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Abstract


Accurate meteorological information is crucial for the safety of civil aviation flights. Complete wind field information is particularly helpful for planning flight routes. To address the challenge of accurately reconstructing wind fields, this paper introduces a deep learning neural network method based on the Vision Mamba Decoder. The goal of the method is to reconstruct the original complete wind field from incomplete wind data distributed along air routes. This paper proposes improvements to the Vision Mamba model to fit our mission, showing that the developed model can accurately reconstruct the complete wind field. The experimental results demonstrate a mean absolute error (MAE) of wind speed of approximately 1.83 m/s, a mean relative error (MRE) of around 7.87%, an R-square value of about 0.92, and an MAE of wind direction of 5.78 degrees.
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1. Introduction


Information about wind is crucial for planning flights in civil aviation. Accurate wind data can improve flight safety and stability, which benefits airlines and helps reduce emissions. Traditional methods of measuring wind, such as weather satellites, weather radars, and sounding balloons, have shown excellent results and can detect wind fields over large areas. However, they also have certain limitations, such as weather radar measurements, which require certain conditions (such as precipitation, insects, and other non-meteorological objects). Sounding balloons are deployed at fixed stations at fixed frequencies and carry instruments that can accurately measure wind fields. However, due to the limitation of the release frequency and location of the balloon, the measured data also have a low temporal and spatial resolution [1].



At present, airlines commonly utilize integrated weather forecasting and air traffic services to access essential weather data [2]. The wind field at the altitude of civil aviation is a nonlinear dynamic system, and even minor deviations between the initial state and the boundary conditions can introduce uncertainty into forecast outcomes [3]. The numerical weather forecast is based on the existing observed values and the analysis and calculation of the wind field based on various physical laws. In this way, the wind field can be accurately nowcasting. However, it must be noted that due to the complexity of processing and solving mathematical and physical equations, there are certain limitations in obtaining rapid wind field information, and usually only one or two calculations can be performed per day [4]. Reanalysis data integrate diverse measurement methods through data assimilation to represent meteorological data in an atmospheric grid format [5]. Reanalysis data do not have the constraints of publishing timely forecasts, allowing more time to collect observations and allowing improvements to past dataset rows, which allows reanalysis data to provide high-quality meteorological data [6]. While the above method can provide accurate data, there are some limitations in current aviation forecasting, which cannot take into account the accuracy and real-time of civil aviation meteorological data.



Thus, it is essential to develop a method for real-time detection of the wind field. Ref. [7] used Automatic Dependent Surveillance-Broadcast(ADS-B) data of single aircraft and multi-aircraft to solve the wind vector. It was assumed that the wind vector remained constant in a small area for a short time, and the true airspeed (TAS) of the aircraft remained constant but the heading angle was different. The inversion problem of wind vector and airspeed is transformed into circle fitting. Ref. [8] focused on the improvement of the algorithm and further reduced the error using a novel particle filter proposed. Ref. [1] combined the ADS-B data with the Enhanced Surveillance data from the Mode Select Beacon System (Mode S) downlink to invert the wind field, achieving good results. The wind data calculated by these methods have a small error, as well as benefits from the advantages of the real-time acquisition of ADS-B and Mode S data, thus improving the real-time performance of meteorological data. However, all the wind data are distributed along the flight path and cannot be spatially continuous, and there are large areas that cannot be effectively detected. To address this limitation, refs. [9,10] propose constructing a meteorological particle model, which generates meteorological particles for each wind observation value, reconstructs the wind field based on the generated numerous meteorological particles, and calculates the confidence. However, the proposed meteorological particle model does not provide wind predictions in areas with insufficient observations. Ref. [11] introduces the use of Gaussian process regression (GPR) in machine learning to model the wind field and train the model with wind observation value as the input data. The model fits the Gaussian distribution characteristic of the wind field in both time and space to calculate the wind field at any given time and point in space. Subsequently, ref. [12] investigated the problem of online estimation of the vertical wind profile at a given location using the GPR model. Ref. [13] also used the GPR model and collected real-time ADS-B and Mode S data for wind field estimation, and allowed new data to be added for data assimilation. The current wind field prediction results could be calculated within 5 min. Ref. [14] combined the polynomial chaos expansion method of the GPR model to further improve the prediction effect of the model, which also allowed data assimilation. Since the GPR model allows data assimilation, past data can be used by the model to more accurately reconstruct the wind field. However, each time the wind field is reconstructed, the model needs to train the newly added data to fit the new Gaussian process, and the training time is proportional to the amount of data, which limits the calculation speed of wind field reconstruction, and requires the model parameters to be iteratively optimized.



The current popular and efficient method across various disciplines is the use of deep neural networks. Ref. [15] describes a WindAware system that uses an LSTM-based RNN network to implement a wind prediction system designed to provide immediate forecasts of wind and turbulence for UAVs. The proposed method is compared with multi-layer Perceptron (MLP) and XGBoost, and its performance in surface wind prediction is verified. Ref. [16] proposes a physically inspired neural network designed to reconstruct wind fields using dispersed local wind speed measurements. The network is based on U-net structure and realizes horizontal wind field reconstruction with partial convolution. This method focuses on the immediate and short-term prediction of the wind field and has a better performance than the Meteo-Particle model. However, to enhance the input, it requires additional 6 h forecast data from the Global Forecast System and additional optimization of hyperparameters in the physical loss function. Current wind prediction methods based on deep neural networks primarily address wind data prediction in the wind power generation field, lacking methods applicable in aviation meteorology [4]. There is also less research on a general method that can calculate and obtain a complete and accurate reconstructed wind field using only incomplete wind observations as the input. In addition, although there are methods to obtain incomplete wind field data through the inversion of the wind field using joint observation data from ADS-B and Mode S, the amount of data obtained is insufficient for training and testing deep learning networks. Therefore, one of the challenges to be addressed is how to obtain a large amount of data.



To address the aforementioned issues, this paper introduces a novel deep learning neural network model called the Vision Mamba Decoder (VMD), based on the State Space Model (SSM). This method represents an innovative approach by integrating the Vision Mamba model, which has recently demonstrated superior performance over the Vision Transformer network in the field of computer vision. VMD can overcome the challenge of real-time aerial monitoring with incomplete wind observation data. Using an encoder structure, the VMD extracts critical features from scattered wind observations along flight trajectories. The extracted features are then transformed into a high-dimensional space. The decoder not only performs feature fusion but also reduces dimensionality, enabling accurate and rapid reconstruction of the horizontal wind field.



In order to provide a comprehensive understanding of the proposed method, the subsequent sections of this paper will delve into its details. Section 2 introduces the model architecture and data acquisition methods, while Section 3 describes the experimental setup designed to validate the effectiveness of the method. Finally, Section 4 summarizes the key findings and explores future directions for this research.




2. Materials and Methods


The following text introduces the specific content of the proposed method and details how to obtain and preprocess the dataset, which is crucial for the proposed method. Additionally, it will focus on illustrating the network structure of VMD and explaining how to train the model to address the feature extraction problem of incomplete wind field data in the 2D plane and provide predictions for the complete wind field.



2.1. Model Introduction


In this paper, the wind field reconstruction method of the VMD network using incomplete wind data is divided into three main parts: data preprocessing, network training, and network output prediction. The preprocessing part involves data acquisition methods and how to generate the required data. Network training focuses on the network structure, model parameters, and other details. Network output prediction tests the network’s performance using real data and converts the output into visual images to illustrate the prediction results.




2.2. Mathematical Model


2.2.1. Discretize SSM


State-space-based models, such as Mamba and the Structured State-Space Sequence Model (S4), are inspired by continuous systems by computing hidden states and using them to map an input sequence to an output sequence. The mapping process of a continuous system can be expressed by the following formula:


      h ′   ( t )      = A h ( t ) + B x ( t ) ,       y ( t )     = C h ( t ) ,     



(1)




where   x ( t )  ,   y ( t )  , and   h ( t )   represent the input sequence, output sequence, and hidden state, respectively.  A  and  B ,  C  denote the evolution parameters and projection parameters, respectively. However, the Mamba model can only accept discrete input sequences, so it is necessary to discretize the formula. We introduce the timescale parameter  Δ , which is used to convert the continuous parameters into discrete ones, combined with the zero-order preserving technique (ZOH), which is often used in discrete transformations. It is mathematically defined as follows:


     A ¯     = exp ( Δ A ) ,       B ¯     =   ( Δ A )   − 1    ( exp  ( Δ A )  − I )  · Δ B ,     



(2)







According to the parameters after discretization, the discretization system can be given as follows:


     h t     =  A ¯   h  t − 1   +  B ¯   x t  ,       y t     = C  h t  ,     



(3)







Finally, a basic SSM computation process can be represented by a convolution operation as follows.


     K ¯     = ( C  B ¯  , C  A ¯   B ¯  , ⋯ , C   A ¯   M − 1    B ¯  ) ,      y    = x ∗  K ¯  ,     



(4)




where M denotes the length of the input sequence x, and   K ¯   denotes the structured convolutional kernel.




2.2.2. VMD


The proposed VMD network improves the network based on VIM to adapt to the wind field reconstruction task. While the standard SSM model (i.e., Mamba) can only handle 1D sequence inputs, VIM improves Mamba blocks so that they can be combined with computer vision tasks to perform calculations on 2D inputs [17]. Specifically, the 2D image t is first divided into multiple patches and a flatten operation is performed to obtain x. The segmented x is projected into d-dimensional vectors, respectively, and added with the calculated position encoding. The calculation formula is as follows:


      T 0  =  [  t  c l s   ;  t p 1  W ;  t p 2  W ; ⋯ ;  t p J  W ]  +  E  p o s   ,     



(5)




where   t p J   represents the   J  t h    patch,  W  represents the learned weight parameter matrix, and   E  p o s    represents the position embeddings. Like the Vision Transformer [18] and Bidirectional Encoder Representations from Transformers (BERTs) [19], the VIM uses a class token to represent the information contained in the whole patch, denoted as   t  c l s   . The output   T l   is obtained via the VIM. After regularizing the class token   T l 0   of dimension 0 in the   T l   sequence, the image is classified by the MLP layer.



The wind field reconstruction technology discussed in this paper differs from VIM’s image classification task. The reconstructed wind field cannot be obtained through a simple linear mapping. As a result, part of the VIM is utilized in the proposed VMD network. The modified VIM is utilized as an encoder to extract features from the input data. Additionally, based on the decoder structure presented in this paper, the extracted low-dimensional features are upsampled to match the dimensions of the wind field to be predicted, and the reconstructed wind field is finally calculated.



We made specific changes to the VIM. We removed the final classification layer and added a new MLP layer to the encoder. We also adjusted the dimensionality of the data, mapping the low-dimensional output   T l   to the high-dimensional feature X. After X is upsampled by the decoder to the original resolution, we can obtain the complete reconstructed wind field, where X contains the information extracted from the input data by the encoder. The final model prediction process can be expressed by the following formula, where Vim Block indicates one layer of the VIM and l represents the lst-layer Vim Block of the VIM. The detailed definition of the Vim Block can be found in Section 3.3 of [17], and it is therefore not reiterated here to avoid redundancy.


     T l     = Vim Block  (  T  l − 1   )  +  T l  ,       W ^     = Decoder (  T l  )     



(6)







The Decoder is mainly made up of multiple upsampling layers connected with a convolutional layer. In the upsampling layer, the high-dimensional feature X calculated by the encoder is divided into several sections to perform dimension upsampling operations. This is carried out to ensure that the output matches the expected dimension of the reconstructed wind field. Then, the high-dimensional features are combined and the dimension is reduced through a convolution layer with a convolution kernel size of 1 × 1. The entire VMD calculation process is shown in Algorithm 1, where the VIM indicates all l-layer Vim Blocks and Norm represents the 2D Batch Norm layer.






	Algorithm 1 Algorithm of VMD.



	Require: Token   T 0   : (B,N,D)

Ensure: Wind field   W ^   : (B,H,W)

	  1:

	
Encoder:




	  2:

	
/* calculate token   T l   via VIM */




	  3:

	
  T l   : (B,N,D)  ← VIM (  T 0  )  




	  4:

	
/* projection to higher dimensional space */




	  5:

	
 T  : (B,M,C)  ← Linear (  T l  )  




	  6:

	
/* data dimensionality increase */




	  7:

	
 X  : (B,M,C,h,w)  ← Reshape ( T )  




	  8:

	
Decoder:




	  9:

	
/* upsampling */




	10:

	
for   D e c o n v   in   { D e c o n v     L a y e r s }   do




	11:

	
     X = ReLU ( Norm ( Deconv ( X ) ) )  




	12:

	
end for




	13:

	
/* eature fusion, reconstruct the wind field */




	14:

	
  W ^   : (2,H,W)  ← Conv ( X )  




	15:

	
return   W ^  
















2.3. Data Acquisition


The European Centre for Medium-Range Weather Forecast Reanalysis v5 (ERA5) uses the laws of physics to combine model data with observations from around the world into a globally complete and consistent dataset. ERA5 is based on the methodology used by the Center for Numerical Weather Prediction, which, every 12 h, combines previous forecasts with newly available observations to produce new best estimates of atmospheric states in an optimal way. The temporal resolution of wind data provided by ERA5 is 1 h. In the horizontal direction, the wind data are given in longitude and latitude as horizontal and vertical coordinates, and data are positioned on a longitude and latitude coordinate system spaced at 0.25 degrees. The data are divided into 37 different pressure heights with different atmospheric pressures from 1 hPa to 1000 hPa in the vertical direction [6].



In this paper, the ERA5 dataset is used as the basis, and the data are processed to meet the needs of the data required in this paper. The wind field reconstruction method using incomplete wind data studied in this paper requires incomplete wind fields similar to tracks as input data and complete real wind fields as labels, so as to realize supervised learning of the model. Therefore, this paper proposes a data generation method, which randomly generates n pseudo-tracks of length l through a function and sets the value of the corresponding position of the track to 1 in the all-zero matrix   O  ( H ∗ W )    to obtain the Mask matrix, denoted as M. By calculating the Hadamard product of matrix M and the real wind field, the incomplete wind data   W  m a s k    distributed along the pseudo-track can be obtained, which are the input features of the model, denoted as x, and the label y corresponds to the W matrix. The mathematical expression of the generation process is as follows, where W represents the complete wind data at a certain height obtained in ERA5.


     W  m a s k      =  W  H × W   ⊙  M  H × W   ,      x    =  W  m a s k   ,      y    = W ,     



(7)







Through this method, ERA5 data can be quickly divided into two parts: input features and labels. Randomly generated masks can cover the distribution of most tracks, and with reasonable methods (e.g., data augmentation methods such as rotation), it is theoretically possible to build a large-scale dataset with only a small amount of data.




2.4. Network Architecture Details


The parameter details of the VIM model are disclosed, where all variables correspond to those in Algorithm 1. For data generation, each mask randomly generated 4–8 pseudo-tracks with different lengths. The VMD stacks Vim blocks in the Encoder part with a depth of 24 and links through the residual structure. The SSM block (the hyperparameters included in the Vim block) has a dimension of 16. The hidden state dimension and expanded state dimension are set to 192 and 384, respectively. These values are commonly used as default settings in neural networks and usually show good training results on small and medium-sized datasets. Different from the VIM, the dimension of wind field data involved in this paper is small, only 21 × 21 (i.e., H and W). Therefore, a 3 × 3 kernel size projection layer is used instead to obtain a 1D sequence of non-overlapping patch embeddings. The data dimension C is set to 1024, h and w are both 1, and the upsampling is achieved at 5 times the deconvolution. The specific settings for each deconvolution layer are shown in Table 1.




2.5. Introduction to Other Methods


2.5.1. GPR


The Gaussian Process Regression (GPR) model is a machine learning method that assumes the real wind field follows a prior Gaussian process. It iteratively fits the mean and covariance functions of the wind field based on existing data and then calculates the posterior Gaussian process, from which the complete horizontal wind field is inferred. The strength of the GPR model lies in its ability to handle uncertainty, though it may be limited by its reliance on the Gaussian assumption, particularly in capturing complex wind field characteristics.




2.5.2. PINN


The Physics-Informed Neural Network (PINN) model is based on the Unet architecture, where all convolution operations are replaced by partial convolution [16]. The PINN incorporates multiple physical constraints as part of the loss function, blending physics-based modeling with data-driven prediction. The advantage of the PINN model is its ability to integrate physical laws into the learning process, making it well suited for scenarios with incomplete or imperfect data and improving the accuracy of wind field reconstruction through these physical constraints.





2.6. Evaluation Index


This summary lists the calculation formulas of the evaluation indexes involved in this paper, including the calculation formulas of wind speed error and wind direction error. The L1 loss function used in model training is the same as the MAE calculation formula, which is not repeated here.


     M A E     =  ∑  i = 1  m   |  y i  −   y ^  i  |  ,       R M S E     =    ∑  i = 1  m    (  y i  −   y ^  i  )  2    ,       M R E     =     ∑  i = 1  m   |  x i  −  y i  |     ∑  i = 1  D   |  y i  |     ,       R 2     = 1 −     ∑  i = 1  m    (  y i  −   y ^  i  )  2     ∑  i = 1  m    (  y i  −   y ¯  i  )  2     ,     



(8)







The MAE calculation formula of wind direction is rather special. The function of PyTorch will map the angle to −180 degrees to 180 degrees when calculating the angle. In this paper, the south wind is 0 degrees, the west wind is 90 degrees, the north wind is 180 degrees, and the east wind is −90 degrees. When the predicted value and the true value are distributed between the jump of −180 degrees and 180 degrees, the wind direction error cannot be directly calculated by the MAE. For example, if the predicted value is 179 degrees and the true value is −179 degrees, the MAE result is 358 degrees, but the difference is only two degrees. Therefore, the MAE calculation formula for wind direction is shown as follows.


     M A  E  d e g r e e       = m i n ( M A E  (  y i  ,   y ^  i  )  , 360 − M A E  (  y i  ,   y ^  i  )  ) ,     



(9)









3. Results


This section introduces how to verify the VMD network proposed in this paper through experiments (including the details of setting each hyperparameter in the experiment), displays the final wind field reconstruction results, and evaluates the reconstruction results of the model through indicators, such as the MAE.



3.1. Experiment Settings


This experiment was conducted on the ERA5 dataset, and the input features and labels were obtained by using the method proposed in Section 2.3. In the experiment, wind data from January 2018 to December 2021 at 225 hPa pressure heights were used for model training, and the wind data from 2022 were utilized to test the model. The wind data include the u and v components of the wind, which represent the magnitude of the wind speed component in the east–west and south–north directions, respectively. Spatially, the data were restricted to the range of 3 to 8 degrees east longitude and 49 to 54 degrees north latitude, split into a grid of latitude and longitude at 0.25 resolution.



In order to ensure the repeatability of the training dataset and the validation dataset (to avoid the randomness of each training, especially the validation), this paper sets the seed parameter, so that a fixed mask can be generated by setting the same seed before each training, which is beneficial to compare the experimental results on the validation set. The optimizer is set to Adamw with a learning rate of   5 ×  10  − 4    , momentum parameter of 0.9, batchsize of 512, and weight decay of 0.05. The experiments were completed on a single NVIDIA Quadro RTX 5000 GPU with 1000 rounds of training, and the loss curves are shown in Figure 1.



As can be seen in Figure 1, the train loss curve shows a significant downward trend until 700 epochs and then train loss almost converges. The test loss curve shows a rapid convergence in the first 20 epochs, and the oscillation disappears and becomes stable after 600 epochs. This shows that the model can effectively learn and converge during the training of 1000 epochs, and there is no obvious overfitting phenomenon.




3.2. Presenting Results


In order to demonstrate the results of the model reconstruction, this section tests a set of data that is not in the training set, and the generated Mask has a random seed so that the results are not different from test to test. Figure 2 shows the result of the VMD output.



The reconstructed U and V components of the wind are presented in Figure 2A and Figure 2B, respectively. The subfigures a, b, and c in Figure 2A,B represent the input data generated by real wind data masked with the random track, the model prediction results, and the real value, respectively. Subplot d shows the MAE between the predicted result and the ground truth. The mean error is the MAE of all data points in the current plot. All plots are in meters per second. Furthermore, the experimental data used in the figure comprise a pressure level of 300 hPa at 12:00 on 1 January 2022.



Images in Figure 2 demonstrate that the reconstructed wind components U and V accurately represent the actual wind components. The model is able to yield effective and precise predictions even in areas with missing data (i.e., the areas covered by the Mask). In order to show the refactoring results more intuitively, the U and V components of the wind are also restored to the wind vector represented by the wind speed and wind direction, and the reconstructed wind field is plotted on the map, as shown in Figure 3. The reconstructed wind field is plotted in Figure 3 and bounded by the region included in the data (the airspace covers The Netherlands and Belgium, as well as western Germany), where the dark brown area is the continent, the light blue area is the ocean, and the green area indicates the area where the observations are present (that is, the unmasked area). Each arrow represents a reconstructed wind vector, which represents both direction and magnitude. Compared with Figure 2, Figure 3 can reflect the reconstruction results more intuitively.



Figure 3 shows the reconstruction results of transforming the U and V components of Figure 2 into the wind vector field represented by wind speed and wind direction. It is more intuitive to see from Figure 3 that the proposed model can effectively and accurately reconstruct the wind field. By comparing Figure 2 with Figure 3 (upper right corner of Figure 3a,b, the prediction is northeast wind, the real is southeast wind), it can be seen that although there is a certain error in the prediction of V component of wind by the model, in the reconstructed wind vector field, the deviation between the reconstructed result and the real value is small. The VMD can effectively predict the wind speed and direction trends in the Mask area, and the errors of wind direction and wind speed are within an acceptable range.



However, when there is a dramatic change of wind in the Mask region, the model prediction results will produce certain errors. Figure 4 shows two examples in the test set. The left figure of Figure 4 shows an example when the regional atmospheric pressure imbalance leads to a large angle difference in the wind field, and the right figure of Figure 4 shows a situation when the northeast region is dominated by southwest wind, the southwest region is composed of northwest wind and southwest wind, and the two winds meet in the middle region to produce an area with wind speed close to 0 but unstable wind direction. It can be seen from Figure 4 that the model can still effectively predict the overall trend of the wind field distribution under such challenges. However, it is hard to avoid that there are some errors in the prediction of wind speed and direction in the mask region far from the observed value.




3.3. Robustness Testing


To verify the robustness of the model (sensitivity under various test conditions), five tests were conducted based on the data from 2022. For ease of explanation, here is a detailed description of the sub-datasets used for each test. Subset 1 contains the data for February, May, August, and November 2022, which are segmented according to pressure level to generate 37 datasets at different pressure levels. Subset 2 is sampled at a pressure level of 300 hPa in 2022. Subset 3 uses the same dataset as Subset 2 but manually limits the number of pseudo-tracks of the Mask region. Subset 4 is the subset sampled at 300 hPa on the 1st and 15th of September, October, November, and December 2022 at 12:00. Subset 5 is the subset sampled at 300 hPa at 12:00 on on 1st day of each month from January to October 2018.



3.3.1. Pressure Level


Firstly, the sensitivity of the model to pressure level was tested. The tests were conducted on Subset 1, where the data were spaced 2 months apart to avoid seasonal effects on the results. In Figure 5, the error curve of wind speed and wind direction is drawn with the pressure level as the horizontal coordinate and the MAE as the vertical coordinate, in which the pressure level is arranged from 1000 hPa to 1 hPa (corresponding to the altitude from low to high to facilitate intuitive viewing), across 100 m to 58,000 m above sea level, approximately. The blue area in Figure 5 indicates the possible pressure level of common civil aircraft during flight, that is, 225 hPa to 500 hPa. This altitude range is studied more in this paper.



It can be seen from Figure 5 that the error of wind direction is greatly affected by the pressure level, especially in the low-altitude area. However, in the blue region, the error distribution of wind speed and wind direction is not significantly affected by the change of pressure level, and the MAE shows a slight decreasing trend with the increase in altitude. The VMD network’s reconstruction effect is optimal at the typical cruising altitude of civil aviation, with wind direction and the speed MAE reaching their lowest values.




3.3.2. Distance Interval


The model was tested on Subset 2 to verify the reconstruction effect of the model on horizontal wind fields in common civil aviation altitude airspace. The performance of the proposed model on Subset 2 is recorded in Table 2.



Considering that the model forecasts and reconstructs the wind field based on the existing data, the magnitude of the error may have a certain correlation with the minimum distance interval between the predicted position and the existing observed position (i.e., input X). The results of each reconstruction were statistically analyzed, and the distance interval and the corresponding MAE value in each prediction were recorded. The correlation between MAE and distance interval was plotted based on the statistical results with a step of 50 km interval. Figure 6 shows the correlation between speed direction and distance interval.



As can be seen from Figure 6, the overall trend of the forecast error mean curve increases with the increase in the distance interval from the known observation position, regardless of wind speed or wind direction. However, the prediction of wind direction seems to have better generalization ability. When the distance interval is greater than 400 km, the error of wind direction is significantly reduced.




3.3.3. Number of Pseudo-Track


Considering that the number of tracks in airspace is uncertain, the model should be tested several times with the number of tracks as a variable to verify the sensitivity of the model to the number of tracks. The model was tested using Subset 3, manually setting the number of tracks from 1 to 12, and the results are shown in Figure 7. The MAE curve in Figure 7 represents the result of the wind speed reconstruction MAE as the number of tracks increases. The differential of the MAE is the gradient calculated for the MAE, which represents the speed of MAE’s decline. It can be seen from Figure 7 that, at first, the MAE decreases dramatically as the number of tracks increases. When the number of tracks increases to more than 5, the decrease in MAE tended to be stable, and the gradient almost tended to 0. The MAE no longer declined significantly with the number of tracks.




3.3.4. Comparison


Furthermore, in order to illustrate the accuracy of the prediction results of the proposed model, the proposed model was compared with the GPR model and PINN model proposed in [16,20], respectively. To ensure the fairness of the comparison, testing was carried out on the same dataset as the GPR and PINN models, corresponding to Subsets 4 and 5, respectively. Table 3 and Table 4 show a comparison of the VMD vs. GPR and VMD vs. PINN.



Although the error of the VMD is larger than that of the GPR and PINN at some test dates, by comparing Table 3 and Table 4, the error of wind speed and direction of the VMD is about 33.8 % and 48.2 % smaller on average than that of the GPR, and about 19.1% and 38.6% smaller than that of the PINN.





3.4. Discussion


This study introduces and validates the VMD network for reconstructing wind fields. The model utilizes incomplete wind observation data to reconstruct the complete horizontal wind field. By training on the ERA5 dataset, the VMD network can extract features from incomplete wind data along the flight trajectory. These features are then decoded and upsampled to reconstruct a complete horizontal upper-air wind field. This study conducted various tests on different samples of the dataset, including sensitivity tests for the pressure level, distance interval, number of pseudo-tracks, and comparison with other models. The test results indicate that the VMD network performs well at the typical cruising altitudes of civil aviation, with the MAE of wind speed and wind direction being less than 2.5 m/s and 5 degrees, respectively. When compared with the GPR model and PINN network, the proposed VMD model demonstrates superior performance on the same dataset.



In areas with significant wind changes, the model’s predictions may be biased. When we tested the distance interval and amount of pseudo-track sensitivity, we found that errors increased with larger distance intervals or a smaller number of tracks. This happened because, in the Mask region, the wind speed and direction are no longer uniform and can change significantly, leading the model to make incorrect wind field predictions. To reduce this error, we can increase the number of cases of complex weather in the model training set. This will help the model learn correlations between data from large distance intervals, allowing it to predict wind field distribution from a macroscopic perspective rather than focusing on local features. Another approach is to introduce a wider range of observations, including expanding the data from X, Y, and Z axes, to provide more information for the prediction.





4. Conclusions


This paper developed a new VMD network to reconstruct a wind field across the entire airspace from incomplete wind data. The approach involved generating random tracks and applying a Mask operation to the ERA5 reanalysis dataset to create a large number of training data similar to the track. The model was evaluated on a validation set separate from the training set, yielding an MAE of 1.83 m/s for wind speed and 5.78 degrees for wind direction. When compared to the GPR model and PINN network, the VMD model reduced wind speed errors by 33.8% and 48.2%, respectively, and direction errors by 19.1% and 38.6%, respectively. The experiment demonstrates that the VMD model can efficiently and accurately reconstruct the horizontal wind field.



In future studies, we plan to use actual ADS-B and S-mode-combined observational data, which were the main focus of this study. Additionally, we aim to further extend the reconstruction dimension in the vertical direction so that the model can reconstruct a wind field in three-dimensional space. With further optimization, this method has the potential to provide comprehensive real-time meteorological data for the aviation and meteorological fields, ultimately enhancing the safety and efficiency of flights.
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Figure 1. Train and test loss curve plotted for 1000 epochs. The horizontal coordinate represents the number of training rounds, and the vertical coordinate represents the training loss. train_loss and test_loss represent the loss on the training set and test set, respectively. The loss function is L1 loss. 
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Figure 2. Reconstructed U and V wind components at 300 hPa, 1 January 2022, 12:00. 
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Figure 3. Comparison of the reconstructed wind field results, the green area shows where the observed value is located, (Left): reconstructed wind field results. (Right): real wind field. 
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Figure 4. Wind field reconstruction results under more complex conditions. 
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Figure 5. The reconstructed wind field errors at different pressure levels. The horizontal pressure level from 1000 hPa to 1 hPa corresponds to the altitude of 100 m to 58,000 m and gradually increases from left to right. The blue area indicates that the common flying height of civil aircraft is 6000 m to 12,600 m, roughly corresponding to the pressure level of 500 hPa to 225 hPa. 
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Figure 6. The left and right figures in the figure show the correlation between wind speed and wind direction MAE and distance intervals, respectively. Box plots are drawn in different distance intervals, and the dotted lines in the figure represent the mean curve. The green triangles represent the mean value. 
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Figure 7. Diagram of MAE variation with number of track. The horizontal coordinate is the number of flight tracks in the region, the MAE curve represents the wind speed error, and the differential of MAE calculates the gradient of the MAE, indicating the speed of MAE change. 
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Table 1. Detail settings of deconvolution layers.






Table 1. Detail settings of deconvolution layers.





	Layers
	Input Channel
	Output Channel
	Kernel Size
	Stride





	Deconv 1
	1024
	512
	2
	1



	Deconv 2
	512
	128
	3
	2



	Deconv 3
	128
	64
	2
	2



	Deconv 4
	64
	64
	3
	2



	Deconv 5
	64
	2
	1
	1










 





Table 2. Evaluation indicators of VMD net on Subset 2.






Table 2. Evaluation indicators of VMD net on Subset 2.





	
Net

	
Target

	
MAE

	
MRE

	
RMSE

	
R2 *






	
VMD

	
speed (m/s)

	
1.83

	
7.87%

	
2.87

	
0.92




	
direction (degree)

	
5.78

	
[image: Aerospace 11 00791 i001]

	
35.81

	
0.76








* A higher R2 value indicates better predictive performance of the network. The MRE value of the direction represents only a scaling operation, so it is omitted and the diagonal is used as a placeholder.













 





Table 3. VMD vs. GPR. Each number in the table represents the MAE error of the model on the corresponding date. For example, the wind speed prediction error of the VMD model on 1 September is 1.30 m/s and the wind direction prediction error is 6.29 degrees. Total represents the average error of the row.
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Net

	
Target

	
9/1

	
9/15

	
10/1

	
10/15

	
11/1

	
11/15

	
12/1

	
12/15

	
Total






	
VMD

	
speed (m/s)

	
1.30

	
1.27

	
2.29

	
1.64

	
1.06

	
0.91

	
4.54

	
1.46

	
1.80




	
direction (degree)

	
6.29

	
2.15

	
1.14

	
0.92

	
1.97

	
8.60

	
7.45

	
2.99

	
3.94




	
GPR

	
speed (m/s)

	
2.31

	
4.26

	
2.15

	
1.48

	
3.44

	
2.81

	
2.86

	
2.42

	
2.72




	
direction (degree)

	
35.33

	
4.39

	
2.25

	
3.93

	
2.20

	
4.49

	
5.39

	
2.94

	
7.62











 





Table 4. VMD vs. PINN.






Table 4. VMD vs. PINN.





	
Net

	
Target

	
1/1

	
2/1

	
3/1

	
4/1

	
5/1

	
6/1

	
7/1

	
8/1

	
9/1

	
10/1

	
Total






	
VMD

	
speed (m/s)

	
2.05

	
0.98

	
1.35

	
2.07

	
3.05

	
1.26

	
1.75

	
4.24

	
2.66

	
3.78

	
2.32




	
direction (degree)

	
3.40

	
4.71

	
3.46

	
2.71

	
18.62

	
5.65

	
12.93

	
11.02

	
4.01

	
5.17

	
7.17




	
PINN

	
speed (m/s)

	
2.76

	
2.74

	
2.62

	
2.51

	
3.20

	
3.36

	
3.18

	
2.84

	
3.10

	
2.34

	
2.87




	
direction (degree)

	
9.2

	
4.3

	
5.7

	
3.0

	
3.6

	
4.6

	
24.5

	
18.9

	
26.0

	
17.0

	
11.68
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