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Abstract  

Constructing a high-fidelity aerodynamic database at low cost is of great significance to solve the contradiction 

between the aerodynamic analysis accuracy and development cost of modern aircraft. Data fusion technology opens 

up fresh perspectives for the efficiency improvement and cost reduction of aerodynamic acquisition. The majority of 

the current studies aim at homogeneous data fusion with various fidelities, while the heterogeneous data fusion 

methods are rarely involved in aerodynamics. In many research fields, just a few concentrated loads are used 

throughout most aerodynamic modeling. As the aerodynamic is most closely related to the concentrated force, the 

distributed force is frequently underutilized because of its mismatched data type. This research focuses on multi-

source heterogeneous aerodynamic data fusion and reduced-dimension features embedding, and a multi-source 

heterogeneous aerodynamic fusion method (MHA-Net) based on autoencoders is proposed. The chief idea of this 

method is to fully use the neglected aerodynamic distributed load for extracting the physical reduced-dimension 

features and embedding the features into the prediction model by imposing constraints, which significantly increases 

the accuracy and reliability of the few-shot modeling. The MHA-Net is an indirect fusion technique that effectively 

implements multi-source heterogeneous aerodynamic data fusion. In this study, the CAS350 wind turbine airfoil 

serves as the basic shape with apparent flow separation. There are 116 sample pairs of experimental data consisting 

of the whole data set, covering different flow conditions. Compared with the single-source concentrated force model, 

this method can significantly reduce the prediction error and model dispersion. Statistically, under the few-shot 

learning region, the MHA-Net can reduce the aerodynamic modeling MAE by more than 20 % on average, as well 

as the model dispersion by more than 45 % on average. 

Keywords: Multi-source modeling, Heterogeneous model, Aerodynamic data fusion, Reduced-dimension extraction, 
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Introduction 

In aircraft design, using high-fidelity (HF) aerodynamic data can significantly reduce the need for iterative cycle and 

correction while also enhancing the capabilities of model design. Nonetheless, the acquisition of HF aerodynamic data 

slows down the design iteration cycle and process seriously in terms of cost and time consumption. How to achieve 

“less investment and high profits” and obtain HF data at low cost has become one of the key issues in engineering 

design. Data fusion technology duly echoes this demand and can be considered as an effective manner to balance 

speed and accuracy at a given cost. In recent years, emerging approaches such as deep learning and artificial 

intelligence has drawn substantial research attention with the development of data science, offering a good opportunity 

for breakthroughs in aerodynamic data fusion. 

Data fusion technology commonly refers to a group of prediction methods that combine multi-fidelity data to mine 

potential correlations and effectively exploit them. One of the main methods to implement data fusion is to construct 

surrogate models. This form of surrogate model is defined as multi-fidelity model (MFM)[1]. The majority of multi-

fidelity models are constructed from some fundamental data-driven models with broad applicability, such as RBF[2], 

Kriging[3], deep neural networks (DNN), and deep Gaussian processes[4]. MFM has been successfully implemented in 

several fields, including aerospace design[5], electromagnetic simulation[6], and image recognition and classification[7]. 

As the name implies, multi-source refers to several data sources, whereas heterogeneous refers to a diversity of data 

formats or data types. The majority of the aforementioned studies are aimed at homogeneous data fusion with various 

fidelities, while the heterogeneous data fusion methods are rarely involved in aerodynamics. Most of the current 

research focuses on multimodal deep learning and big data analysis[8]. The massive aerodynamic data collected by 

numerical simulation (CFD) or experimental measurements often have complicated data formats and sources. From a 

different classification perspective, it can be separated into two categories: concentrated aerodynamic force and 

distributed aerodynamic force, depending on the type of aerodynamic force. Aerodynamic data with different types 

should be utilized independently. As the most common data type in aerodynamics, concentrated aerodynamic force is 

widely used in steady/unsteady aerodynamic modeling[8-10], aerodynamic optimization design and other fields. 

Unfortunately, just a few concentrated loads are used throughout most aerodynamic modeling, while distributed loads 
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are frequently underutilized. Although data of various heterogeneous types cannot be utilized directly in aerodynamic 

physical systems, there must be relationships between them. It is a meaningful and ingenious research on how to mine 

the potential correlations between aerodynamic heterogeneous data, extract the effective information as compensating 

physical features, and incorporate these features into aerodynamic models. 

This research focuses on multi-source heterogeneous aerodynamic data fusion and reduced-dimension features 

embedding, and a multi-source heterogeneous aerodynamic fusion method based on autoencoder (AE) is proposed. 

The chief idea of this method is to fully use the neglected aerodynamic distributed load for extracting the physical 

reduced-dimension features, and embed the physical features into the prediction model by imposing constraints, which 

significantly increases the accuracy and reliability of the few-shot modeling. In contrast to most homogeneous 

aerodynamic data fusion approaches, this method offers an efficient means for the collaborative use of heterogeneous 

data, and fills the gap of aerodynamic heterogeneous modeling in scientific research and engineering applications. 

This method has important engineering application value in high-efficiency and low-cost construction of high-fidelity 

aerodynamic database, correlation of aerodynamic force and pressure data, etc., and also offers new insights for the 

efficiency improvement and cost reduction of aerodynamic data. 

Methods  

Figure 1 illustrates the modeling flow chart of the MHA-Net, which is divided into three portions. The generation of 

sample pairs in the data set required for heterogeneous aerodynamic fusion modeling is depicted in Figure 1(a). The 

common single-source concentrated force modeling takes the concentrated force calculated by integrating the wall 

pressure distribution as the model output, and distributed force data are not taken into account throughout the modeling 

process. In MHA-Net, we divide each sample pair into three parts: input variables, distributed aerodynamic forces 

derived directly from wall pressure distribution, and concentrated aerodynamic force via integrating, which are 

represented by purple, blue, and green cylinders, respectively. Figure 1(b) describes the compression and extraction 

of dimensionality reduction features using AE for distributed loads in detail. The locations of pressure points on the 

wall surface are used to extract the pressure distribution map, which is then vectorized to produce the s-dimensional 

pressure coefficient vector 𝑥𝑐𝑝 arranged in a fixed sequence. 𝑥𝑐𝑝  is employed as the input of the encoder, and 𝑥̂𝑐𝑝 is 

served as the supervision information of AE for self-supervised learning, where 𝑥̂𝑐𝑝 = 𝑥𝑐𝑝. The nonlinear reduced-

dimension features 𝑭𝒓 extracted from the distributed load is obtained from the output of the encoder or the input of 

the decoder. The mathematical expression of the autoencoder is: 
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Figure 1 The flow chart of MHA-Net 
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Figure 1(c) demonstrates the concentrated force modeling module in heterogeneous aerodynamic fusion modeling. 

The expression is displayed in Eq.(2). In Figure 1, the dash-dot-dot-lines indicates the application position of each 

sample part in the model training. The black arrow represents the training process of the model， while the red arrow 

denotes the prediction process after the model training is completed. In contrast, the red arrow is used to the prediction 

process after training. In MHA-Net, the extracted reduced-dimension features are used as additional physical 

constraint, so that the dimensionality reduction information of the distributed load is added into aerodynamic model 

realized the multi-source heterogeneous data fusion.  
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Results 

In this case, the CAS350 wind turbine airfoil is served as the basic shape with relatively thick airfoil thickness and 

obvious flow separation. Accordingly, aerodynamics exhibit strong nonlinear characteristics. There are 116 sample 

pairs of experimental data consisted in the whole data set, covering different Reynolds numbers and angles of attack 

with 𝑅𝑒 ∈ [1.0 × 106, 1.5 × 106, 3.0 × 106, 4.0 × 106] and 𝛼 = −10°~18°, and the angle of attack interval of the 

test samples under fixed Re is 1°. The Reynolds number in the low-speed wind tunnel is adjusted by the incoming 

wind speed, so the Mach number is not taken into account. Each sample pairs of test states contains multi-source 

heterogeneous aerodynamic data, including distributed load data with 97 pressure points on the airfoil surface, lift 

coefficient 𝐶𝐿  and moment coefficient 𝐶𝑀 . Based on the actual wind turbine experimental data, this example 

constructs a multi-source heterogeneous aerodynamic model with the flow parameters as input to verify the 

applicability and application value of MHA-Net in practical engineering problems.  

 

Figure 2 The MAE of test set under repetitive modeling when training set accounted for 60% 

Aiming at the CAS350 airfoil variable state heterogeneous fusion case, this study carried out aerodynamic modeling 

based on a fixed number of training samples to verify the feasibility of MHA-Net. An extended analysis involves the 

modeling of variable training sample number to confirm the applicability of the heterogeneous fusion method in few-

shot learning. The 116 sample pairs of experimental data were randomly disrupted, and were divided into two parts: 

60 % of sample pairs were served as the training set, and the remaining 40 % were treated as the test set. Randomly 

and evenly extract 10 % from the training set as the validation set (6 %), which is used to optimize the hyperparameters 

of neural networks. For the purpose of setting the control group more reasonably, the Figure 1(c) is used as the baseline 

of the single-source concentrated force model, denoted as CFM. Besides, the random initialization of neural networks 

significantly affects the training results, leading to strong model uncertainty. In an effort to comprehensively assess 

the advantages of MHA-Net, this study randomly initializes the two methods and performs 10 repetitive modeling to 

derive statistical predictions. The modeling accuracy and dispersion of different methods are evaluated. 

Figure 2 shows the MAE boxplot of MHA-Net and CFM on the test set when the training set accounts for 60%. The 

statistical MAE of CFM for 10 times of modeling is depicted in the grey boxplot. And the green and red boxplots are 

related to the statistical MAE by MHA-Net for 𝐶𝐿 and 𝐶𝑀, respectively. Among them, the mean of MAE(MMAE) for 
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repetitive modeling is represented as yellow triangle, which is noted in Figure 2 with the mean value. For 𝐶𝐿, the 

MMAE decreased by about 15%, and the dispersion of the aerodynamic model decreased by 23.7% through MHA-

Net. The accuracy and robustness of 𝐶𝑀 are also elevated, but the improvement is weaker than that of the 𝐶𝐿. 

For investigating the modeling accuracy of MHA-Net under various training samples, this research verifies the 

advantages of MHA-Net under few-shot learning by altering the ratio between training set and test set. Consistent 

with the previous instance, the statistical predictions of models are trained by 10 times of random initializations, and 

the modeling accuracy and dispersion are also evaluated accordingly. Figure 3 depicts the MAE boxplots of 

heterogeneous aerodynamic fusion modeling and single source modeling with various training samples by logarithmic 

axis. With the decrease of model training samples, the advantages of MHA-Net method gradually rise, indicating that 

this method has exceptional advantages and effects in few-shot modeling. Statistically, under the few-shot learning 

region in the CAS350 variable state aerodynamic case, the MHA-Net method can reduce the aerodynamic modeling 

MAE by more than 20 % on average, as well as the model dispersion by more than 45 % on average. The results fully 

reflect the rewards of heterogeneous aerodynamic data fusion for few-shot sparse modeling, effectively lessen the 

model’s dependence on samples, and raise the accuracy and robustness of the few-shot aerodynamic modeling. 

 

(a) 𝐶𝐿 

 

(b) 𝐶𝑀 

Figure 3 Concentrated force prediction error with the adjustment of training samples 
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Conclusion  

In a purpose of improving the reliability of aerodynamic modeling under limited samples and lessening the sample 

dependence of models, this study proposes a multi-source heterogeneous aerodynamic data fusion method (MHA-

Net). In this research, the previously neglected distributed load is used as additional modeling information to extract 

the nonlinear reduced-dimension features through the autoencoder. By embedding reduced-dimension features into 

the concentrated aerodynamic model, the proposed method (MHA-Net) significantly enhance the accuracy and 

robustness of aerodynamic models, which fills the technical gap in heterogeneous aerodynamic data fusion. The 

single-source concentrated force method is treated as a benchmark, and comparative analysis and verification are 

carried out on the variable state experimental case of wind turbine airfoil. The results demonstrate that this embedded 

multi-source heterogeneous aerodynamic fusion method has substantial advantages in improving the accuracy and 

robustness of the model, especially in the aerodynamic sparse few-shot modeling. The MHA-Net has strong 

application in aerodynamic shape optimization and other fields because of its high accuracy and robustness under few-

shot learning. Due to its exceptional strengths in robustness, the proposed method can be smoothly implemented in 

practical engineering problems. 
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