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Linear stability analysis based on neural network

ZHANG Ershuai, LIU Jianxin’, HUANG Zhangfeng
(School of Mechanical Engineering, Tianjin University, Tianjin 300072, China)

Abstract: The ¢" method, which has been widely used for predicting boundary-layer transition, necessitates
a meticulous search for unstable modes by solving a large number of local boundary-layer stability problems, a
process that can be very time-consuming. This paper proposes a novel neural network-based linear stability
analysis (NN-LSA) method, that leverages convolutional neural networks to generate an initial guess of the
frequency (w), spanwise and streamwise wave numbers (8 and a;), and growth rate (0-max ) of the most unstable
mode. Subsequently, the actual values are iteratively calculated based on this initial guess. The neural network
model is trained using a flat plate dataset and the accuracy and computational efficiency of NN-LSA are
validated by both flat plate and sharp cone test cases. The results demonstrate that the unstable wave parameters
of NN are good agreement with linear stability theory. The LSA component, based on the predicted values
provided by NN, can iteratively caculate the most unstable waves. Moreover, the computational time of the NN-
LSA method is approximately 20 to 50 times lower than global search method, significantly improving
computational efficiency and reducing the influence of human factors in the calculation process. The proposed
NN-LSA method enables automated analysis of the linear stability of boundary layer flows and shows promising
potential for practical applications.

Keywords: NN-LSA; convolutional neural network; ¢" method; transition prediction
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Fig.2 Schematic diagram of NN-LSA
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Fig. 5 Schematic architecture of the neural network in this paper
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Table 2 Hyperparameters of neural network

NN I £ 25 1) BESH
NN1 Cir: [3, 4,4] + Np: [244, 64, 64, 4] 4960
NN2 Ci:[3, 4, 4] + Np: [2+4, 64, 32, 4] 2 752

R R B BE A I 2R IR BU AR A 1] 6 BTk . A
HR] ], NN1 AT NN2 (453 2% o £ B I 25 80
NN T ZEHT AL /N, BF SR E] 107 LUR o AR SR
281 #4578 DA K I 2539585 Pytoreht™ HE4E 52 1% . 1 T
MCEE LSA I 4 AR 2 ] LI AN K fify 1) 32 AR 4 i gk
1T BB IE, AN T BEARUE B2 ) 25 Y A 5w FA Wi sk
R B, DRLRE 22 3 3 000 K I 25 11 NNT A NN2 1B
I AR AR Y

10°
10 1
ng
10’2 -
0 500 1000 1500 2000 2500 3000
Epoch
(a) NN1
10°
107"
o
1072
10,3 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000
Epoch
(b) NN2

6 NNI 71 NN2 foilil Rt 72
Fig. 6 Training process of NN1 and NN2
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Table 3 Freestream conditions of flat plate cases

Test Case H/ km Mae, T,/K m
Case 1 30 5 800 0
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Fig. 7 Comparison of o, f, a, and o,,,, predicted by NN-LSA and LST for flat plate
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