

  applsci-13-11716




applsci-13-11716







Appl. Sci. 2023, 13(21), 11716; doi:10.3390/app132111716




Article



A Mapping Model of Propeller RANS and LES Flow Fields Based on Deep Learning Methods



Jianhai Jin 1,2, Yuhuang Ye 3, Xiaohe Li 1,2, Liang Li 1,2, Min Shan 3 and Jun Sun 3,*





1



China Ship Scientific Research Center, No. 265 Shanshui East Road, Wuxi 214082, China






2



Taihu Laboratory of Deepsea Technology Science, Shanshui East Road, Wuxi 214082, China






3



School of Artificial Intelligence and Computer Science, Jiangnan University, Lihu Avenue, Wuxi 214122, China









*



Correspondence: junsun@jiangnan.edu.cn







Citation: Jin, J.; Ye, Y.; Li, X.; Li, L.; Shan, M.; Sun, J. A Mapping Model of Propeller RANS and LES Flow Fields Based on Deep Learning Methods. Appl. Sci. 2023, 13, 11716. https://doi.org/10.3390/app132111716



Academic Editor: José António Correia



Received: 23 August 2023 / Revised: 14 October 2023 / Accepted: 18 October 2023 / Published: 26 October 2023



Abstract


In this work, we propose a deep-learning-based mapping model for simulating and predicting the flow field of Reynolds-averaged Navier–Stokes (RANS) and large eddy simulation (LES) of propellers. The model employs image processing and computer vision methods to process the two-dimensional propeller RANS and LES simulation data. First, images are obtained by simulating the flow fields with the location data used to acquire a set of features specific to the corresponding positions. Second, the regression models for the flow fields and the mapping between the two different flow fields are established to predict the LES flow field at that position. Specifically, we utilize a deep convolutional neural network (CNN) for feature extraction from the flow field, which is then integrated with a nonlinear module for the purposes of regression and mapping. The effectiveness and accuracy of the proposed model in flow field prediction are demonstrated by its application to propeller RANS and LES simulations. It is shown that the overall error rate between the LES flow field predictions generated using this method and actual flow field data is 7.92%. Additionally, we also evaluate the model’s generalization ability, stability, and robustness by testing it on the data of propeller flow fields at different Reynolds numbers. The results verify the applicability of the proposed model in various problems of flow field simulation and prediction.
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1. Introduction


The turbulence problem encompasses various engineering fields, so that finding a solution for this problem is of great significance in these fields. During the past decades, researchers have continuously conducted exploration and research of turbulence. The concept of rapid distortion of a fluid [1,2] and the proposition of different scaling rates and the demonstration of turbulent boundary layers [3] have given us a better understanding of turbulent flow. With the advancement of computer technologies and the implementation of particle image velocimetry (PIV), research on turbulence has become increasingly profound and detailed. While previous efforts have deepened our comprehension of turbulent flow, the fundamental issues related to turbulent flow [4], and its effective application in engineering remain unaddressed. Turbulent flow is still a significant hurdle for success in the engineering of aviation, aerospace and navigation. The essence of turbulent flow, the physical laws governing its evolution, and optimal utilization in engineering have always been important research topics attracting the attention of researchers.



Numerical computation methods for turbulence flow can be categorized into direct numerical simulation (DNS), large eddy simulation (LES), and Reynolds-averaged Navier–Stokes (RANS) based on grid resolution scales. With improvement in computer performance and the development of parallel computing, DNS and LES have been increasingly utilized both in research and engineering. However, for complex geometries and flows with a high Reynolds number, the substantial increase in grid size severely limits the applicability of these methods. In contrast, although the accuracy of the RANS model is inferior to the former two methods, its user-friendly nature and high efficiency have made it widely adopted in engineering practice [5]. Particularly in the aerospace domain, where the Reynolds numbers of flows are generally high, turbulence computation mainly depends on existing RANS models.



Reynolds-averaged numerical simulation (RANS) is the most extensively employed turbulence numerical simulation method in engineering. Most of the RANS models are based on the assumption of eddy viscosity, which yields satisfactory results for attached flows. However, in the case of complex flows such as separated flow, the relationship between Reynolds stress and strain is no longer that of a simple linear correlation. The anisotropy of turbulent flow makes turbulence modeling significantly challenging [6], and consequently, the calculation results of the RANS model often exhibit significant deviations from the actual flows. In addition, empirical parameters in the model are often determined based on some specific flows, which increases the model’s uncertainty and subsequently affects its applicability.



Large eddy simulation (LES) is a turbulence numerical simulation method that lies between direct numerical simulation (DNS) and Reynolds-averaged numerical simulation (RANS). It filters the Navier–Stokes equations, dividing the flow field into large-scale and small-scale components. LES directly simulates the large-scale eddies, while a sub-grid-scale model is used to model and solve the small-scale components. However, on the near-wall surface, since there is no inertial sub-region, the number of grids for LES near the wall surface is always required to reach the fineness of DNS. This also leads to a large consumption of computing resources for LES simulation, which limits its application in engineering applications, especially engineering computation for flows with complex shapes. Therefore, many researchers have attempted to integrate RANS and LES models to establish complex system models to reduce computational costs while achieving accurate simulation results.



In fact, there are two main types of approaches to establishing complex system models. The first one is based on the framework of theoretical models, where an ideal system description is made according to the governing equations of the physical problem. This type of model typically requires researchers to have a deep understanding of the physical processes and be able to translate them into mathematical models. Most of the current turbulence models, such as the k-ω model [7] and the Spalart-Allmaras (SA) model [8], are developed by using this approach. The second type is based on data-driven approaches, which involve direct construction of black-box or grey-box models based on sample data obtained from system simulations or experiments. How to effectively utilize large datasets, extract key information from them, and guide the development of fluid mechanics have become focuses of researchers’ attention.



Machine learning techniques, such as radial basis function neural networks (BRFNN), random forests (RF), support vector machines (SVM), and neural networks (NNS), have been widely applied in many areas such as speech and image recognition [9,10], signal processing [11], and model reduction [12]. The combination of machine learning and turbulence modeling has become an emerging research direction in the field of fluid mechanics. Existing research findings have strongly validated its feasibility and indicate the positive prospects of machine learning in future applications of turbulence modeling [13]. However, there are still many challenges and unsolved problems in this field. For instance, how to improve the generalization ability, robustness, and stability of the models is the main concern of researchers. Existing studies showed that the model performance tends to degrade to varying degrees when there are significant differences between the predicted data and the training data or when there are changes in the geometric shape. This is to some extent an inherent limitation of data-driven methods. Additionally, some aspects in the model construction, such as data processing and feature engineering, selection of model objects, and constraint conditions, can also influence the final performance of the models.



Therefore, in order to address the challenges of complex system modeling and to partially overcome the issues encountered in applying machine learning to turbulence, this paper proposes a sample mapping model for simulating the flow field of a propeller by using a deep-learning-based approach to combining Reynolds-averaged Navier–Stokes (RANS) and large eddy simulation (LES). The model is constructed by training on existing RANS and LES flow field samples, with the mapping between numerical values of simulation samples for propeller flow fields. By learning the mapping relations between RANS and LES, we can obtain flow field predictions close to those predicted via LES but with higher computational efficiency.



The contributions of this paper can be summarized as follows. First, we propose a novel, neural-network-based mapping method of transforming RANS data to LES data, addressing the issues associated with both simulation methods. Second, we extensively evaluate the performance of several neural network models for feature extraction on a dataset comprising over a thousand sets of RANS and LES simulated data of swirling flow fields. Finally, we demonstrate the generalization capability of our model by applying it to two-dimensional swirling flow field simulation data generated at different Reynolds numbers.



The paper is organized as follows. Section 2 reviews some related work. The proposed methods are presented in Section 3, and the experimental results and analyses are provided in Section 3. Finally, the paper is concluded in the last section.




2. Related Work


2.1. RANS Simulation


Reynolds-averaged Navier–Stokes (RANS) simulation is a classical numerical simulation method widely used in the field of fluid mechanics. Instead of directly solving the Navier–Stokes equation (NS equation) for turbulent flow, the RANS method applies time-averaging to the Reynolds equation [14]. It utilizes assumed Reynolds stress to establish a connection between turbulent fluctuation values and time-averaged values. In addition, it introduces a turbulent flow model to close the Reynolds time mean equations. The RANS time-averaging approach avoids directly solving turbulent flow, thus significantly improving computational speed and efficiency. Consequently, it has become the most commonly employed numerical simulation method in engineering. The RANS turbulence models includes the SA one-equation model and two-equation models. For example, k-ε and k-ω models are widely used two-equation models. Some studies, including those conducted by GonzàLez [15] and Chea [16], utilized the RANS method for unsteady numerical simulation of flow fields. Ahmed [17] applied the RANS method to investigate the hydraulic performance of axial flow pumps. Xiang et al. [18] conducted numerical simulations on wind turbines, exploring the wind field and wind-sand erosion issues. The RANS method has been applied in practical engineering problems due to its low computational time and the requirement of low grid resolution. When the accuracy of the results is not critical, the RANS method can save computational costs and expedite the simulation process.




2.2. LES Simulation


Large eddy simulation (LES) is a numerical method used to investigate turbulent flows and is particularly suitable for resolving flow phenomena. In LES, small eddies in the flow field are filtered through a filter function, while the large eddies and smaller eddies are directly solved using the NS equation. The additional impact of the small eddies on the large eddies is considered through sub-grid scale (SGS) models. For instance, Lu [19] carried out LES simulations to analyze lift and drag around a cylinder and used SGS models to capture the detailed characteristics of the flow field. Researchers have also attempted to apply LES to practical engineering. Kye et at. [20,21] employed LES to study the diffuser of a centrifugal pump and analyzed the flow behavior and the interaction between guide vanes. They found that LES can improve the accuracy of numerical simulations when the working conditions deviate from the design. Scholars have also investigated two-dimensional and three-dimensional LES, highlighting the limitation of simplifying three-dimensional flows to two-dimensional, since it ignores spanwise fluctuations of large eddies and leads to inaccurate calculations. Bouri [22] investigated flows around a square column and found that the two-dimensional LES fails to reflect actual flow behavior. The above-mentioned research indicates that LES and detached eddy simulation (DES) methods have been gradually transitioned to engineering applications. With the computational requirements taken into account, direct application of high-precision numerical simulation methods in engineering is challenging. However, with continuous advancements in computer technology and simulation methods, LES simulations have played a significant role in exploring turbulent flows and solving practical engineering problems.




2.3. Application of Deep Learning in Turbulence Modelling


In recent years, machine learning and deep learning methods have been used in the field of fluid mechanics, demonstrating immense potential in applications such as turbulence modeling.



Various machine learning techniques have been applied to modify traditional RANS models to enhance the flow prediction, including modifying model parameters with Bayesian methods [23], introducing a correction factor for the turbulence production term using neural networks [24], adding a spatially distributed correction field via field inversion and Gaussian process [25], etc. However, the various types of corrections trained for traditional RANS models are usually not physically interpretable.



Other than simply adding corrections to existing model parameters, more comprehensive efforts have been made to construct new Reynolds stress closures via physics-informed machine learning. A random forest method was used in Wang [26] to train Reynolds stress discrepancy functions, but the performance of mean quantities needs to be further validated. At the same time, the gene expression programming (GEP) method has been introduced [27] to develop explicit algebraic (Reynolds) stress models (EASM) based on the stress tensor decomposition proposed by Pope [28].



Although machine learning for turbulence model development is becoming a growing trend, obstacles and problems still exist in training and implementing the models to engineering applications. Using machine learning to enhance traditional turbulence models for improved accuracy in flow predictions remains an area that requires continuous and thorough exploration.



In the field of turbulence model mapping, according to our investigation, there is currently no existing work that utilizes deep learning to extract features from flow field data and regress these features to map them to more accurate large eddy simulation (LES) data. Nevertheless, this research topic remains significant as deep learning regression and mapping hold the potential to rapidly and accurately acquire complex and precise flow field data, significantly reducing the time and resources required for traditional fluid dynamics calculations. Additionally, it provides a novel approach for modifying traditional RANS models.





3. Method


The problem of mapping between RANS and LES flow field simulations using the actuator disk can be analogized to the problem of image feature extraction and mapping. The objective of the problem is to transform RANS data points into LES ones. During the process, all the data points within the same file are first converted into image information. Then, for each RANS point that needs to be predicted, its location information is combined with the overall flow field image and fed into a neural network. Through inference, the LES data point corresponding to its location information is obtained. Therefore, the overall model function can be represented as follows:


  ( V_axial , V_tangential , V_radial ) = F ( f ( I ) , x , y , z )  



(1)




where   V_axial , V_tangential , V_radial   are the predicted axial, tangential, and radial velocity components at the LES point, respectively,   f   is the feature extraction network,   I   is the image information,   x , y ,   and   z   represent the position information, and   F   is the regression model.



3.1. Data Processing of Propeller Flow Field Image


Since the flow field data used includes the simulation data of the two-dimensional propeller flow field under the same Reynolds number, each sample has multiple points (about 30,000) and is distributed on the area       x , y , z     x = 0 , − 1 ≤ y ≤ 1 , − 0.7 ≤ z ≤ 1 }   with three velocity components   ( V_axial , V_tangential , V_radial )  . Therefore, the point data should be processed before model construction.



First, discrete point data should be converted into images in order to process the flow field simulation data using image processing techniques. We converted approximately 30,000 discrete points from each CSV file into uniformly distributed matrix-format data. Therefore, the first step is to process each set of flow field simulation data. Initially, a point is plotted on the image based on y and z coordinates of each point, with its color representing the magnitude of the corresponding velocity. The lighter colors indicate lower velocities, while the darker colors represent higher velocities. Figure 1 shows an example of a flow field simulation image depicting the actuator disk generated by plotting 30,000 points. Since each set of RANS data corresponds to three velocity components, each set can generate three simulation images for the actuator disk flow field.



We export the generated data as images of size 256 × 256 × 3, which are the images of flow field data carrying global information. As the input and output consist of data points of flow fields, we also need to process the input images to include the position information of the measured points. During data processing, two additional channels containing matrices consisting of only 0 and 1 pixels are added to the input images. The specific approach involves matching the position information of given data with the corresponding image, mapping the position to a nearby pixel in the image, and setting the pixels within a 10 × 10 matrix box around that pixel to be 1 while keeping the remaining positions as 0. This generates a channel and carries a single-channel 256 × 256 matrix containing axis information, which remains fixed in the original file. Finally, the input matrix, integrated with the image information, is shown in Figure 2.



Considering that the simulation data of the propeller on civilian ships is generally concentrated around the propeller, in order to improve the accuracy and precision of the obtained features, we apply a special treatment to the points located in the central region of the propeller. A plot is created around an area of 0.26 × 0.26 m2 surrounding the propeller using the aforementioned method, and thus, a 256 × 256 central propeller image is generated in Figure 3. This significantly enhances the accuracy of the images and velocities, facilitating better feature extraction and mapping of the flow fields.




3.2. Feature Extraction and Regression Model


We begin by extracting features and performing regression on the flow field data. This involves extracting region-based features from each input image of the flow velocities to obtain the features of the flow field in a region. After that, regression is performed on these features to obtain the original flow velocities.



In this work, several methods of extracting flow field features are investigated. Each flow field image inherently contains spatial information, while consecutive flow field data exhibit temporal variations. Therefore, we first attempt to extract spatial features independently and then examine a two-stream model that combines temporal sequence information for extraction and fusion. In addition, since each flow field has information of three velocity components, we develop two different methods for different input methods for velocities to predict velocity information. Finally, multiple nonlinear mapping modules are employed to regress the extracted features into the three velocity components at the coordinates of the input RANS data point.



3.2.1. Feature Extraction for Single Velocity Component


Since the flow field data contains three velocity components at each point in the flow field, we initially consider separating the three velocity components for feature extraction and mapping. Each model focuses on extracting features and mapping the features from individual inputted velocity images and position images. The output is the predicted LES velocity component of the RANS image at the input position. Figure 4 illustrates the specific architecture for feature extraction for a single velocity component. This approach allows the model to learn the features of different velocity components separately.




3.2.2. Feature Extraction for Three Velocity Components


Considering that there may be certain correlations among the three different velocity components in the flow field data, we also explore combining the three velocity components as the input for feature extraction and mapping. Each model compresses and concatenates the input velocity images and position images, then performs feature extraction and mapping. The output is the predicted LES velocity of the RANS image at the input position. Figure 5 illustrates the specific architecture for feature extraction for the combination of three velocity components.




3.2.3. Feature Extraction for Three Velocity Component


A flow velocity image contains the information of the propeller and the surrounding flow field. Therefore, we utilize ResNet-18 as the backbone network for feature extraction. ResNet-18, with its deep network and residual connections, can effectively extract and propagate image features. The training speed for ResNet-18 is faster than the latest models with attention mechanisms and it can better extract texture features.



The main structure of ResNet-18 is illustrated in Figure 6. The model operates by taking the preprocessed image as the input and making it pass through a 1 × 1 convolutional layer for compression. The position information and global image are then concatenated to transform the input into an image size of n × 256 × 256, where n represents the number of input velocities plus 2. This is followed by multiple residual blocks to further extract features. After flattening, the model generates a desired 512-dimensional feature vector.




3.2.4. Two-Stream Model


The dataset we use for the simulation of ship propeller RANS and LES flow fields is sampled under the same time interval within a continuous time period. As a result, there exists a fixed temporal pattern between the two kinds of images. Considering that the simulations of RANS and LES flow fields of ship propellers exhibit both characteristics of static flow fields and temporal variations in the sequence of frames, we employ a two-stream network architecture, as shown in Figure 7, to simultaneously extract and fuse the features from these two types of images.



The two-stream architecture enables the network to process both appearance and motion information in videos. By fusing or jointly learning the outputs of the two independent processes, the network can effectively utilize the complementary information between static frames and inter-frame motion, thereby improving the accuracy of motion recognition. The two-stream network consists of spatial stream ConvNet and temporal stream ConvNets, which respectively extract spatial and temporal features from videos. The two types of features are then fused, followed by training multiple fully-connected layers for feature regression.



In the temporal stream ConvNets of the two-stream network, the input typically consists of motion information between multiple video frames. Optical flow is used to capture the motion information between adjacent frames, and convolutional layers and pooling layers are employed to extract features and reduce the dimensionality of the optical flow images. Combining multiple optical flow maps can capture dynamic information and motion patterns in the video but avoids the limitations of a single optical flow map in capturing complex motion patterns or integrating motion information from multiple time steps to better reflect dynamic changes in the video.



However, the motion in images of the propeller flow field is relatively simple and direct, with the variations in the main flow field caused by the movement of the propeller blades. Therefore, it is unnecessary to overlay multiple optical flow maps of the flow field as the input. Instead, we can select consecutive pairs of images within the time interval of each prediction to form the optical flow.



The main components of the spatial stream ConvNet and temporal stream ConvNets are illustrated in Figure 8. The input images, with a size of 256 × 256, undergo multiple convolutional and pooling layers. Each layer is separated using max-pooling, and ReLU activation functions are applied to all hidden units. The network continuously downsamples the features to implement dimensionality reduction and feature extraction. Finally, the network outputs the feature vector of the original image.




3.2.5. Feature Regression Module


For each feature extraction model, we have added a regression module to achieve regression of the extracted features. Specifically, the input is a flattened feature vector of size 512 × 1, obtained from feature extraction. This vector then passes through the multiple layers of non-linear regression modules, as depicted in Figure 9. The non-linear regression module consists of a fully connected layer followed by a ReLU activation function, along with a dropout operation with a default rate of 0.5. After regression through multiple non-linear modules, the final 512-dimensional feature is regressed and fused into three predicted values, representing the three velocity components in the flow field.





3.3. Subsection


Based on the separate feature extraction from RANS and LES images, we need to obtain a map between the two feature vectors to achieve the whole process of inferences and mappings from global data of the flow fields to combined images and from local positions to local features and finally the regression for velocity information. The specifics of this process can visualized in Figure 10. By performing non-linear mapping between the feature vectors, we can obtain local information of the images and then achieve regression.



The mapping module is illustrated in Figure 11. Firstly, the 512-dimensional vector is linearly mapped, followed by a fully connected layer and ReLU activation function. The output is a vector with a length of 256 × 1. It goes through two identical network structures, continuously integrating the feature information, and finally outputs the feature vector as the input to the regression model for LES. The velocity information of the LES model is then generated using the regression module.





4. Experiments


4.1. Dataset and Model Training


The dataset used in the experiments of this work was obtained using a simulation of RANS and LES flow fields. The computational mesh for the simulation employed a non-structural cut-body configuration and the simulation data were generated using Hexpress software (Version 6.2). The number of mesh elements was approximately 12 million. In the simulation, the flow was characterized via a Reynolds number of 1.4 × 107, a CFL (Courant–Friedrichs–Lewy) number of 0.3, and a y + value of 24, and the propeller’s advance speed was described using a coefficient of 0.925. In a comparison with experimental data using the model, the error for hull resistance calculated was 0.6%, the error for propeller thrust was −4.5%, and the error for torque was 1.6%. It comprises 1000 samples, with each sample containing simulation data of RANS and LES in the central region of the propeller. The flow field information in both cases is in CSV format and includes spatial coordinates (x, y, z), with x always being 0 for two-dimensional data and velocity (u, v, w). Each sample consists of approximately 30,000 points with three velocity components (  V_axial , V_tangential , V_radial )  . The points are distributed within the range of   ( x = 0 , − 1 ≤ y ≤ 0 , − 0.7 ≤ z ≤ 1 )  . The data sampling was performed at intervals of   1 °   during the rotation of the propeller, with the speed of the propeller rotation fixed. As a result, there is an inherent regularity in the continuous samples regarding time intervals and angle variations of images.



We split 70% of the dataset for training, 10% for validation, and 20% for testing. As we also conducted training for the two-stream network, feature extraction for optical flow was performed by computing the flow between two consecutive images in time. The computed optical flow and the subsequent image were used as inputs for the two-stream network.



The training process for various methods was conducted on two GPUs (3080Ti). Each method was trained for 20 epochs by using the mean squared error (MSE) loss function, as defined by


  M S E =     x − y     2    



(2)




where x represents the predicted value and y is the ground truth.




4.2. Experimental Results of Feature Extraction Model for Flow Fields


4.2.1. Flow Field Customization Error Rate


In accuracy evaluation for the results of flow field simulations, it is common to use the following error rate as an evaluation index:


  e r r =  ∑        V   x   −   V   x   ′       V   x          



(3)




where     V   x   ′     is the ground truth and     V   x     is the predicted value. However, the accuracy evaluation for propeller flow field simulations has several challenges. One of the main issues is that the magnitude of the error rate changes with the magnitude of the true value. For example, if the error value is 0.01 and the true value is 0.001, the error rate would be 1000%. However, if the true value is 0.1, the error rate would be 10%. Thus, directly using this error rate as an evaluation index has a lack of objectivity. To address this issue, we propose a comprehensive error rate as


  e r r =    ∑      V   x   −   V   x   ′          ∑      V   x          



(4)




where     V   x     is the actual value and     V   x   ′     is the predicted value. Such a comprehensive error rate would not be affected by the fact that the real value of a certain point is too small.




4.2.2. Experiments of Input Flow Field Sizes


We initially conducted experiments to investigate the impact of different input flow field sizes on the experimental outcomes, as detailed in Table 1. We began by comparing tests performed on the entire flow field and a central region around the propeller in the flow field. For the central region prediction, only the velocity information within that specific area was forecasted, while the remaining portions were directly compared using original RANS flow field data. The ultimate findings indicated significantly improved performance when focusing on the central region, outperforming direct predictions of the entire flow field. Subsequently, further experiments were conducted with varying flow field sizes. Initially, the image dimensions were set based on the propeller diameter, and experiments were conducted within a specific range around this size. Ultimately, a size of 0.26 × 0.26 m2 was identified as the optimal result. All subsequent experiments employed this size as the input.




4.2.3. Experiments of Model Performance and Feature Extraction


After fixing the flow field size at 0.26 × 0.26, we conducted comparative experiments with varying input velocity channel quantities and different feature extraction networks, using a test dataset of flow fields with a size of 200. For both RANS and LES data, we trained two separate models using the same neural network architecture and compared their error rates individually.



Table 2 and Table 3 summarize the results of model performance on the testing set, which contains approximately 200 samples. From the tables, it can be observed that the single-velocity prediction model achieves approximately 0.3% higher accuracy compared to the three-velocity prediction model, but at the cost of a significantly increased processing time. Moreover, it is evident that the two-stream network outperforms the ResNet-18 feature extraction network in terms of accuracy of feature extraction, which highlights the advantages of incorporating temporal information for feature regression of propeller RANS and LES.



It can also be observed that almost all the results exhibits a gradual increase in the error rates for the three velocity components. Upon analyzing the RANS and LES data, we found that the average values of the three velocities decrease sequentially, while the variances increase accordingly. Since neural networks require data normalization as a preprocessing step, involving subtracting the mean and dividing by the standard deviation, the normalization of the three velocity components amplifies prediction deviations disproportionately. Consequently, the current situation arises when the comprehensive error rate is calculated using Equation (4).





4.3. Experimental Results of Feature Extraction Mapping for Flow Fields


Based on the experiments mentioned above, it can be concluded that the two-stream network for three velocity components is more advantageous for feature extraction and exhibited better performance. Therefore, we selected the two-stream network for three velocity components as the backbone feature extraction network for training the mapping model.



Table 4 summarizes the results of experiments for the mapping module on the test dataset, which consists of approximately 200 samples. In the experiments, we first pre-trained the mapping module using the two types of features obtained and then integrated them into a complete model for training. From the table, it can be observed that all the mapping error rates for the three velocity components are below 10%, indicating excellent model performance. Furthermore, we interpolated the mapping results with the ground truth values and obtained the interpolation plots as shown in Figure 12. It is obvious from the plots that the errors in the predicted data are mainly concentrated around the location of the propeller blades.



We have extracted some data from the propeller center area and presented it in Table 5. Table 5 includes the (x, y, z) coordinates of each point, along with the predicted and actual results for the three speed parameters at those points.




4.4. Generalization Verification


We also collected a set of two-dimensional propeller flow simulation data based on different propeller models using OpenFOAM and used it to validate the model’s generalization performance. The computational mesh for the simulations adopts a non-structural cut-volume configuration, and the simulation data are generated using Hexpress software (Version 6.2). The number of grid cells is approximately 11.3 million. In the simulation, the flow characteristics are that the Reynolds number is 1.2 × 107, the CFL (Courant–Friedrichs–Lewy) number is 0.4, the y + value is 24, and the propeller forward speed is described using a coefficient of 1.11. Comparing the model with experimental data, the calculated hull resistance error is 1.3%, the propeller thrust error is −3.7%, and the torque error is 1.2%. Without pre-training, we selected 200 data samples from the dataset to test the model and obtained the error rates, with the results presented in Table 6. Analysis of the results in the table reveals that even for the simulation images of propeller flow at different Reynolds numbers, our model still showed its stability and robustness, enabling effective feature extraction and mapping.





5. Conclusions


In this work, we proposed a mapping model for the mapping between RANS and LES data based on deep learning methods. The model processes and visualizes both types of flow field data, then utilizes a deep convolutional neural network to extract flow field features and combines them with a nonlinear module for mapping and regression of the two types of flow field features. The experimental results showed that the LES results were accurately predicted by the model based on the RANS simulation data for propeller flow, with an error rate of only 7.92%. By comparing the predicted results produced by the models with actual RANS and LES simulation results, we observed a significant improvement in accuracy and speed with the deep-learning-based mapping model. Furthermore, the model also exhibited good generalization performance across different Reynolds numbers.



The findings of this research provide a new approach and tool for propeller flow simulations. By incorporating deep learning techniques, we can more accurately predict LES results of propeller flow, thereby saving computational power and time required for generating flow simulation data. This has significant practical implications for propeller design and performance analysis.



Although the model proposed in this paper offers advantages in terms of accuracy and speed, it also comes with certain limitations. First, the performance of the model is constrained by the availability of limited training data and the coverage of data ranges, so that it is unable to encompass all propeller operating conditions and design scenarios. Second, deep learning models demand substantial computational resources, which may limit their applicability in resource-constrained environments. Additionally, the black-box nature of the model could raise concerns related to interpretability and trustworthiness. The challenges related to generality, uncertainty modeling, and other aspects also require further research and improvement. Therefore, it is essential to consider these limitations comprehensively in real-world engineering applications.



In summary, this work achieved positive results in mapping RANS and LES flow simulation data for propeller flow using a deep-learning-based approach. This research serves as a valuable example of applying deep learning in the field of fluid mechanics and introduces new ideas and methods for the development of simulation of flow fields.
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Figure 1. Images of flow field for three velocity components. 






Figure 1. Images of flow field for three velocity components.
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Figure 2. The input data for the network. 






Figure 2. The input data for the network.
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Figure 3. Schematic diagram of the central area of the image. 
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Figure 4. Feature extraction model for single velocity component. 
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Figure 5. Feature extraction model for combination of three velocity components. 
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Figure 6. The structure of ResNet-18. 
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Figure 7. The structure of two-stream network. 
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Figure 8. The structure of ConvNet. 
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Figure 9. The feature regression module. 






Figure 9. The feature regression module.
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Figure 10. The process of inference and mapping. 
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Figure 11. The structure of mapping module. 
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Figure 12. The distribution of error rates. 
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Table 1. Comparison of experimental results for different input flow field sizes.






Table 1. Comparison of experimental results for different input flow field sizes.





	Model
	   V_axial    Error Rate
	   V_tangential    Error Rate
	   V_radial    Error Rate
	Average Prediction Time (Seconds)





	All flow fields
	3.56%
	8.89%
	11.4%
	6.78



	0.25 × 0.25
	2.73%
	7.98%
	9.59%
	6.67



	0.255 × 0.255
	2.69%
	7.70%
	8.94%
	6.61



	0.26 × 0.26
	2.72%
	7.65%
	8.89%
	6.58










 





Table 2. Regression error rate for feature extraction of RANS velocity in the data set (the average prediction time represents the running time of every hundred samples in the neural network).






Table 2. Regression error rate for feature extraction of RANS velocity in the data set (the average prediction time represents the running time of every hundred samples in the neural network).





	Model
	   V_axial    Error Rate
	   V_tangential    Error Rate
	   V_radial    Error Rate
	Average Prediction Time (Seconds)





	Resnet-18 single speed
	3.58%
	7.25%
	9.04%
	5.06 × 3



	Resnet-18 Triple Speed
	3.78%
	7.88%
	9.59%
	5.67



	Two-stream network single speed
	2.46%
	6.89%
	8.92%
	6.34 × 3



	Two-stream network triple speed
	2.72%
	7.65%
	8.89%
	6.58










 





Table 3. Regression error rate of feature extraction for LES velocity in the dataset.
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	Model
	   V_axial    Error Rate
	   V_tangential    Error Rate
	   V_radial    Error Rate
	Average Prediction Time (Seconds)





	Resnet-18 single speed
	3.58%
	7.25%
	9.04%
	5.06 × 3



	Resnet-18 Triple Speed
	3.78%
	7.88%
	9.59%
	5.67



	Two-stream network single speed
	2.46%
	6.89%
	8.45%
	6.34 × 3



	Two-stream network triple speed
	2.72%
	7.65%
	8.89%
	6.58










 





Table 4. The error rate of the mapping between RANS and LES for the dataset.






Table 4. The error rate of the mapping between RANS and LES for the dataset.





	Error Rate
	    V_axial    
	    V_tangential    
	    V_radial    





	mapping between RANS and LES
	5.78%
	8.12%
	9.87%










 





Table 5. The data from the propeller center area.






Table 5. The data from the propeller center area.





	
x

	
y

	
z

	
   V_axial    (m/s)

	
   V_tangential    (m/s)

	
   V_radial    (m/s)




	
Result

	
Label

	
Result

	
Label

	
Result

	
Label






	
0.0271

	
−0.0019

	
−0.0648

	
2.28893

	
2.28353

	
−0.18889

	
−0.17106

	
0.01833

	
0.0096




	
0.0271

	
−0.0007

	
−0.0673

	
2.27978

	
2.28031

	
−0.15879

	
−0.06662

	
0.03238

	
0.03371




	
0.0271

	
0.0018

	
−0.0722

	
2.28535

	
2.29149

	
−0.12577

	
−0.08258

	
0.01017

	
0.00966




	
0.0271

	
−0.0018

	
−0.0710

	
2.33641

	
2.31639

	
−0.0558

	
−0.04009

	
−0.04041

	
−0.03276




	
0.0271

	
0.0005

	
−0.0697

	
2.37258

	
2.33328

	
0.03416

	
0.02269

	
−0.07645

	
−0.06117




	
0.0271

	
−0.0026

	
−0.0605

	
2.35459

	
2.34027

	
0.03752

	
0.01778

	
−0.11212

	
−0.09499




	
0.0271

	
−0.0014

	
−0.0630

	
2.34964

	
2.34262

	
0.0653

	
0.06746

	
−0.10398

	
−0.10634




	
0.0271

	
−0.0033

	
−0.0562

	
2.32599

	
2.3426

	
0.06753

	
0.05714

	
−0.13835

	
−0.12636




	
0.0271

	
−0.0020

	
−0.0587

	
2.35397

	
2.3421

	
0.04318

	
0.01758

	
−0.16777

	
−0.14481




	
0.0271

	
−0.0053

	
−0.0495

	
2.34622

	
2.34239

	
−0.00712

	
−0.01714

	
−0.1595

	
−0.16196




	
0.0271

	
−0.0043

	
−0.0519

	
2.34505

	
2.34382

	
−0.02319

	
−0.01585

	
−0.16457

	
−0.17812




	
0.0271

	
−0.0027

	
−0.0544

	
2.3135

	
2.34626

	
−0.02308

	
−0.01419

	
−0.19713

	
−0.19354




	
0.0271

	
−0.0079

	
−0.0384

	
2.33494

	
2.34938

	
−0.01793

	
−0.01275

	
−0.23679

	
−0.21842




	
0.0271

	
−0.0055

	
−0.0371

	
2.33268

	
2.35286

	
−0.00808

	
−0.01204

	
−0.24862

	
−0.22299




	
0.0271

	
−0.0030

	
−0.0358

	
2.39681

	
2.35645

	
0.03131

	
0.02232

	
−0.26654

	
−0.23706




	
0.0271

	
−0.0006

	
−0.0346

	
2.39288

	
2.35997

	
−0.01971

	
−0.01359

	
−0.28543

	
−0.25093




	
0.0271

	
0.0017

	
−0.0333

	
2.35902

	
2.36338

	
−0.01764

	
−0.01571

	
−0.25174

	
−0.26449




	
0.0271

	
0.0048

	
−0.0320

	
2.34609

	
2.36663

	
0.00225

	
−0.01846

	
−0.2686

	
−0.27778




	
0.0271

	
−0.0018

	
−0.0238

	
2.37561

	
2.36968

	
−0.0042

	
−0.02167

	
−0.30121

	
−0.29086




	
0.0271

	
−0.0037

	
−0.0241

	
2.36626

	
2.37249

	
−0.03651

	
−0.02524

	
−0.33402

	
−0.30386




	
0.0271

	
−0.0119

	
−0.0249

	
2.39646

	
2.37499

	
0.00491

	
−0.02912

	
−0.34344

	
−0.31685




	
0.0271

	
−0.0097

	
−0.0245

	
2.28893

	
2.28353

	
−0.18889

	
−0.17106

	
0.01833

	
0.0096




	
0.0271

	
−0.0077

	
−0.0245

	
2.23294

	
2.17956

	
−0.49999

	
−0.58076

	
0.04199

	
0.04971




	
0.0271

	
−0.0057

	
−0.0244

	
2.24615

	
2.18646

	
−0.42563

	
−0.60059

	
0.03664

	
0.08724











 





Table 6. The error rates of RANS and LES mapping in the dataset with different Reynolds numbers.






Table 6. The error rates of RANS and LES mapping in the dataset with different Reynolds numbers.





	Error Rate
	    V_axial    
	    V_tangential    
	    V_radial    





	mapping between RANS and LES
	6.48%
	8.84%
	9.66%
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