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Abstract

:

In this study, a low-cost space mapping (SM) modeling method with mesh deformation is proposed for microwave components. In this approach, the coarse-mesh model with mesh deformation is developed as the coarse model, and the fine-mesh model is simulated as the fine model. The SM technique establishes the mapping relationship between the coarse-mesh model and the fine-mesh model. This approach enables us to combine the computational efficiency of the coarse model with the accuracy of the fine model. The automatic mesh deformation technology is embedded in the coarse model to avoid the discontinuous change in the electromagnetic response. The proposed model consisting of the coarse model and two mapping modules can represent the features of the fine model more accurately, and predict the electromagnetic response of microwave components quickly. The proposed mesh SM modeling technique is applied to the four-pole waveguide filter. The value for the training and test errors in the proposed model is less than 1%, which is lower than that for the ANN models and the existing SM models trained with the same data. Compared with HFSS software, the proposed model can save about 70% CPU time in predicting a set of 100 data. The results show that the proposed method achieves a good modeling accuracy and efficiency with few training data and a low computational cost.
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1. Introduction


In the field of semiconductor design, the design of passive high-frequency devices mainly relies on electromagnetic (EM) physical models. Physical EM models in simulation software describe the behavior of microwave components by analyzing the transmission characteristics of the EM wave. Mathematical equations, such as Maxwell’s system of equations, are established to represent the relationship between the structure parameters and the responses of the device. The computational process requires extensive numerical calculations to provide high-fidelity results, reducing the efficiency of device design [1]. In particular, when the geometric parameters need to be adjusted repeatedly, the device design cycle is greatly extended. Efficient surrogate models are used in device design to address time consumption [2,3]. The traditional modeling method usually develops and improves the model through continuous testing and repeated correction, which is a slow trial-and-error process. As the structural complexity of microwave devices increases, and product performance requirements improve, the traditional modeling method cannot meet the modeling requirements. To reduce the computational cost, and adapt to the new modeling requirements, modeling methods with a high efficiency and high fidelity are being studied [4].



Space mapping (SM) [5,6,7,8,9,10,11,12,13,14] technology has been widely used to solve the growing computational challenges in the field of microwave modeling. The SM algorithm assumes the existence of coarse models [5], and uses empirical functions [15] or equivalent circuits [16,17,18] as prior knowledge to assist in the modeling process of microwave devices. The SM combines the high computational efficiency of the coarse model and the high fidelity of the EM fine model [19]. A neural SM approach for nonlinear device modeling was proposed in [20], which adds a dynamic neural network to an existing equivalent circuit model to compensate for capacitance effects that are missed in the given model. The SM technique is used to map the computational efficiency of the EM single-physics model to the accuracy of the multi-physics model, which achieves a good multi-physics parametric modeling accuracy with less multi-physics training data and a lower computational cost [21]. The SM method in [22] speeds up the model development process by developing separate mappings for different expenditures within an existing device model, allowing different EM behaviors of the device to be mapped individually.



However, the coarse models represented by empirical functions or equivalent circuits are not always accurate enough [23]. In most three-dimensional device structures (e.g., antennas, filters, etc.), some empirical formulas are too complex, or some equivalent circuits are not applicable, rendering the coarse model invalid. In the physical EM model, the continuous structure is transformed into discrete mesh cells via discretization. EM models with different numbers of mesh cells are used in the surrogate model. Geometric models with coarse mesh are chosen as the coarse model in the SM method [24,25]. In the process of building the coarse model with existing modeling software, the coarse mesh is usually generated using the mesh adaptive method. When the values of the geometric parameters change, the coarse meshes need to be re-generated [26]. As the coarse-mesh model is still essentially a three-dimensional structure, its simulation time is longer than the equivalent circuit model, which increases the SM model modeling time. In addition, the existing mesh methods lead to the discontinuity and non-convergence of the electromagnetic response. Therefore, the method of building the coarse model with coarse mesh still needs to be improved.



In this paper, we propose a modeling approach combining the coarse-mesh model and mapping modules. In this way, SM can be performed even if the equivalent circuit model is not available. We also incorporate the mesh deformation technique to accelerate the SM process, which improves the modeling efficiency by reducing repetitive EM simulation. In addition, an automatic training method is proposed to obtain a high-accuracy model with few EM data. The effectiveness of the coarse-fine mesh modeling technique is validated by examples of a four-pole waveguide filter with tuned elements.




2. Mesh SM Modeling Method with Mesh Deformation


In this paper, the mesh SM modeling technique for microwave components is proposed to accelerate modeling processes. A fine-mesh model with more meshes has a more accurate response and high computational costs. A coarse-mesh model with fewer meshes has faster computation speeds and a low accuracy. We define the fine-mesh model as the fine model, while choosing the coarse-mesh model with mesh deformation as the coarse model. Fine models provide more accurate results with high computational costs, while coarse models have faster computation speeds with a low accuracy. Mapping modules are introduced to represent the relationship between the fine and coarse model, then to form the new surrogate model. The proposed surrogate model with a high accuracy and fast running speed is established to replace the time-consuming fine model in circuit design. The modeling process is presented in Section 2.1, the mesh deformation in Section 2.2, the SM structure in Section 2.3, and the more detailed model training process in Section 2.4.



2.1. Mesh SM Modeling Process


We proposed a surrogate model using the mesh SM technique. Compared with the fine model, which is accurate but time-consuming, the coarse model, which represents fine characteristics approximately, is simpler and faster. The proposed surrogate model in this paper utilizes the coarse model, with mesh deformation as knowledge. Mapping modules are incorporated into the coarse model to reduce discrepancies between the fine model and the coarse model. The overall structure of the SM model is illustrated in Figure 1.



The proposed surrogate model contains the coarse model and two mapping modules. The geometric and frequency parameters are the inputs of the model. If the same input values act on both the coarse model and the fine model, then the output responses of the coarse model are inconsistent with those of the fine model. The input parameters are adjusted via the mapping modules before loading into the coarse model. The geometric mapping module develops the relationship of geometric parameters between the coarse model and the fine model, and the frequency mapping module represents the relationship of frequency parameters between the two models. The coarse model is an EM model with coarse meshes, which incorporate mesh deformation to maintain the continuity of the model response. The adjusted geometric and frequency parameters act on the coarse model. For the initial mapping modules, the error, which represents the difference in output parameters between the coarse model and the fine model, is larger. The training process is performed to modify the weights of the two mapping modules, meaning that the response of the coarse model matches that of the fine model. During the training process, the response of the surrogate model changes with the weight vectors, which makes the error gradually smaller. When the error is lower than the threshold value, the surrogate model is consistent with the EM response of the fine model for different geometric and frequency parameters.




2.2. Mesh Deformation Technique of the Coarse Model


Meshing is an important part of the finite element method (FEM) [27], which divides the continuous structure into discrete finite element cells. Meshes need to be regenerated when the design parameters change. New meshes result in discontinuous responses to the model. In this paper, the coarse model is constructed via incorporating mesh deformation into the coarse mesh. Mesh deformation technique based on the radial basis function (RBF) [28] can generate high-quality finite element meshes quickly and automatically. In mesh deformation, the RBF can be used to interpolate the control points of the original mesh to produce new meshes with deformation effects. Vector     g  c    is employed to represent the geometrical parameters of the coarse model. When     g  c    changes slightly, the corresponding mesh nodes shift. After the incorporation of the mesh deformation technique, the number of mesh nodes and the connectivity information of the overall model are unchanged. Therefore, continuous variation in the EM responses can be guaranteed.



To smoothly calculate the displacement of each node inside the mesh, we can abstract the mesh deformation problem as an interpolation problem. In mesh deformation, the displacement values of the interior nodes can be calculated via the interpolation principle. The input variable  m  is predicted or calculated. The displacement values    m i    on the boundary are known, and the index of the boundary nodes is denoted by the variable  i . The RBF interpolation method defines the deformation function as the linear combination of basis functions  φ . In the proposed method, we utilized the thin plate spline [29] as the basis function.    φ i    is an RBF depending on the Euclidean distance between  m  and    m i   , which is expressed as


   φ i  ( m ) = φ ( | | m −  m i  | | )  



(1)







For three-dimensional mesh deformation, the mesh nodes are divided into two parts. We define the number of the boundary nodes as    N b   , and the number of the interior nodes as    N v   . We denote the three-dimensional coordinates of the i-th mesh node as    d i   . When the geometrical dimensions change, mesh nodes are displaced due to the mesh deformation function. Therefore, the new location    d i    of the i-th mesh node after the mesh deformation can be expressed as


   d i  (  g c  ) =   ∑  i = 1    N b      W i  (  g c  )  φ i  ( m )    



(2)




where    W i    denotes the weight of the RBF. The affine motion is the transformation of a geometric object to another location via linear transformation. We characterize the mesh deformation using linear trigonometric polynomial space. By adjusting the coefficients    q j   , we can control each node of the mesh to find the optimal affine motion, including translation, rotation, and scaling. Thus, an additional term is added to (1), and the expression of    d i    can be formulated as


   d i  (  g c  ) =   ∑  i = 1    N b      W i  (  g c  )   φ ( | | m −  m i  | | ) +   ∑  j = 1  4    q j  ( x + y + z + 1 )    



(3)




where    q j    is the linear trigonometric polynomial weighting coefficient representing the coupling between coordinates of different latitudes.  x ,  y ,  z , and 1 are the basis for the space of linear ternary polynomials. For any mesh node, we utilize (3) to calculate the new location by taking the Euclidean distance between  m  and    m i    as input.    W i    and    q j    need to be reconstructed during each SM iteration when geometrical parameters change. The total number of mesh nodes is defined as    N t   , where    N t  =  N b  +  N v   . Assuming that    D k    denotes the three-dimensional coordinates of all mesh nodes, which is    D k  = [  d 1  ,  d 2  , ... ,  d   N t    ]  , as    D k    changes continuously with     g  c   , the EM response of the coarse mesh model can continuously vary according to the FEM.



This technique achieves the flexible deformation of the mesh domain by applying the RBF interpolation method to the relative mesh nodes. In the process of RBF mesh deformation, the initial stage involves the selection of suitable RBF types and parameters for application to the mesh nodes. Subsequently, the entire mesh undergoes deformation through the adjustment of the RBF weight coefficients. The deformed nodes are then reconnected to yield the deformed mesh.



The mesh deformation proposed in this paper is the simple deformation accomplished on the original meshing. After the embedding of the mesh deformation technique, the EM response of the coarse model changes continuously with the geometric dimensions. The proposed method speeds up the convergence of the algorithm, reduces the number of redundant iterations, and improves the accuracy of the SM algorithm.




2.3. Mesh SM Structure


Reducing the response gap between the coarse and fine models, two mapping modules are introduced into the surrogate model. Two mapping modules establish the relationship between the coarse and fine models, meaning that the complex fine model is replaced with the simplified coarse model to speed up computation. The surrogate model, as accurate as the fine model, is computationally efficient. Figure 2 illustrates the structure of the proposed surrogate model.



The inputs of both the fine model and the surrogate model have two parts: the geometric parameters represented by     g  f    and the frequency parameters represented by    f f   . Assuming that the vector of the fine model response is    R f   , the response vector of the surrogate model is denoted as    R s   . To ensure that the coarse model outputs are consistent with those of the fine model, the geometric and frequency parameters are adjusted via two mapping modules. The parameters     g  c    and    f c    are vectors of the geometric and frequency parameters of the coarse model, respectively. The mapping relationship of input parameters between the coarse model and the fine model is denoted, respectively, as:


    g  c  =  f  A N N 1   (   g  f  ,   ω  1  )  



(4)




and


   f c  =  f  A N N 2   (  f f  ,   ω  2  )  



(5)




where    f  A N N 1     and    f  A N N 2     are mapping functions that can be implemented in a variety of ways. Simple linear functions, such as the linear polynomial, or complex nonlinear functions, such as the multilayer perceptron (MLP), can represent the mapping relationship. The vectors     ω  1    and     ω  2    are weight parameters in    f  A N N 1     and    f  A N N 2    , adjusted during the training process. After performing the input SM modeling from     g  f    to     g  c   , the formulation of mesh deformation for the proposed SM model is derived as


   d i  (   g  f  ,   ω  1  ) =   ∑  i = 1    N b      W i  (  f  A N N 1   (   g  f  ,   ω  1  ) )   φ ( | | m −  m i  | | ) +   ∑  j = 1  4    q j  ( x + y + z + 1 )    



(6)







To develop the proposed overall SM model, the response vector of the coarse model can be denoted as    R c   , which depends on the input vectors     g  c    and    f c   , i.e.,    R c  (   g  c  ,  f c  )  . The response of the proposed model with geometric and frequency parameters is defined as:


   R s  (   g  f  ,  f f  ,   ω  1  ,   ω  2  ) =  R c  (  f  A N N 1   (   g  f  ,   ω  1  ) ,  f  A N N 2   (  f f  ,   ω  2  ) )  



(7)







The weight parameters     ω  1    and     ω  2    are adjusted in the training process, meaning that the outputs of the surrogate model match those of the fine model when using the same geometric and frequency variables.




2.4. Mesh SM Training Process


The coarse model is constructed through meshing the geometric structure of the coarse-mesh model with mesh deformation. A surrogate model is then established via combining the coarse model and the mapping modules. The mapping modules connect the coarse- and fine-mesh models, and the mapping functions are expressed in Section 2.3. The proposed mesh SM training process has two stages.



In the first stage, we build the coarse model, which reduces complexity and computation, using meshing and mesh deformation techniques. To allow the whole training process to be implemented in Neuromodelerplus [30] software, and speed up the training process, an MLP is employed to represent the characteristics of the coarse model. The MLP is trained to minimize the training error as much as possible. The development process of the coarse model stops when the test error falls below a given threshold  θ . Otherwise, the MLP structure is rebuilt.



In the second stage, two mapping modules developing the relationship between the coarse and fine models are added to the coarse model. To ensure that the error does not increase after the joining of the mapping modules, firstly, two unit mapping functions are established with the unit data, meaning that the outputs are equal to the inputs. The characteristics of the surrogate model with unit mapping networks are as same as those of the coarse model. Then, the design of experiments (DOE) sampling method generates data for the surrogate model training [31]. The weights of the two mapping modules are adjusted to represent the relationship between the coarse and fine models accurately. After training, the surrogate model with accurate responses can replace the fine model.



Data for training and testing the surrogate model are generated via simulating the fine model. The weight vectors     ω  1    and     ω  2    in the mapping functions    f  A N N 1     and    f  A N N 2     are adjusted to minimize the error of the responses between the surrogate model and the fine model. The error   E (  ω  )   is expressed as


  E (  ω  ) =  1 2      ∑  k = 1  p     ∑  l = 1  q      R s  (   g  f k  ,  f f l  ,   ω  1  ,   ω  2  ) −  d  k , l          2   



(8)




where    R s    and  d  represent the EM response vector of the surrogate model and the fine model.  k  and  l  are the number of training sample data and the selected frequency points, respectively. That is,   k =   [ 1 , 2 , … , p ]  T    and   l =   [ 1 , 2 , … , q ]  T   , the maximum number of training sample data and selected frequency points, are denoted by  p  and  q . The established surrogate model is tested with test data. The modeling process terminates until the test error   E (  ω  )   satisfies   E (  ω  ) < ε  , where  ε  is the defined threshold. The appropriate weight vectors can be obtained through this process, and the characteristics of the surrogate model are the same as those of the fine model. The flowchart of the proposed surrogate modeling process is shown in Figure 3.





3. Example Verification


A four-pole waveguide filter, with tuning elements acting as pillars for square sections placed in the center of each cavity and each coupling window, is used in this section. The structure can be seen in Figure 4. The fine and coarse models use different numbers of meshes for EM simulations. The fine model uses more mesh cells (about 330,000 cells), while the coarse model uses fewer mesh cells (about 4400 cells). To acquire the response of the fine model, the mesh adaptive process generates the fine mesh by refining the mesh in the HFSS software. The design parameters mentioned here are     g  f  =   [  h 1  ,  h 2  ,  h 3  ]  T   , which represent the parameters of the shape and size of the structure. The frequency    f f    is an additional input for the fine model. As illustrated in Figure 4, the heights of the tuning columns in the coupling window are represented by    h 1   ,    h 2   , and    h 3   , which are chosen as geometric variables. Through the adjustment of these design variables, the structural parameters are changed in the EM simulation, affecting the model response. For surrogate model modeling, the fine-mesh model with a mesh adaptive process is operated to obtain accurate model data.



The coarse model is constructed with the same three geometric variables     g  c  =   [  h  1 c   ,  h  2 c   ,  h  3 c   ]  T   . For the coarse model, the frequency    f c    serves as an additional input. Fine model simulations with the entire mesh information are performed in HFSS to generate the training data and test data for different geometric and frequency parameters. In this example, the coarse mesh with mesh deformation is employed to construct the coarse model with geometric parameters used as variables. The geometry of the coarse model is meshed using Gmsh software. To avoid discontinuous change in the EM response, mesh deformation was added in the construction of the coarse model using MATLAB software. To allow the whole training process to be implemented in Neuromodelerplus software, and to speed up the training process, MLPs were employed to represent the characteristics of the coarse model. The accuracy of the coarse model is lower than that of the fine model, and the responses between the coarse and fine models are not completely consistent. Figure 5 shows the comparison between the coarse model response and the fine model response with the same geometric parameters. To match the output of the coarse model with that of the fine model, mapping networks are employed in this paper to adjust the input variables of the coarse model.



The mesh deformation incorporated in the coarse model constantly calls MATLAB software during the training process, which increases the training time greatly. To reduce repeated calls to MATLAB, we chose to use MLP with 50 hidden neurons instead of coarse models. In the EM domain, the DOE method is applied as a sampling technique to generate data for the construction of the coarse model. The simulation data for the coarse model were constructed with the geometric parameters as variables. Table 1 shows the specific values of the training and test data for the coarse model modeling. We used nine levels (81 sets of data) of DOE to define the training data samples, and eight levels (64 sets of data) of DOE for the test data. Neuromodelerplus software was utilized to train the MLP instead of the coarse model. The MLP’s training error is 0.159% with the 81 sets of training data. The MLP’s test error is 0.134% with the 64 sets of test data, which means the trained MLP can replace the coarse model.



After the accurate coarse model is built with mesh deformation, the surrogate model can be developed to represent the fine model response with different geometric and frequency parameters. Two mapping modules are added to the coarse model to develop the surrogate model. Unit mapping networks for the geometric parameters and frequency are established, keeping the model error consistent with the coarse model error. Then, the surrogate model is trained. Fast simulation of the fine model was operated in the HFSS simulator to generate training and test data with different geometric parameters. We use five levels (25 sets of data) of DOE to define the training data samples, and eight levels (64 sets of data) of DOE for the test data. Table 1 shows the specific values of the training and test data for the surrogate models. The test data were selected randomly from within the training range, and were not utilized for the training process. The surrogate model, including the coarse model and two mapping modules, was constructed and trained in Neuromodelerplus software. After the training process, the overall model, with a training error of 0.43% and a test error of 0.35%, was obtained. The total CPU time was about 1.66 h.



Comparisons of different parametric modeling approaches based on the network structure, training error, test error, training time, and CPU time are shown in Table 2; the training time includes the time to train the MLP for the coarse model and the surrogate model. ANN models [24] are directly trained without mapping networks. The ANN model trained with 25 sets of data (denoted as ANN model 1 using 50 hidden neurons) can learn the fine characteristics well, but the predictive ability of the model is poor. If we used 81 sets of data to develop an accurate ANN model (denoted as ANN model 2 using 60 hidden neurons), 4.43 h are needed to generate the training data, which greatly increases the modeling time. To prove the effectiveness of the mesh deformation technique, we develop an SM model using the existing SM method, which does not involve mesh deformation [4]. The coarse-mesh model with fewer mesh cells (about 4400 cells) is built in the HFSS software. Two MLPs, instead of the coarse model, are trained with 81 sets of data with 100 double-layered hidden neurons, and 169 sets of data with 100 double-layered hidden neurons, which are introduced into the existing SM model 1 and the existing SM model 2, respectively. As the response of the coarse model is non-continuous, instead, the MLP of the coarse model requires more data to express a higher nonlinearity. In addition, the existing SM model 2 containing high-nonlinear prior knowledge is easily overfitted during the training process, which makes modeling more difficult.



As can be seen from Table 2, when using less training data, the proposed model has a higher accuracy than the other two modeling methods within the training range. The coarse mesh model included in the surrogate model provides prior knowledge, which makes the proposed model more accurate than the ANN model. In addition, the increase in modeling time is minimal because the coarse model is built with inexpensive data. The mesh deformation technique guarantees that the response of the coarse model is continuous, which saves modeling time for the coarse model and improves the model accuracy. The training error and testing error of the proposed model are both less than 1%. When the errors are similar, the proposed method can save about 63% computational cost compared to the ANN modeling method. The proposed model achieves accuracy requirements, while utilizing fewer training data and less computer consumption within the training range.



For the four-pole waveguide filter with tuning element modeling, a comparison of the    S  11     parameters for the fine model obtained in HFSS software, the ANN model trained with 25 sets of data, and the proposed surrogate model trained with 25 sets of data is shown in Figure 6. The results show that the proposed surrogate model can provide similar results to those of the commercial simulation software within the training range.



After training, the proposed surrogate model can accurately and quickly predict the response of the microwave components. The computational times for the proposed surrogate model and the model in HFSS software for different data are shown in Table 3. As the simulation data increase, the computation time of the software is very long, while the runtime of the proposed surrogate model increases very slightly. The greatest computing time costs in the surrogate model are in the training process and training data extraction. The operation efficiency of the proposed model obtaining new responses is very high, which greatly reduces the design cycle for new devices.




4. Conclusions


This paper proposes a mesh SM modeling method for microwave components that considers mesh deformation. When traditional equivalent circuits or empirical formulas are invalid, this method based on the coarse-mesh model can develop the surrogate model efficiently. The mesh deformation technique is embedded in the coarse model, which avoids discontinuous change in the electromagnetic response, and accelerates the modeling process. After the training process, the proposed surrogate model can accurately and quickly predict the EM response of the microwave component for different geometric and frequency parameters. The example of the four-pole waveguide filter verifies that the error of the proposed model is less than 1%, which is lower than that of the existing SM model. When obtaining the similar precision, the proposed model took 1.66 h, while the ANN model took 4.53 h, which proved that the modeling efficiency is improved greatly. The mesh SM modeling method with mesh deformation can develop the accurate model with less training data. In the future, some extrapolation methods can be introduced into the proposed mesh SM model to guarantee smoothness at the edge of the training range, improving the model accuracy inside and outside the training region.







Author Contributions


Conceptualization, S.Y., C.L., M.L., Z.L., X.W., J.W. and Y.X.; methodology, S.Y., C.L., M.L. and Z.L; software, S.Y., C.L. and M.L.; validation, C.L. and Z.L.; formal analysis, S.Y. and M.L.; resources, S.Y., M.L. and Z.L.; investigation, S.Y., M.L., X.W., J.W. and Y.X.; data curation, C.L. and Z.L.; writing—original draft preparation, S.Y., C.L., X.W., J.W. and Y.X.; writing—review and editing, S.Y. and X.W.; supervision, X.W., J.W. and Y.X.; project administration, X.W., J.W. and Y.X.; funding acquisition, S.Y. All authors have read and agreed to the published version of the manuscript.




Funding


This research was supported by the China Postdoctoral Science Foundation (Grant No. 2020M680883).




Data Availability Statement


The data are available from the corresponding author on reasonable request.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Roshani, S.; Yahya, S.I.; Mezaal, Y.S.; Chaudhary, M.A.; Al-Hilali, A.A.; Mojirleilani, A.; Roshani, S. Design of a Compact Quad-Channel Microstrip Diplexer for L and S Band Applications. Micromachines 2023, 14, 553. [Google Scholar] [CrossRef] [PubMed]

	



Han, J.; Ding, D. Design and Analysis of a Hybrid-Type RF MEMS Phase Detector in X-Band. Micromachines 2022, 13, 786. [Google Scholar] [CrossRef] [PubMed]

	



Nypwipwy, V.B.; Cavalheiro, R.; Dartora, C.A.; Lima, E.G. Power amplifier behavioral modeling based on Laguerre Polar-Volterra series with independent truncations. Int. J. RF Microw. Comput. Aided Eng. 2022, 32, e23104. [Google Scholar] [CrossRef]

	



Feng, F.; Zhang, J.; Zhang, W.; Zhao, Z.; Jin, J.; Zhang, Q.J. Coarse- and Fine-Mesh space mapping for EM optimization incorporating mesh deformation. IEEE Microw. Wirel. Compon. Lett. 2019, 29, 510–512. [Google Scholar] [CrossRef]

	



Yan, S.; Zhang, Y.; Liu, W.; Liu, G.; Shi, W. A Novel Electromagnetic Centric Multiphysics Parametric Modeling Approach Using Neuro-Space Mapping for Microwave Passive Components. Photonics 2022, 9, 960. [Google Scholar] [CrossRef]

	



Sans, M.; Selga, J.; Velez, P.; Rodriguez, A.; Bonache, J.; Boria, V.E.; Martin, F. Automated design of common-mode suppressed balanced wideband bandpass filters by means of aggressive space mapping. IEEE Trans. Microw. Theory Techn. 2015, 63, 3896–3908. [Google Scholar] [CrossRef]

	



Koziel, S.; Bekasiewicz, A. On reduced-cost design-oriented constrained surrogate modeling of antenna structures. IEEE Antennas Wireless Propag. Lett. 2017, 16, 1618–1621. [Google Scholar] [CrossRef]

	



Ulaganathan, S.; Koziel, S.; Bekasiewicz, A.; Couckuyt, I.; Laermans, E.; Dhaene, T. Data-driven model based design and analysis of antenna structures. IET Microw. Antennas Propag. 2016, 10, 1428–1434. [Google Scholar] [CrossRef]

	



Koziel, S.; Bekasiewicz, A. Surrogate modeling for expedited two objective geometry scaling of miniaturized microwave passives. Int. JRF Microw. Comput.-Aided Eng. 2016, 26, 531–537. [Google Scholar] [CrossRef]

	



Yang, L.; Kou, H.; Wang, X.; Zhang, X.; Shang, Z.; Shi, J.; Zhang, G.; Gui, Z. A Microwave Pressure Sensor Loaded with Complementary Split Ring Resonator for High-Temperature Applications. Micromachines 2023, 14, 635. [Google Scholar] [CrossRef]

	



Zhang, W.; Feng, F.; Gongal-Reddy, V.M.R.; Zhang, J.; Yan, S.; Ma, J.; Zhang, Q.J. Space Mapping Approach to Electromagnetic Centric Multiphysics Parametric Modeling of Microwave Components. IEEE Trans. Microw. Theory Tech. 2018, 66, 3169–3185. [Google Scholar] [CrossRef]

	



Leifsson, L.; Koziel, S. Surrogate modeling and optimization using shape-preserving response prediction: A review. Eng. Optim. 2014, 48, 476–496. [Google Scholar] [CrossRef]

	



Gorissen, D.; Zhang, L.; Zhang, Q.J.; Dhaene, T. Evolutionary neuro-space mapping technique for modeling of nonlinear microwave devices. IEEE Trans. Microw. Theory Techn. 2011, 59, 213–229. [Google Scholar] [CrossRef]

	



Ayed, R.B.; Gong, J.; Brisset, S.; Gillon, F.; Brochet, P. Three-level output space mapping strategy for electromagnetic design optimization. IEEE Trans. Magn. 2012, 48, 671–674. [Google Scholar] [CrossRef]

	



Keke, H.; Li, S.; Deng, W.; Yu, Z.; Ma, L. Structure inference of networked system with the synergy of deep residual network and fully connected layer network. Neural Netw. 2022, 145, 288–299. [Google Scholar]

	



Rayas-Sánchez, J.E.; Gutiérrez-Ayala, V. EM-based Monte Carlo analysis and yield prediction of microwave circuits using linear-input neural-output space mapping. IEEE Trans. Microw. Theory Techn. 2006, 54, 4528–4537. [Google Scholar] [CrossRef]

	



Cao, Y.; Wang, G.; Zhang, Q.J. A new training approach for parametric modeling of microwave passive components using combined neural networks and transfer functions. IEEE Trans. Microw. Theory Techn. 2009, 57, 2727–2742. [Google Scholar]

	



Dildar, H.; Althobiani, F.; Ahmad, I.; Khan, W.U.R.; Ullah, S.; Mufti, N.; Ullah, S.; Muhammad, F.; Irfan, M.; Glowacz, A. Design and Experimental Analysis of Multiband Frequency Reconfigurable Antenna for 5G and Sub-6 GHz Wireless Communication. Micromachines 2021, 12, 32. [Google Scholar] [CrossRef]

	



Bandler, J.W.; Cheng, Q.S.; Dakroury, S.A.; Mohamed, A.S.; Bakr, M.H.; Madsen, K.; Søndergaard, J. Space mapping: The state of the art. IEEE Trans. Microw. Theory Tech. 2004, 52, 337–361. [Google Scholar] [CrossRef]

	



Zhu, L.; Zhang, Q.; Liu, K.; Ma, Y.; Peng, B.; Yan, S. A novel dynamic neuro-space mapping approach for nonlinear microwave device modeing. IEEE Microw. Wirel. Compon. Lett. 2016, 26, 131–133. [Google Scholar] [CrossRef]

	



Mahajan, D.D.; Albahrani, S.A.; Sodhi, R.; Eguchi, T.; Khandelwal, S. Physics-Oriented Device Model for Packaged GaN Devices. IEEE Trans. Power Electron. 2020, 35, 6332–6339. [Google Scholar] [CrossRef]

	



Zhao, Z.; Zhang, L.; Feng, F.; Zhang, W.; Zhang, Q.-J. Space mapping technique using decomposed mappings for GaN HEMT modeling. IEEE Trans. Microw. Theory Tech. 2020, 68, 3318–3341. [Google Scholar] [CrossRef]

	



Rayas-Sanchez, J.E. EM-based optimization of microwave circuits using artificial neural networks: The state-of-the-art. IEEE Trans. Microw. Theory Techn. 2004, 52, 420–435. [Google Scholar] [CrossRef]

	



Roy, C.; Wu, K. ANN-enabled mapping between equivalent circuit model and physical field model for tunable bandpass filter. In Proceedings of the 2023 IEEE MTT-S International Conference on Numerical Electromagnetic and Multiphysics Modeling and Optimization (NEMO), Winnipeg, MB, Canada, 28–30 June 2023; pp. 44–47. [Google Scholar]

	



Koziel, S. On space mapping optimization with coarsely-discretized EM coarse models. In Proceedings of the 2011 IEEE MTT-S International Microwave Symposium, Baltimore, MD, USA, 5–10 June 2023; IEEE, 2011; pp. 1–4. [Google Scholar]

	



Zhang, J.; Feng, F.; Jin, J.; Zhang, Q.J. Efficient yield estimation of microwave structures using mesh deformation incorporated space mapping Surrogates. IEEE Microw. Wirel. Compon. Lett. 2020, 30, 937–940. [Google Scholar] [CrossRef]

	



Niu, Y.; Liu, J.; Luo, W.; Song, J. Numerical dispersion analysis of isosceles triangular meshes in the finite-element method. In Proceedings of the 2022 International Applied Computational Electromagnetics Society Symposium (ACES-China), Xuzhou, China, 9–12 December 2022; pp. 1–2. [Google Scholar]

	



Sieger, D.; Menzel, S.; Botsch, M. High quality mesh morphing using triharmonic radial basis functions. In Proceedings of the 21st International Meshing Roundtable, San Jose, CA, USA, 7–10 October 2013; pp. 1–15. [Google Scholar]

	



Henneron, T.; Pierquin, A.; Clenet, S. Mesh deformation based on radial basis function interpolation applied to low-frequency electromagnetic problem. IEEE Trans. Magn. 2019, 55, 1–4. [Google Scholar] [CrossRef]

	



Zhang, Q.J. NeuroModelerPlus; Department of Electronics, Carleton University: Ottawa, ON, Canada, 2008. [Google Scholar]

	



Gibbons, N.M. Understanding industrial designed experiments. J. Qual. Technol. 1996, 28, 378–379. [Google Scholar] [CrossRef]








[image: Micromachines 14 01783 g001] 





Figure 1. Schematic of the proposed modeling method. 
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Figure 2. The structure of the proposed model. 
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Figure 3. Flowchart of the proposed surrogate modeling process. 
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Figure 4. The structure of a four-pole waveguide filter. 
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Figure 5. Response comparison between the coarse and fine models with the same geometric parameters. 
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Figure 6. Comparison of the magnitude of    S  11     for the three models. 
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Table 1. The modeling data for the coarse and fine model of the four-pole waveguide filter.
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Input Variables

	
Training Data Range

	
Test Data Range




	
Min

	
Max

	
Min

	
Max






	
Coarse model

	
h1 (mm)

	
3.2528

	
3.5952

	
3.3384

	
3.5096




	
h2 (mm)

	
3.9102

	
4.3218

	
4.0131

	
4.2189




	
h3 (mm)

	
3.4276

	
3.7884

	
3.5178

	
3.6982




	
Fine model

	
h1 (mm)

	
3.3213

	
3.5267

	
3.3042

	
3.5438




	
h2 (mm)

	
3.9925

	
4.2394

	
3.9719

	
4.2601




	
h3 (mm)

	
3.4998

	
3.7162

	
3.4817

	
3.7343











 





Table 2. Comparisons of the results of different modeling methods for the four-pole waveguide filter.
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	Modeling Method
	Coarse Data
	Fine Data
	Training Error
	Test Error
	Fine Data Time
	Coarse Data Time
	Model Training Time
	Total CPU Time





	ANN model 1
	0
	25
	0.47%
	7.21%
	1.43 h
	0
	101s
	1.46 h



	ANN model 2
	0
	81
	0.48%
	0.98%
	4.43 h
	0
	353.8 s
	4.53 h



	Existing SM model 1
	81
	25
	1.78%
	2.45%
	1.43 h
	630 s
	504.3 s
	1.57 h



	Existing SM model 2
	169
	25
	1.37%
	1.53%
	4.43 h
	1320 s
	673.6 s
	4.99 h



	Proposed model
	81
	25
	0.43%
	0.35%
	1.43 h
	516 s
	305.6 s
	1.66 h










 





Table 3. CPU time comparison between the proposed model and HFSS software.
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Number of Geometrical Parameters

	
CPU Time




	
Proposed Model

	
Simulation Using HFSS Software






	
1

	
1.66 h + 0.098 s

	
202.2 s




	
50

	
1.66 h + 0.3 s

	
2.52 h




	
100

	
1.66 h + 1.374 s

	
5.53 h

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check CrossRef













media/file4.png
Fine model f Fine model
geometric parameters / frequency parameters

Surrogate Model l i l i
Optimization - - ) Optimization
variables 0, Geometric mapping Frequency mapping 5 variables
module module
g =S (8> 0)) Je=Saw2(J-0,)

geometric parameters ¢ J J frequency parameters
AR 4 y \ 4

Coarse model with
mesh deformation

| I
| I
| |
| I
| |
| |
| |
Coarse model
: Coarse model g fc :
| |
| I
| |
| I
| |

—~

135 -~ Rf responsces





nav.xhtml


  micromachines-14-01783


  
    		
      micromachines-14-01783
    


  




  





media/file2.png
Input parameters

Samogae |
Model l l
Geometric Frequency
mapping module mapping module

Coarse model with mesh
deformation

h 4

Fine model
simulation

Output parameters






media/file13.png





media/file5.jpg
s )
[ S—— f—— ———
| IS S98€ i o coane s and 6

mesh defomation (echnlogy o
sstalish 3 coase modes

itz themapping fnctions

=—

!

T the e by adsting
wighting paanetrs o, and o,
‘ and st e ciahihed sutogae

Perform fin-mode simltions
1 genrate aiing and st dta
forthesurogate el

bt the vaing o and st
"t o the coars ol

L)

Devlop MLP insiesdafhe
Couse model

[ ——

[E—

|| tomein i

|
e

st th conrse mods ith e

s

Tayers and nwrons n the-
epping s

Tro

Adjs the b of idden
Tayers nd newrons in ML






media/file3.jpg
Fine model £, [Finomodel
urrogate Model i / geometric parameters / frequency parameters

Coarse model with
mesh deformation

i
Optimization . = Unnlmmlmnl
| araties @, [ Geometric mapping | -