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Abstract11

Deep neural networks incorporating an AutoEncoder architecture are applied to12

compression ramp flow with shock-wave/boundary-layer interaction. This study13

aims to demonstrate how the fusion of aerodynamic data distributed over the com-14

pression ramp surface enables global stability predictions of compression ramp15

flow using high-fidelity data from small datasets, thereby significantly reducing16

data acquisition costs. The deep learning model is trained on direct numerical17

simulations (DNS) of supersonic to hypersonic compression ramp flows, with18

global stability assessed using global stability analysis (GSA). The predictions19

agree well with experimental data and numerical simulations across a wide range20

of freestream Mach numbers, Reynolds number, far field flow temperature, ramp21

angle of the geometry and wall temperature ratio. Furthermore, by leveraging22

feature extraction techniques to train the model on a limited set of critical data23

points, the results remain highly accurate. This highlights an effective approach24

for optimizing sensor quantity and placement to evaluate the global stability of25
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flows.26
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1. Introduction29

Hypersonic vehicles possess a significant application value due to their high30

speed, strong maneuverability, ultra-long range, and rapid response characteristics31

[1]. Therefore, they have become a research hotspot in the aerospace field world-32

wide [2]. However, as a high-dynamic, strongly coupled, rapidly varying, and33

uncertain multi-variable nonlinear system [3], accurately assessing and predict-34

ing the aerodynamic performance of hypersonic vehicles is a key challenge [4].35

As a fundamental geometric feature widely applied in components of hypersonic36

vehicles such as wings, engine inlets, and junctions, compression ramps often37

involve flows accompanied by shock wave/boundary layer interactions (SWBLI)38

[5], and several experiments [6, 7, 8, 9, 10] have been conducted to study them.39

As shown in Figure 1, the separated flow induced by shock waves interacts with40

the upstream laminar flow, being highly sensitive to upstream disturbances and ca-41

pable of supporting self-sustaining global instabilities [11]. Downstream of flow

separation shock

reattachment shock

separation bubble

Figure 1: Schematic of the supersonic/hypersonic flow features over a compression ramp.

42
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reattachment, streamwise stripes are often observed, leading to a significant in-43

crease in peak heating and a strong lateral variation of flow feature that promote44

boundary layer transition downstream of reattachment [12].45

When considering laminar interactions, the dynamics of shock wave/laminar46

boundary layer interaction (SLBLI) system can be viewed as an oscillator or a47

noise amplifier. For oscillator flows in SLBLI flows, the intrinsic mechanism has48

been observed . In these cases, Global Stability Analysis (GSA) and direct nu-49

merical simulation (DNS) have been utilized to investigate the evolution of the50

spanwise wavelength. A consistent linear growth rate was observed between the51

most unstable mode identified by GSA and the temporal DNS history of the phys-52

ical properties, indicating that the flow’s early-stage unsteadiness arises from in-53

trinsic global instability. In contrast, for noise-amplifier flows in SLBLI flows,54

external disturbances are amplified through convective mechanisms, as demon-55

strated by the resolvent analysis. The resolvent analysis reveals that the formation56

of streamwise streaks is a consequence of upstream disturbances being amplified.57

In the case of turbulent interactions, as the incoming turbulent boundary layer can58

be regarded as one type of external disturbance acting on the separation flow, it is59

believed that the the dynamics of the shock wave/turbulent boundary layer inter-60

action (STBLI) flows is in a convective way [13]. The corresponding separated61

shock waves often undergo oscillatory motions, with a fundamental frequency62

that is much lower than that of the energetic eddies in the incoming boundary63

layer [14]. This low-frequency, large-scale instability can have adverse effects64

on the vehicle’s structure and lead to a decline in performance [15]. Therefore,65

it is crucial to enhance the prediction of global instabilities in both laminar and66

turbulent SWBLI in order to better control the low-frequency unsteady motion of67
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the shock system and reduce the risk of performance degradation in hypersonic68

vehicles.69

Deep learning is widely used in engineering to create surrogate models that70

provide valuable insights and serve as cost-effective tools for optimization and71

interpretable AI [16, 17, 18]. Its application in aerospace has led to significant72

performance improvements [19]. In addition, it has been investigated that the use73

of the deep learning method for the reconstruction of pressure fluctuations in su-74

personic excitation boundary layer interactions [20]. Surrogate models based on75

deep learning can also improve predictions of global instabilities in compression76

ramps. However, their accuracy depends on the quality and amount of expensive77

data, such as DNS [21]. High data costs can limit model accuracy. This paper78

focuses on using a small high-fidelity dataset to predict global stability of com-79

pression corner flow, reducing reliance on large datasets. Several branches of deep80

learning have begun to address this issue. These efforts have varied from prob-81

abilistic models which provide uncertainty estimations [22], white-box models82

[23], physics-based deep learning [24, 25, 26], and transfer learning [27]. Re-83

cently, the fields of data fusion have significantly influenced the development of84

efficient and accurate surrogate models under limited data conditions [28, 29].85

They are capable of identifying and integrating data from different sources or het-86

erogeneous data from the same source. Therefore, through data fusion, different87

aerodynamic data can work closely together and complement each other, forming88

a closed loop that enhances the quality and efficiency of aerodynamic research89

while broadening its applicability [30].90

He et al. [31] used deep neural networks (DNN) to combine multi-fidelity91

aerodynamic data, producing more high-quality data at lower cost. They found92
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that compared to traditional Kriging methods, DNN-based fusion works better for93

high-dimensional or large-scale data. Li et al. [32] developed a multi-fidelity94

DNN model using a large amount of low-fidelity data and a small amount of95

high-fidelity data, which predicted surface pressure on transonic wings more ac-96

curately than single-fidelity DNNs. Ning and Zhang [33] proposed MHA-Net, a97

method that fuses aerodynamic data from a single source by embedding reduced-98

dimensional features, improving model accuracy with small datasets. These stud-99

ies show that data fusion is a promising approach in data-driven aerodynamic100

modeling, helping to balance accuracy and data costs while advancing high-quality,101

cost-effective aerodynamic databases.102

This study aims to demonstrate how fusing distributed aerodynamic data over103

a compression ramp surface can facilitate high-fidelity data from a small dataset to104

predict the global stability of compression ramp flow, thereby significantly reduc-105

ing data acquisition costs. Although there have been some studies on data fusion106

using deep learning, there remains significant potential for exploration when com-107

bined with the current task:108

1. Current AI-based data fusion frameworks have mainly been used to predict109

aerodynamic forces on airfoils but have not yet been applied to global instability110

problems. While aerodynamic forces can be obtained from CFD or wind tunnel111

tests using simple geometric and flow parameters, predicting global instability re-112

quires analyzing the stability of small disturbances on a flow, which involves more113

complex, high-dimensional data. Also, existing frameworks focus on regression114

tasks for force prediction, whereas global instability prediction is a binary clas-115

sification problem. Our goal is to modify these AI frameworks to see if a small,116

high-quality dataset can accurately predict the global stability of compression cor-117
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ner flow. We will also check if the AI predictions match well with experimental118

data and simulations across various Mach numbers, flow temperatures, ramp an-119

gles, and other conditions.120

2. Previous data fusion frameworks have successfully combined overlooked121

distributed loads like airfoil surface pressure. For global flow instability over122

compression corners, two key distributed features are the skin friction coefficient123

and the surface pressure coefficient. We aim to find out which of these better124

improves instability prediction. Additionally, we will explore whether different125

types of distributed data have different impacts on prediction accuracy. From a126

data-driven perspective, we also want to see if the importance of these data types127

matches our physical understanding. If it does, we could choose which data to128

fuse based on physical knowledge instead of using all available data.129

3. Previous frameworks fused surface pressure data from the entire wing.130

Here, we want to see if using data from the whole compression ramp is necessary131

or if some data points are redundant. We will investigate whether similar predic-132

tion accuracy can be achieved using only a few key data locations, which would133

reduce the number of sensors and lower data collection costs. Additionally, we134

will check if the importance of these key locations matches our physical under-135

standing. If so, we can select important data points based on physical knowledge136

instead of using all data. This paper focuses on these questions to extend data fu-137

sion methods for predicting global flow instability in supersonic/hypersonic lam-138

inar SWBLI conditions.139

The structure of this paper is as follows:140

Section 2 introduces the data acquisition method and the DNN and AutoEncoder-141

based neural network (DA-Net) approach, outlining the components of DA-Net.142
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Section 3 tests DA-Net’s performance with small datasets, evaluates different143

aerodynamic data types for fusion, and uses feature extraction to select key data144

points. Section 4 discusses using physical prior knowledge in DA-Net and tests145

its ability to generalize. Section 5 summarizes the main findings.146

2. Dataset acquisition and Methodology147

2.1. Dataset acquisition148

The physical background of this study is the supersonic/hypersonic flow field149

and the data is obtained by numerical simulations using an in-house multi-block150

parallel finite-volume solver called PHAROS [34, 35], which have been validated151

before[11, 36]. The compressible Navier-Stokes equations for a calorically perfect152

gas in 2D is written in the following conservation form:153

∂U
∂ t

+
∂F
∂x

+
∂G
∂y

=
∂Fv

∂x
+

∂Gv

∂y
, (1)

where U = (ρ,ρu,ρv,ρe)T is the vector of conservative variables, while F and Fv154

denote the vectors of inviscid and viscous fluxes in the x direction, respectively,155

given by:156

F =


ρu

ρu2 + p

ρuv

(ρe+ p)u

 , Fv =


0

τxx

τxy

uτxx + vτxy −qx

 . (2)

The parameters G and Gv can be expressed analogously. Here, ρ stands for157

density, u and v are the flow velocities in the x and y directions, respectively, p158

stands for pressure, e is the total energy per unit mass, τi j is the shear stress tensor159

modelled under the assumptions of a Newtonian fluid and Stokes’ hypothesis,160
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and q is the heat conduction vector modelled by Fourier’s law. Furthermore, the161

dynamic viscosity is evaluated by Sutherland’s law. In our study, we focus on162

2-D laminar simulations since the 2-D separated flow can bifurcate into three-163

dimensionality due to intrinsic instability [11, 37, 38, 39, 40].164

As illustrated in Figure 2 [11], the geometry model consists of a flat plate165

with a length of L = 100 mm, followed by a ramp with various ramp angles.166

The free stream conditions encompass parameters such as the Mach number Ma,167

Reynolds number Re, far field flow temperature T∞; Ramp angle α of the geom-168

etry and wall temperature ratio Tw/T0, where Tw denotes wall temperature and169

T0 is total temperature of far field flow. The variables ranges are as follows:170

Ma ∈ 2 ∼ 9.4, Re ∈ 3.36×106 ∼ 5.04×106, T∞ ∈ 100 K ∼ 150 K, α ∈ 9◦ ∼ 18◦171

and Tw/T0 ∈ 0.036 ∼ 0.86. The Latin Hypercube Sampling method [41] is em-172

ployed to screen the parameter space, selecting 132 diverse parameter combina-173

tions for the computational analysis. After defining the geometric conditions α174

for modeling, simulations are conducted using PHAROS under the predefined175

computational settings. In our previous research [11], we have validated grid in-176

dependence and confirmed its agreement with experimental data. Based on this,177

the current study employs this grid with refinement of 1200×400 in the stream-178

wise and wall-normal directions. The grid has a normal spacing of 1× 10−7 at179

surfaces.180

The locations of 2D CFD measurement points in Figure 2 for data fusion are181

just like sensors to measure the local pressure and friction coefficients in the wind-182

tunnel experiments. A total of 39 points are selected at intervals of 0.05 between183

x/L = 0.05 and x/L = 1.95 along the ramp surface, capturing the values of the184

points’ friction coefficient C f and pressure coefficient Cp. The C f and Cp are185
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α

y

xo Leading edge shock

L

Separation shock

Reattachment shock

Expansion wave

Slip line

Measurement points location

Figure 2: Computational domain for the 2D compression ramp flow simulation bounded

by red lines, where the measurement points for skin friction and pressure are depicted by

green dots on the wall and the flow structure is also presented.

defined by186

C f =
2τw

ρ∞u2
∞

,Cp =
2pw

ρ∞u2
∞

, (3)

where ρ∞ is the density, u∞ is the velocity, τw and pw are the wall shear stress and187

pressure. The calculation results of the points’ surface coefficients are integrated188

into the supersonic/hypersonic data part.189

Finally, the flow field data obtained through PHAROS calculations will be190

subjected to GSA to assess the global stability concerning periodic spanwise per-191

turbations. Within the GSA method, the vector of conservative variables Û is192

partitioned into a 2-D steady solution U2−D and a 3-D small-amplitude perturba-193

tion represented by U ′:194

U(x,y,z, t) =U2−D(x,y)+U ′(x,y,z, t). (4)

To transform it to an eigenvalue problem, U ′ can be further expressed in the195
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y' y"

Figure 3: The architecture of DNN method.

following modal form:196

U ′(x,y,z, t) = Û(x,y)exp
(
−iωt + i

2π

λ
z
)
, (5)

where Û is the 2-D eigenfunction, ω is the eigenvalue and λ is the spanwise197

wavelength.198

In our study, after extracting the critical regions with a total of 210,000 grids199

for determining flow stability, computations using the GSA method across 8 dif-200

ferent wavelengths on Intel(R) Core(TM)i7-14700K CPU require approximately201

4 hours to ascertain the stability of a flow field.202

2.2. Deep neural network for global instability prediction203

We first construct a deep learning model based on DNN for global instability204

prediction, as shown in Figure 3. The DNN takes as input far-field inflow condi-205

tions, wall temperature ratio, and ramp geometry parameters, including Ma, Re,206

T∞, Tw/T0 and α . The DNN employs binary classification, so the initial output y’207

is the possibility of being unstable. The initial output y’ is generated through the208

sigmoid function, which confines the y’ range between 0 and 1. Subsequent pro-209

cessing is applied to y’ to derive the final output y” that only contains two results:210
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′0′ (stable) or ′1′ (unstable). This DNN does not incorporate surface distribution211

data of the compression corner; it will serve as a benchmark for comparison with212

the data fusion methods discussed later.213

2.3. DNN and AutoEncoder-based neural network (DA-Net) for global instability214

prediction215

AutoEncoder

Flow
Surface 

coefficients

Input variables

Global stability

Encoder(ge) Decoder(gd)

Fusion

NNs NNs

c'c

α
x

f

f'

Deep Neural Network

Stable: “0”

Unstable: “1”

features

features

GSA

y'

y

y"

Cp

Cf

Cp

Cf

Figure 4: The flowchart of DA-Net.

We further integrate the DNN and AutoEncoder to form DA-Net. This DA-216

Net, based on the benchmark established in Section 2.2, enables the further fusion217

of two different types of data, C f and Cp, obtained from high-fidelity DNS sim-218

ulations. As illustrated in Figure 4, each sample set is divided into three parts219

in DA-Net: input variables x (Ma, Re, T∞, Tw/T0 and α), surface coefficients c220

(C f and Cp) and the ground truth of flow field stability outcome y by GSA. The221

outcome y has two possibilities, ′0′ signifies a globally stable flow field, while ′1′222

indicates a globally unstable flow field. For example, initially, the pressure coeffi-223

cients and friction coefficients of 39 points collectively form surface coefficients c224
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from 2D CFD; Subsequently, the pressure coefficients and friction coefficients of225

the 39 points are input as c individually; Finally, a selection of surface coefficients226

from specific points will be extracted for c input.227

The AutoEncoder (AE) is applied in the DA-Net for including data and fea-228

ture extraction of pressure coefficients or friction coefficients. It is composed of229

two main parts: encoder and decoder, for unsupervised learning. As is shown in

c ge(c) gd(f)f c'

Original
Input

features

Reconstructed
Output

Figure 5: The structure of AutoEncoder.

230

Figure 5, initially, The encoder takes input c of surface coefficients and extracts231

latent space’s features f by function of ge(c), the decoder takes the latent space232

representation f and reconstruct the original input data to c’ by function of gd(f).233

The mathematical computation formula for this process is as follows:234

f = ge(c), (6)
235

c’ = gd(f). (7)

The DNN segment follows the same benchmark practice of the DNN-based236

data prediction method described above. The intermediate result f’ maintains237

the same dimensions as the encoder output f , allowing the dimension-reduced238
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features of surface coefficients f to be integrated into the supersonic/hypersonic239

model, thereby facilitating data fusion.240

The overall loss of DA-Net is comprised of the following three parts:241

L = λ1Ly +λ2LAE +λ3Lf , (8)

where λ1, λ2 and λ3 are loss weight factors. The first component of DA-Net driven242

by the predicted possibility of flow field instability y’ and y:243

Ly =
1
N

N

∑
i=1

(y’− y)2. (9)

The second component of DA-Net comprises the input c and output c’ of the244

AE:245

LAE =
1
N

N

∑
i=1

(c’− c)2. (10)

The third component of DA-Net is due to the extracted reduced features:246

L f =
1
N

N

∑
i=1

(f’− f)2. (11)

In L f training loss, the first term f’ is the feature of initial flow conditions, which247

determine the base flow of a global state; the second term f focuses on flow field248

feature extraction, extracting surface pressure or friction coefficients closely re-249

lated to the flow field separation as well as flow instability, which is more related250

to the local field. The difference between these two terms is the direct modeling251

of the strength of local imbalances in flows, which are the triggers of instability.252

In this research, the Adam optimizer [42] and adaptive learning rate optimiza-253

tion techniques for stochastic gradient descent are implemented to minimize train-254

ing errors.255
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2.4. Results evaluation256

As predicting global stability is a binary classification problem, accuracy, pre-257

cision, mean squared error (MSE) and mean absolute error (MAE) are employed258

to evaluate the method’s performance comprehensively. The MAE, MSE, accu-259

racy and precision of sigmoid function are defined by following equations:260

MAE =
1
N

N

∑
i=1

|y’− y|, (12)

261

MSE =
1
N

N

∑
i=1

(y’− y)2, (13)

262

Accuracy =
T P+T N

T P+T N +FP+FN
, (14)

263

Precision =
T P

T P+FP
, (15)

where True Positive (TP) is the number of instances that are actually positive264

(globally unstable) and are correctly predicted as positive; True Negative (TN)265

is the number of instances that are actually negative (globally stable) and are cor-266

rectly predicted as negative; False Positive (FP) is the number of instances that are267

actually negative but are incorrectly predicted as positive; False Negative (FN) is268

the number of instances that are actually positive but are incorrectly predicted as269

negative. In general, accuracy measures the percentage of correct predictions out270

of all predictions, reflecting how well both globally stable and unstable cases are271

identified; Precision is the ratio of correctly predicted positive cases to all pre-272

dicted positives, indicating how many predicted unstable flows are truly unstable.273
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3. Results274

3.1. General flow features and occurrence of global instability275

Through our research, we find that general flow features are closely related to276

the occurrence of global instability. Figures 6 to 7 show the base flow visualized277

using Mach number contour and distribution of skin friction coefficients on the278

2D ramp, with initial conditions of Ma = 7.7, Re = 4.2 ×106, α = 15°, T∞ = 125 K279

and wall temperature ratio Tw/T0 = 0.045. Due to the pressure rise, the separation280

bubble formed near the compression corner. The separation shock interacts with281

the reattachment shock, leading to the expansion wave and slip line (see Figure 2).282

From the enlarged view of skin friction, it can be seen that near the compression283

corner, there is a ′local peak′ between two minimum skin friction coefficients.284

From previous research [11], it was demonstrated that when the ′local peak′ is285

positive, the flow field has secondary separation and becomes globally unstable.286

Therefore, it indicates that when the flow field under global instability, there is a287

certain variation in the friction coefficient inside the separation bubble near the288

compression corner. Figure 8 and Figure 9 show the distribution of pressure co-

Figure 6: Base-flow visualization for ramp with Ma = 7.7, Re = 4.2 ×106, α = 15°, T∞

= 125 K and wall temperature ratio Tw/T0 = 0.045.

289

efficients and pressure gradient dCP/dx∗ (x∗ is the non-dimensional distance from290
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Figure 7: Distribution of skin friction coefficients for ramp with Ma = 7.7, Re = 4.2 ×106,

α = 15°, T∞ = 125 K and wall temperature ratio Tw/T0 = 0.045; Red circles: separation

and reattachment points; Blue circle: the enlarged view part; Green point: x/L = 0.85

inside the separation bubble.

the leading edge) along the 2D ramp respectively, with initial conditions of Ma =291

5.2, Re = 3.4 ×106, α = 13°, T∞ = 146 K and wall temperature ratio Tw/T0 = 0.25.292

Overall, the surface pressure increases upstream of the separation point controlled293

by the free-interaction process. This rise is followed by a plateau region, the value294

of which increases with α and Tw/T0. The pressure rises again near the reattach-295

ment point and reaches its peak value mainly determined by the oblique shock296

theory. The drop in Cp downstream of the peak is caused by the impingement297

of expansion wave (see Figure 2). It can be also seen that near the compression298

corner, there is a ′local dip′ between the pressure plateau part and ′pressure rises′299

part, with the ′pressure rises′ part exhibiting a significant pressure gradient. The300

′ dip′ is indicative of a local region with pressure gradient near the corner, which301

becomes stronger as α is increased such that the reverse flow boundary layer can-302

not resist it and gives rise to secondary separation. Notably, this phenomenon303

prevails for different initial conditions. The distribution characteristics of surface304

pressure and surface friction to some extent imply the linkage to the possibility of305
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global instability. This inspires us to incorporate this flow physics information

x/L

C
p

0.6 0.8 1 1.2

0.1

0.2

x/L

C
p

0.5 1 1.5 2

0.1

0.2

Pressure rises

local dipdrop

Figure 8: Distribution of pressure coefficients for ramp with Ma = 5.2, Re = 3.4 ×106, α

= 13°, T∞ = 146 K and wall temperature ratio Tw/T0 = 0.25; Red circles: separation and

reattachment points; Blue circle: the enlarged view part; Green points: x/L = 1.2 inside

the separation bubble, x/L = 1.55 and x/L = 1.7 in the pressure peak part.

Figure 9: Distribution of surface pressure gradient for ramp with Ma = 5.2, Re = 3.4

×106, α = 13°, T∞ = 146 K and wall temperature ratio Tw/T0 = 0.25; Green points:

x/L = 1.2 inside the separation bubble, x/L = 1.55 and x/L = 1.7 in the pressure peak

part.

306

into neural network training, which not only enhances the interpretability of the307

surrogate model but also reduces its reliance on large datasets during training.308

3.2. Comparison of DNN-based method and DA-Net data fusion method309

We will test the two methods introduced in Section 2.2 and 2.3 to evaluate310

their performance in predicting global stability across datasets of different sizes.311
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This will allow us to assess the data fusion method, specifically the advantage312

of our proposed DA-Net, on small-sample datasets. The entire dataset comprises313

132 samples, as detailed in Section 2.3, consisting of Ma, Re, T∞, α , Tw/T0, and314

data for fusion: Cp and C f of 39 points on the surface of the compression corner.315

The dataset is randomly split into two parts: 112 cases (∽ 85%) are used as the316

training set and validation set, and the remaining 20 cases (∽15%) are allocated317

for testing. Within the training set, 10% is randomly sampled as the validation set318

(accounting for 8.5% of the total dataset) to optimize the hyperparameters.319

In the previous studies on triple-deck theory [43, 44], the scaled ramp angle320

α∗[43] can be expressed by the following equation.321

α
∗ =

αRe1/4

C1/40.3321/2 (Ma2 −1)1/4 , C =
µwT∞

µ∞Tw
, (16)

where C is the Chapman–Rubesin parameter, µw and µ∞ are the dynamic viscosity322

of wall and free stream flow. The criterion can be established in terms of α∗ to323

predict the stability boundary. As shown in Figure 10 [11] (modified from [11]),324

the α∗ range of demarcation between global stable and global unstable flows is325

from 3.44 to 4.59, depending on the wall temperature ratio. A higher wall temper-326

ature and large Reynolds number result in a larger critical ramp angle [43, 11, 36].327

Therefore, We adjust the test dataset so that 85% of it falls within this range to328

validate the superiority of the method. Table 1 displays the optimized hyperpa-329

rameters and in order to compare the impact of multiple data on the results, DNN330

maintains consistency with the parameters in DA-Net. In this table, the second331

and third columns represent the layer structure of the DNN part and AutoEncoder,332

respectively, indicating the number of neurons in each layer; The fourth column333

L2 is the regularization coefficient, which indicates the strength of the penalty on334

the weights during training to prevent overfitting; The fifth column contains loss335
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Table 1: The hyperparameters of NNs.

Method DNN AutoEncoder L2 {λ1,λ2,λ3} Batchsize

DA-Net (5,32,12,32,1) (78,32,16,12,16,32,78) 0.004 {0.5,2,1} 2

DNN (5,32,12,32,1) 0.004 2

weight factors and the last column represent batchsize, indicating the number of336

data samples input to the network for each training.

Tw/T0

α*

Stable

Unstable

Figure 10: The critical ramp angle for global instability (modified from [11], Open Ac-

cess, under Creative Commons CC BY license)[11, 45, 46, 47, 48, 6, 7, 8], where open

symbols represent global stability and closed symbols represent global instability. DA-

Net represents parts of prediction results of the DA-Net model.

337

Table 2 displays the comparison of prediction results between DNN-based338

method and DA-Net data fusion method under various training set proportions339

ranging from 10% to 90% (10% ∽ 11 cases, 20% ∽ 22 cases, 30% ∽ 34 cases,340

40% ∽ 45 cases, 50% : 56 cases, 60% ∽ 67 cases, 70% ∽ 78 cases, 80% ∽341
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Table 2: Results comparison of DNN and DA-Net

Training set proportion
DNN DA-Net

MMSE MMAE Accuracy Precision MMSE MMAE Accuracy Precision

10% 0.161914 0.360646 0.730 0.810270 0.075926 0.141433 0.875 0.954842

20% 0.102781 0.259459 0.890 0.905545 0.049732 0.098864 0.935 0.955452

30% 0.062735 0.211149 0.965 0.976471 0.037254 0.049236 0.960 1

40% 0.081098 0.241607 0.955 0.957778 0.010272 0.021429 0.985 1

50% 0.061713 0.206326 0.950 0.950221 0.022097 0.037308 0.965 1

60% 0.049839 0.194860 0.990 1 0.013291 0.022440 0.980 1

70% 0.065928 0.226843 0.980 0.978328 0.004550 0.012397 0.990 1

80% 0.043870 0.176104 0.980 0.994118 0.015839 0.023729 0.985 1

90% 0.081382 0.248061 0.970 0.968235 0.011718 0.026413 0.970 1

90 cases, 90% ∽ 101 cases). Notably, when the training set proportion reaches342

60% and above, the DNN-based method achieves accuracy of 0.97 or even 0.99,343

showing that utilizing the deep learning method enables precise predictions within344

the restricted range of the triple-deck theory. We further compare the data fusion345

method with the DNN-based method and find that in both MMSE and MMAE, the346

DA-Net approach largely reduces prediction errors. The MMSE of DA-Net almost347

halves in comparison to the DNN-based method. Specifically, when the training348

set constitutes 40%, the MMSE decreases from 0.0810978 to 0.010272, shrinking349

by over 8 times. Figure 11 illustrates the box plot of MAE with a training set350

percentage of 70%, the MMAE for 10 times decreases from 0.22684 to 0.0124351

, reduced by nearly 94.5%. Meanwhile, the median line and range for DA-Net352

decreases a lot compared to the DNN, indicating DA-Net exhibits an improved353

model dispersion.354

As depicted in Figure 12, the DA-Net data fusion method exhibits superior355

predictive accuracy over the DNN-based method, particularly in scenarios with356

limited training data, showcasing a 19.9% improvement in accuracy when the357
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training set is only 10%. Across all training set proportions, the data fusion358

method consistently outperforms the DNN in terms of precision, underscoring359

the exceptional benefits and effectiveness of this approach.360

Furthermore, once the surrogate model is established by DA-Net, predicting361

the stability of a flow field on Intel(R) Core(TM) i7-14700K CPU typically de-362

mands just a fraction of a second, reducing the time by approximately 5 orders of363

magnitude and saving computational resources compared to the GSA method.

0.22684

0.0124

DNN DA-Net
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Figure 11: The MAE on the test set with the training set comprising 70% of the dataset.

364

3.3. Effect of data type for prediction results of DA-Net365

In section 3.2, both C f and Cp are integrated into DA-Net. To further reduce366

data dependency, this section separately introduces these two coefficients to inves-367

tigate their influence on the stability prediction results. Table 3 lists the optimized368

hyperparameters applied in this section. Table 4 lists the DA-Net results com-369

parison with Cp or C f data alone. Figure 13 displays box plots comparing the370

utilization of Cp and C f as input variables across different training set sizes. It371
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Figure 12: Accuracy and precision comparison between DNN-based method and DA-Net

with data of both C f and Cp.

Table 3: The hyperparameters of NNs.

Method DNN AutoEncoder L2 {λ1,λ2,λ3} Batchsize

DA-Net (5,32,12,32,1) (39,32,16,12,16,32,39) 0.004 {0.5,2,1} 2

is evident that when using less than 50% training set, integrating pressure coeffi-372

cients as input variables into DA-Net results in smaller MMAE than skin friction373

coefficients, leading to a reduction in prediction errors. The MAE difference be-374

comes less significant when using more than 50% training set. Figure 14 displays375

the comparison of prediction results between DA-Net with data of C f (DA-Net376

(C f ))and DA-Net with data of Cp (DA-Net (Cp)) under varying training set pro-377

portions ranging from 10% to 90%. It can be observed that in small training set378

samples, the latter achieves a higher accuracy and when the training samples are379

large, they have similar accuracy. Meanwhile, the precision of (Cp) as input vari-380
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Table 4: DA-Net results with C f or Cp data alone

Training set proportion
DA-Net(C f ) DA-Net(Cp)

MMSE MMAE Accuracy Precision MMSE MMAE Accuracy Precision

10% 0.112242 0.248249 0.785 0.803757 0.110882 0.205599 0.835 0.841471

20% 0.116432 0.185247 0.870 0.957083 0.061515 0.075989 0.920 0.962819

30% 0.047055 0.064730 0.950 0.988889 0.019606 0.035336 0.975 0.994118

40% 0.036066 0.048799 0.960 0.983007 0.022975 0.034248 0.970 1

50% 0.022730 0.037542 0.965 1 0.021377 0.035530 0.970 0.994118

60% 0.016852 0.028754 0.970 0.994118 0.027793 0.042469 0.970 1

70% 0.009495 0.022305 0.985 1 0.025605 0.043401 0.965 1

80% 0.007833 0.019122 0.990 1 0.005451 0.014511 0.995 1

90% 0.021249 0.037672 0.970 1 0.001710 0.010904 1 1

ables has larger precision in nearly all training set samples.381
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Figure 13: MAE change in predictions due to training sample modification with data of

either C f or Cp integrated in DA-Net.
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Figure 14: Accuracy and precision comparison between data of C f and Cp integrated in

DA-Net separately.

The adverse pressure gradient serves as one important factor contributing to382

flow separation. By analyzing the data, we can deduce that the integration of383

surface pressure coefficient has a more pronounced effect on result enhancement384

compared to that of friction coefficient. This observation aligns with the flow385

dynamics around the compression corner [11]. Consequently, in situations where386

the flow field exhibits global instability, such instabilities can be directly identified387

from the pressure-related data. In conclusion, we can utilize prior knowledge of388

physics to guide our selection of data type.389

3.4. Effects of critical surface coefficients for prediction results of DA-Net390

In Section 3.3, when only one type of distribution data from the compression391

corner surface is fused, DA-Net still demonstrates good predictive performance.392

However, the fused data covers the entire compression corner surface. If the dis-393
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tribution data is obtained from experimental measurements, it would significantly394

increase data acquisition costs. Therefore, in this section, data extraction method395

is utilized to select only a limited number of key data points on the compres-396

sion corner surface for fusion. The SHapley Additive exPlanations (SHAP) [49]397

method is applied to extract the feature data of key points crucial for the global398

stability of the flow field. Figure 15 shows how each feature value impacts on399

predicting global stability. The x-axis illustrates the SHAP values, where a larger400

SHAP value indicates a more substantial impact on the outcomes. The y-axis, on401

the other hand, depicts the surface point’s pressure coefficient or friction coeffi-402

cient, with Cp : 1.7 indicating the surface pressure coefficient at x/L = 1.7.

Figure 15: The direct impact of each feature on predicting global stability.

403

Upon examining these visuals, it becomes apparent that critical data influenc-404

ing global stability includes the surface pressure coefficient post-separation region405

25



Table 5: The hyperparameters of NNs for the case using extracted data in Sec.3.4.

Method DNN AutoEncoder L2 {λ1,λ2,λ3} Batchsize

DA-Net (5,32,12,32,1) (4,32,16,12,16,32,4) 0.004 {0.5,2,1} 2

Table 6: DA-Net results with 4 key features data

Training set proportion
DA-Net

MMSE MMAE Accuracy Precision

10% 0.108270 0.138041 0.870 0.914663

20% 0.060399 0.097505 0.935 0.987451

30% 0.047304 0.062195 0.950 0.957124

40% 0.021758 0.042853 0.975 0.981985

50% 0.014561 0.026088 0.980 0.988235

60% 0.004335 0.018311 1 1

70% 0.003271 0.012883 1 1

80% 0.002400 0.011226 1 1

90% 0.000700 0.009990 1 1

and the surface friction coefficient within the separation area near the compression406

corner. This observation aligns with the findings of Hao’s study[11], where this407

specific region aligns with the ′pressure gradient near corner′ and the largest pres-408

sure plateau phenomena. An increased pressure plateau signifies a heightened409

gradient near the corner, leading to global instability and subsequent secondary410

separation. Then, the top four influential features: the pressure coefficients at411

x/L = 1.2,1.55 and 1.7 locations (near ′ local dip′ and final pressure peak parts412

in Figure 8) , along with the friction coefficient at the x/L = 0.85 position (in the413

separation bubble the region near ramp corner in Figure 7), are selected as data414
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to investigate their impact on the prediction results. Table 5 lists the optimized415

hyperparameters employed in this section. Table 6 displays the prediction results416

of DA-Net when utilizing the data from the top four features as part of multiple417

data. It can be seen that the accuracy and precision is extremely high when the418

training set accounts for 60%, 70%, 80%and 90% of the total training cases (112419

cases). Figure 16 shows the MAE comparison before and after feature extraction.420

It is evident that across the majority of training sets, models with feature extrac-421

tion exhibit lower MAE, especially when the training set exceeds 50% of the total422

training cases.423
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Figure 16: MAE comparison with and without feature extraction.

Figure 17 shows the accuracy and precision comparison with and without in-424

corporating surface coefficients extraction. Upon feature extraction, accuracy im-425
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Figure 17: Accuracy and precision comparison with and without feature extraction.

proves across more than half of the training set ratios. Specifically, When the426

proportion of the training set is large (60%, 70%, 80% and 90%), there is a no-427

ticeable improvement in accuracy, reaching a value of 1. Moreover, it is observ-428

able that DA-Net can achieve a similar precision across varying sizes of training429

set samples. This indicates that utilizing feature-extracted data can achieve re-430

sults comparable to or even better than inputting all data points of pressure and431

skin friction coefficients, fully exploiting the advantages of DA-Net’s data fusion.432

Moreover, efficient data extraction can reduce data dependence and optimize the433

functionality of the DA-Net data fusion method.434

4. Discussion435

Drawing inspiration from Section 3.1, we incorporate the global distribution436

of pressure and friction measurements. Then, in Sections 3.2 – 3.4, from a data-437
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driven perspective, we identify the most important data types and key point loca-438

tions, integrating them effectively into the surrogate model. In fact, through our439

previous numerical simulation studies [11],we have already summarized the criti-440

cal data points and their corresponding data types. For instance, global instability441

of laminar SWBLI is closely linked with the emergence of secondary separation,442

and secondary separation can be manifested through the changes in the friction443

coefficient inside the separation bubble (near the ramp corner). So in this section,444

only the friction coefficient in the ramp corner at x/L = 0.85 (whcih is extracted is445

section 3.4 ) is applied for data fusion. This chapter uses the same optimized hy-446

perparameters as before. Table 7 displays the prediction results of DA-Net when447

utilizing the friction coefficient C f as part of source data and it can be seen that448

the accuracy and precision is extremely high when the training set accounts for449

50%, 60%, 70%, 80% and 90%. Figure 18 shows the accuracy and precision with450

all the surface coefficients and with the corner friction coefficient only.451

Subsequently, we further evaluate the extrapolation performance of the trained452

DA-Net. Specifically, we test the DA-Net model, which only utilizes corner C f .453

The test set is selected from the experiments [6, 7, 8, 9, 10] summarized in Figure454

10 on the compression ramp. Table 8 presents the parameters of these experiments455

shown in Figure 10, most of which are beyond the parameter space of training456

dataset (Ma ∈ 2 ∼ 9.4, Re ∈ 3.36×106 ∼ 5.04×106, T∞ ∈ 100 K ∼ 150 K, α ∈457

9◦ ∼ 18◦ and Tw/T0 ∈ 0.036 ∼ 0.86). In Table 8, the parameters highlighted in red458

are beyond the parameter space of the training set. Table 9 shows the prediction459

results with the model only utilizing corner C f . Figure 19 displays the accuracy460

and precision results for experiments at different training dataset ratios. It can be461

observed that when the training set is above 50%, the accuracy and precision can462
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Table 7: DA-Net results with corner friction coefficient data

Training set proportion
DA-Net

MMSE MMAE Accuracy Precision

10% 0.127520 0.169239 0.840 0.915765824

20% 0.045705 0.076194 0.945 0.976339869

30% 0.046071 0.064311 0.945 0.960416667

40% 0.020335 0.050387 0.985 0.988235294

50% 0.011498 0.034611 1 1

60% 0.010072 0.024566 0.99 1

70% 0.010481 0.024313 0.99 0.988888889

80% 0.001550 0.010427 1 1

90% 0.001535 0.018917 1 1
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Figure 18: Comparison of accuracy and precision with full surface coefficients and with

corner C f only.
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Table 8: Initial flow conditions of experiments (The parameters marked in red are beyond the

initial parameter space).

References Ma ReL T∞ α Tw/T0

[8] 6.85 380000 58.74 15° 0.49

[8] 6.85 380000 58.74 25° 0.49

[7] 7.7 420000 125 15° 0.18

[7] 7.7 420000 125 20° 0.18

[7] 7.7 420000 125 25° 0.18

[6] 8 200000 55 15° 0.39

[10] 7.7 760000 254 15° 0.22

[9] 11.63 240000 67 15° 0.16

reach 1 and therefore this model performs well in the experiment cases.463

Further research is conducted on the 16 global instability cases in the test set.464

In the globally unstable case, 11 cases have secondary separation. This is con-465

sistent with the conclusion that the global instability occurs immediately prior466

to the emergence of the secondary separation [11]. Figure 20 presents the pres-467

sure contour normalized by ρ∞u2
∞ near the compression corner superimposed with468

streamlines in the separation region. In this case (Ma = 4.39, Re = 4.45×106, α469

= 12.1°, T∞ = 135.35, Tw/T0 = 0.24 ), the secondary separation has occurred in470

the compression corner. Next, the remaining five cases, in which no secondary471

separation occurs but global instability is dectected by DA-Net, are discussed. As472

illustrated in Figure 21 (Ma = 5.46, Re = 4.79×106, α = 11.7°, T∞ = 123.74, Tw/T0473

= 0.56 ), when the ramp angle is 11.7°, the flow field does not exhibit secondary474

separation. But when the ramp angle is increased by 1° to 12.7°, as shown in475
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Table 9: DA-Net prediction results of with corner friction coefficient data for the experiments

Training set proportion
DA-Net

MMSE MMAE Accuracy Precision

10% 0.117515 0.127086 0.875 1

20% 0.112308 0.131636 0.875 1

30% 0.138298 0.167775 0.875 1

40% 0.122856 0.131403 0.875 0.857

50% 0.004617 0.026307 1 1

60% 0.000007 0.000952 1 1

70% 0.006369 0.040808 1 1

80% 0.020099 0.064376 1 1

90% 0.013358 0.053200 1 1
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Figure 19: Accuracy and precision of experiments by using the model with corner C f

only.
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Figure 20: Non-dimensional pressure with streamlines around the compression corner

(Ma = 4.39, Re = 4.45×106, α = 12.1°, T∞ = 135.35, Tw/T0 = 0.24 ).

Figure 21: Non-dimensional pressure with streamlines around the compression corner

(Ma = 5.46, Re = 4.79×106, α = 11.7°, T∞ = 123.74, Tw/T0 = 0.56 ).

Figure 22, it has secondary separation in the flow field. This is consistent with476

Hao’s research [11]: as shown in Figure 10, the critical scaled ramp angle varies477

as a function of the wall temperature ratio, with the error bars indicating an uncer-478

tainty of 1°.479

By leveraging existing physical knowledge, previous insights can be utilized480

to interpret the data-fused prediction outcomes.481
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Figure 22: Non-dimensional pressure with streamlines around the compression corner

with the flow conditions the same as Fig. 21 except α = 12.7°.

5. Conclusion482

This paper proposes a deep learning-based data fusion method to predict the483

global stability of supersonic and hypersonic compression corner flows. The484

model is trained on DNS data and global stability data from GSA. We show how485

fusing aerodynamic data from compression ramp surfaces can use small high-486

quality datasets to reduce data costs. We also compare different data types and487

train the model using only key data points selected by feature extraction. This488

demonstrates the importance of choosing the right data and locations for effective489

data fusion. The main contributions are summarized as follows:490

(i) The prediction results of DA-Net trained on the small sample dataset agree491

well with numerical simulations across a wide range of free-stream Mach num-492

bers, far-field flow temperatures, and ramp angles. Additionally, when this method493

is applied to extrapolate predictions for unseen experimental data, it still performs494

well.495
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(ii) We have observed that the data type greatly impacts the prediction results496

of the DA-Net method. By incorporating diverse surface coefficients (pressure or497

friction coefficient) as data sources for the method, we reveal a strong correlation498

between the data type and the underlying physical flow phenomena. Specifically,499

the integration of pressure coefficient has better prediction results. Therefore, we500

can leverage prior physical knowledge to select data for fusion effectively.501

(iii) Through data feature extraction, we have discovered that by solely uti-502

lizing feature data without requiring all distribution data for the data fusion in503

DA-Net, we can still achieve comparable results. This also indicates that we can504

use prior physical knowledge to select the feature data for data fusion.505

(iv) By only using the friction coefficient at the corner, reasonably accurate506

results can still be obtained and the model performs well for the experiments with507

a wide range of freestream Mach numbers, far field flow temperatures, ramp an-508

gles, Reynolds numbers and wall temperature ratios. Specifically, further analysis509

is conducted for cases of global instability: it is further confirmed that secondary510

separation occurs after global instability. Moreover, for global instability, the error511

in the scaled angle is within ±1°.512

Therefore, in the future, the DA-Net data fusion method will be applied to513

a broader range of structures, such as stability predictions for structures like the514

double cone. This extension aims to significantly reduce computational resources515

while enhancing predictive accuracy and precision.516
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