dimensional (2D) obstacle flow fields primarily employs numerical computations to
simulate fluid motion. Factors such as mesh granularity in the model, solver algorithms, and boundary conditions
significantly affect the accuracy of the computational results, as well as the computational resources and time
required. Deep learning models trained on flow field data can be utilized for rapid prediction and inference tasks in
real-time or large-scale flow fields, thereby substantially reducing computational costs. However, when predicting
2D flow fields, existing deep learning.models require the resampling of flow field data to satisfy convolutional
operation requirements, transforming originally unevenly distributed meshes into uniformly distributed meshes.
This process results in feature loss, which significantly affects prediction accuracy. To address this issue, a
convolutional neural network model called CAM-UNet with dynamic geometric adaptability is proposed. A Content-
Aware Mixer (CAMixer) module is employed to enhance the dynamic adaptability of the U-Net model to geometric
shapes and improve the flow field prediction accuracy in mesh point regions affected by resampling. Additionally, a
module with gating units capable of effectively integrating the spatial and channel features of the data is designed.
Based on this module, the skip connection structure of the U-Net model is reconstructed to further enhance its
feature representation capability. Experiments reveal that this model shows improvement in terms of learning the
nonlinear representations between the input data of 2D obstacle flow fields and the fluid velocities in the x and y
directions, significantly reducing prediction errors in the horizontal velocity for regions with complex flow
phenomena.
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Fig.1 Schematic diagram of resampling in
the airfoil flow field
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Fig.2 The overall structure of the model
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Fig.3 Schematic diagram of deformable convolution
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%1 CAM-UNet W% E&EH

Table 1 CAM-UNet network layer structure

B JEET ARG RS
Conv2D,K =5,Str 3 1,Pad 7 2 NXHXW MXHXW
Encoder Block Conv2D, K =5,Str y 1,Pad Jy 2 MXHXW MXHXW
Conv2D,K =5,Str 3y 1,Pad J 2 MXHXW MXHXW
ConvTransPose2D, K =5,Str 2 1,Pad i 2 NXHXW M X HXW
Decoder Block ConvTransPose2D, K =5,Str Jy 1,Pad J 2 MXHXW MXHXW
ConvTransPose2D, K =5,Str & 1,Pad i 2 MXHXW CXHXW
DeformableConv 3XHXW IXHXW
CAMixer 3XHXW 13X HXW
Conv2D,K=1,Str & 1,Pad y 0 16 X HXW IXHXW
Encoder Block 1,N=3,M=38 3XHXW X HXW
Encoder MaxPool, K =2, Str 3 2 §X HXW 8X H/2XW/2
Encoder Block 2, N=8, M =16 8XH/2XW/2 16X H/2XW/2
MaxPool, K =2,Str Jy 2 16X/H /2XW /2 16X H/4XW /4
Encoder Block 3, N=16,M =32 16X H/4XW /4 32X H/4XW/4
MaxPool ,K =2, Str Jy 2 32X H/AXW /4 32X H/8XW/8
Encoder Block 4, N =32,M =32 32X H/8XW/8 32X H/8XW/8
Decoder Block 1,N=64,M=32,C=32 64X H/8XW/8 32X H/8XW/8
MaxUnPool, K =2, Str Jy 2 32X H/8XW/8 32X H/4XW/4
GSC 32X H /AXW/4 32X H/4XW /4
Decoder Block 2, N=64,M=32,C=16 64X H/AXW /4 16X H/4X W /4
Decoder X 3 MaxUnPool, K =2, Str 3.2 16X H/4XW /4 16X H/2XW/2
Decoder Block 3,N=32,M=16,C=8 32X H/2XW/2 SXH/2XW/2
MaxUnPool, K =2, Str % 2 8XH/2XW/2 8X HXW
GSO §X HXW 8X HXW
Decoder Block 4, N=16,M=8,C=1 16X HXW 1X HXW

*2 ERNZESHERE

Table 2 Configuration of model training parameters

[T 2 DeepCFD AR SRR
Learning Rate 0. 001 0. 001
Batch Size 64 64

Optimizer AdamW AdamW
weight_decay 0. 005 0. 005
Epoch 1 000 1000
T max — 1 000
eta_min — 0
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Fig.4 The shape of input data and output data
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Table 3 Comparative analysis

of this model with other models

MSE

Hia
U, U, P Total

AE-1 2,151 340, 168 8 0. 627 040, 061 1 1. 719 80, 005 2 4,498 140,175 3

AE-3 1.785 4+0.117 5 0.295 640.004 5 1.212 5+0. 015 0 3.293 540.117 1

UNet-1 1.116 9+0. 139 3 0.332 640.012 1 1. 470 8+0. 004 5 2.920 3+0.152 0

DeepCFD 0.773 040. 089 7 0.215 340.018 6 1.042 0+0.043 1 2.030 3£0.136 0

CAM-UNet 0. 646 440. 058 0 0. 187 640.005 8 1. 000 2+0. 008 7 1. 834 1+0. 066 3
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Table 4 Comparison of predictive abilities

between two models

" MSE
A b
U, U, P Total
1 0.748 828 0.206 861 1.015464 1,971 153
/ 1~ I~
DeepCED 2 0.724 492 0.196 051 0.996 810 1.917 353
3 0.682 873 0.190 644 1. 000 392 1.873 909
SEXIME 0.718 731 0.197 852 /1. 004 222 1. 920 805
1 0. 654 873 0.185 328 1.003 104 1. 843 305
2 0.633 573 0.185 894 0.989 072 1. 808 539
CAM-UNet 3 0.630°959 0,185 950 1.011 850 1.828 759
4 0.736 196 0,197 640 1.002 274 1.936 110
5 0.576 391 0.183 023 0.994 546 1.753 960
SEI{E 0. 646 398 0.187 567 1.000 169 1.834 134
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Fig.5 Distribution of absolute horizontal velocity error

between CAM-UNet and DeepCFD on the test set
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Table 5 Ablation experiment results
=0 CAM-UNet Bk GSC F:Bk CAMixer

U, MSE 0,646 4£0.058 0 0.680 940.049 8 0. 653 0=£0. 021 4

U, MSE 0. 187 6+0.0058 0.2022+0.016 7 0.195 040. 005 8
P MSE 1.000240.008 7 1.006 2£0.014 4 1.007 940. 009 6
Total MSE 1. 834 14-0. 066 3 1. 889 320. 062 8 1. 855 94-0. 017 2
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Fig.6 Prediction results of square obstacle flow field
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Fig.7 Absolute error of prediction for square obstacle flow field
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Fig.8 Prediction results of circular obstacle flow field

60
u = 40
20
| S e ¥
0 20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
x x
0.0025  0.0075 0.0125 0.0175 00025  0.0075 0.0125 0.0175
60
40
u =
20
0 20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
x x
0.002 0.004 0006 0.008 0.010 0.012 0.002 0.004 0.006 0.008 0.010 0.012

60 60

a‘;ﬂ
20

P %
20

0 20 40 60 80 100 120 140 160

0 20 40 60 80 100 120 140 160
x x

00025 00075 00125 00175 00025 00075 00125 0.0175
(a)DeepCFD Error (b)CAM-UNet Error

B9 BEEERYRHTRNNETRE
Fig.9 Absolute error of prediction for circular obstacle flow field
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Fig.10 Prediction results of diamond-shaped obstacle flow field
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Fig.11 Absolute error of prediction for the diamond-shaped obstacle flow field
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Fig.12 Correlation analysis between prediction results of square obstacle flow field and actual CFD values
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Fig.13 Correlation analysis between predicted results of circular obstacle flow field and actual CFD values
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