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Abstract. The increased growth of the applications of RF MEMS switches in modern 

communication systems has created an increased need for their accurate and efficient 

models. Artificial neural networks have appeared as a fast and efficient modelling tool 

providing similar accuracy as standard commercial simulation packages. This paper 

gives an overview of the applications of artificial neural networks in modelling of RF 

MEMS switches, in particular of the capacitive shunt switches, proposed by the authors 

of the paper. Models for the most important switch characteristics in electrical and 

mechanical domains are considered, as well as the inverse models aimed to determine 

the switch bridge dimensions for specified requirements for the switch characteristics. 
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1. INTRODUCTION 

Modern communication systems rely to a great extent on new high performance RF 

and microwave devices and components that enable miniaturization of components 

according to the demand of integrating more and more functionalities by reducing the 

overall size of the system at the same time. RF MEMS (Micro Electro Mechanical 

systems) are novel components which are able to meet the mentioned requirements [1].  

RF MEMS components and devices exploit mechanically movable parts and thus 

enable a change of topology. One of the first examples developed in 1995 [2, 3] was an 

electrostatically actuated RF MEMS shunt switch where the ground of the coplanar 

waveguide is connected by a very thin membrane. If a DC voltage is applied between 

ground and signal line, the membrane is pulled down by the electrostatic force and thus it 

shortens the signal line. Since these first developments, many different components based 

on MEMS switches have been introduced, like phase-shifters, reconfigurable antennas, 

matching networks, switch matrices, tunable filters, etc. [4-9]  
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RF MEMS switches allow multiband operation due to their ability to reconfigure its 

topology. Also, they have several advantages compared to their electronic counterparts, 

like PIN diode or MESFET switches [10]-[12], such as: low insertion loss, high isolation, 

small size, high linearity and excellent compatibility with microwave and mm-wave 

circuits. Because of those significant advantages, RF MEMS switches are of growing 

interest for use in various communication systems, primarily in satellite and mobile 

communication systems.  

Current research of RF MEMS switches is mostly concentrated on various new 

structures, new materials or processes in devices [13]-[16], while optimization analysis of 

MEMS devices lacks enough study. A standard approach to obtain RF MEMS switch 

electrical characteristics is to use full-wave numerical methods in electromagnetic (EM) 

simulators. However, as it is also necessary to determine mechanical characteristics, 

simulations in mechanical simulators should be included during the design and simulation 

as well. Although these methods provide the necessary accuracy, they are generally 

limited to a single analysis for a specific structure, and their computational overhead 

(running time, memory) becomes extensive when a number of simulations with different 

mesh properties are needed [17]. 

An alternative approach to modelling and designing RF MEMS devices is based on 

artificial neural networks (ANNs). ANNs can be considered as a great fitting tool, i.e. 

they have the ability to learn the dependence between two sets of data and to generalize, 

which means to give a correct response to inputs not used in the learning process. They 

give response almost instantaneously, retaining the accuracy of the standard EM and 

mechanical simulators. Owing to these abilities, ANNs have found a lot of applications in 

different fields, among others in RF and microwaves. This paper is devoted to applications of 

ANNs for modelling and design of RF MEMS switches.  

As far as RF MEMS devices are concerned, ANNs have been applied as a modelling 

tool about for a decade [17-25].  They have mostly been applied for modelling the device 

membrane characteristics. Several publications refer to neural modelling of RF MEMS 

switches [17, 20, 23-25]. In most of the referred applications, ANNs were exploited to 

model dependence of the switch scattering (S-) parameters and/or switch resonant 

frequency on the dimensions of membrane and frequency. Almost all of them refer to 

switches which have a simple rectangular membrane. In this paper a capacitive switch 

with a more complex membrane is considered. 

The paper is organized as follows. After Introduction, in Section II a short description 

of neural networks is given. The capacitive RF MEMS switch modeled in this work is 

described in Section III. ANN models of switch characteristics, as well as corresponding 

numerical results and discussions, are presented in Section IV. Section V contains 

description of RF MEMS switch inverse ANN models, the modelling results and the 

discussion. Finally, the main concluding remarks are given in Section V. 

2. ARTIFICIAL NEURAL NETWORKS 

All neural models presented in this work are based on the multilayer perceptron 

(MLP) neural networks. An MLP ANN consists of basic processing elements (neurons) 

grouped into layers: an input layer, an output layer, as well as several hidden layers [26]. 
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Each neuron is connected to all neurons from the adjacent layers. Neurons from the same 

layer are not mutually connected. Each neuron is characterized by a transfer function and 

each connection is weighted. The ANNs exploited in this work have linear transfer 

function for neurons from the input and output layer and sigmoid transfer function for the 

hidden neurons. An ANN learns the relationship among sets of input-output data (training 

sets) by adjusting the network connection weights and thresholds of activation functions. 

There are a number of algorithms for training of ANNs. The most frequently used are 

backpropagation algorithm and its modifications, as the Levenberg Marquard algorithm 

[26], used in the present work. Once trained, the network provides fast response for various 

input vectors without changes in its structure and without additional optimizations. The most 

important feature of ANNs is their generalization ability, i.e., the ability to generate the 

correct response even for the input parameter values not included in the training set. The 

generalization ability has qualified ANNs to be used as an efficient tool for modelling in 

the field of RF and microwaves [26-36]. As examples, ANNs could be used as an alternative 

to time-consuming electromagnetic simulations [26-28, 30] or an alternative to the 

conventional modelling of microwave devices [25, 27, 30, 32, 35, 36]. 

In the present work, the accuracy of ANN learning and generalization was tested by 

calculating average test error (ATE), worst case error (WCE) and Pearson Product-

Moment correlation coefficient (r) [26]. Having in mind that it is not possible to determine 

the number of hidden neurons, in this work for each developed ANN, ANNs with different 

number of hidden neurons in one or two hidden layers were trained. The network with the 

best test results was chosen as the final model. When reporting the ANN structure of the 

final models, in this paper the following notation is used: ANN denoted with N-H1-H2-M, 

has N input neurons, H1 and H2 neurons in the first and second hidden layer, respectively, 

and M output neurons; ANN denoted with N-H1-M, has N input and M output neurons and 

only one hidden layer with H1 neurons.  

3. MODELED DEVICE  

The considered device is a CPW (Coplanar waveguide) based RF MEMS capacitive 

shunt switch (see Fig. 1) fabricated at FBK in Trento in an 8-layer Silicon micromachining 

process [37]. The signal line below the bridge is made by a thin aluminum layer. Adjacent to 

the signal line the DC actuation pads made by polysilicon are placed. The bridge is a thin 

membrane connecting both sides of the ground. The inductance of the bridge and the fixed 

capacitance between signal line and bridge form a resonant circuit to ground, whose 

resonance frequency can be changed by varying the length of the fingered part, Lf, close 

to the anchors and the solid part, Ls. At series resonance the circuit acts as a short circuit 

to ground. In a certain frequency band around the resonance frequency the transmission of 

the signal is suppressed. The bridge can be closed by applying an actuation voltage of 

around 45 V. The actuation voltage is determined as the instant voltage applied to the DC 

pads when the bridge comes down and touches a CPW centerline, which is a pull-in voltage 

(VPI). This is strongly related to the switch features and mechanical/material properties, 

such as a DC pad size and location, a bridge spring constant and residual stress, bridge 

shapes or supports, etc. The finger parts (correspond to Lf) in Fig. 1 are to control VPI. If 

finger parts are long compared to the other parts, the bridge becomes flexible and the 
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switch is easily actuated by a low VPI. But this increases the risk of a self-actuation or a 

RF hold-down when the switch delivers a high RF power. And opposite, with the short 

finger parts, the switch needs a high VPI to be actuated. Therefore, the bridge part lengths 

(Lf, Ls) should be carefully determined considering a delivering RF power and a feasible 

DC voltage supply [1]. 

 
(a) 

 
(b) 

 

Fig. 1 Top-view of the realized switch (a) and schematic  

(b) of the cross-section with 8 layers in FBK technology [37]  

4. ANN MODELS OF SWITCH CHARACTERISTICS  

As mentioned in the introductory section, simulations of an RF MEMS switch 

characteristics in standard EM and mechanical simulators are time consuming, which is 

especially important when it is necessary to repeat simulations during the design and 

optimization of the switch characteristics. Similarly to the approaches presented in the 

literature, the authors of this paper have developed neural models of switch electrical and 

mechanical characteristics, in particular the neural models of S-parameters, resonant 

frequency and actuation voltage, as shown in Figs. 2 and 3.  

An RF MEMS switch is a symmetric reciprocal device, i.e., S22 = S11 and S12 = S21, 

therefore only parameters S11 and S21 were modeled. The ANN model of each modeled S-

parameter consists of two ANNs, both having three inputs corresponding to the bridge lateral 

dimensions, Ls and Lf, and frequency, f, whereas the outputs correspond to the magnitude and 

phase of the modeled parameter, |Sij| and Sij , respectively. With the aim to train the ANNs, it 
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is necessary to simulate the S-parameters for several bridge sizes (i.e. for different values of the 

bridge lateral dimensions) in a full-wave EM simulator. A properly trained ANN gives 

responses which are very close to the response of the full-wave EM simulator but in a shorter 

time, as the ANN response is almost instantaneous. By using the developed model, analysis and 

optimizations of the switch dimensions can be done much faster than in the standard way.  

As far as the resonant frequency is concerned, the ANN model consists of one ANN with 

two inputs corresponding to Ls and Lf , and one output corresponding to the resonant frequency 

(see Fig. 2b). The data for the ANN training consists of several resonant frequencies 

corresponding to different bridge sizes, and can be acquired by determining the resonant 

frequency in a full-wave EM simulator, or by using the neural model of the parameter S21. Like 

the above mentioned model, this model enables a quick estimation of the switch resonant 

frequency and optimization of the dimensions to obtain the desired resonant frequency. 

The model of the switch actuation voltage has the same structure as the resonant 

frequency model. Namely, it has two inputs and one output, corresponding to the bridge 

lateral dimensions and actuation voltage, respectively, as shown in Fig. 3. As in the 

previous cases, the training data were obtained in a standard simulator able to calculate 

the switch mechanical properties. The gain in simulation time is the most significant in 

this case, as simulations in commercial mechanical simulator took much more time than 

the simulations of the electrical parameters in a full-wave EM simulator.  

   

  (a)  (b) 

Fig. 2 ANN models of the switch electrical characteristics:  

(a) S-parameters;  (b) resonant frequency  

 

(c) 

Fig. 3 ANN model of the switch actuation voltage 

4.1. Numerical results 

All ANN models described above were developed for the considered switch [38, 39]. 

For development of the models of S-parameters and resonant frequency, the S-parameters 

for several different combinations of the switch lateral dimensions were simulated in the 

full-wave EM simulator, ADS momentum [40], and the corresponding resonant frequencies 

were determined. The data referring to 23 differently sized bridges were used for the 

model development, whereas the data referring to 17 bridges different than the training 

ones were used for validation of the models. The S-parameters used for the model 

development were simulated in 401 frequency points up to 40 GHz. For each ANN model, 
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ANNs with different number of hidden neurons were trained and the ANNs listed in 

Table 1 were chosen as the final models. 

Table 1 Final ANN models for the switch electrical and mechanical characteristics 

with the number of training samples 

Parameter ANN model  Number of training samples 

|S11| 3-8-6-1 23 x 401 

 S11 3-10-10-1 23 x 401 

|S22| 3-8-8-1 23 x 401 

 S22 
3-10-10-1 23 x 401 

fres 2-5-1 23 

VPI 2-8-1 30 

Validation of the ANN models has shown that they produce the values which are very 

close to the values obtained by using the EM simulator. As an illustration, in Fig. 4 the 

insertion loss (|S21| in dB) and the return loss (|S11| in dB) are shown for the device having 

the bridge with lateral dimensions Ls = 350 µm and Lf = 75 µm. A very good agreement of 

the parameters generated by using the developed ANN models with the EM simulations 

can be observed. This is especially important, as the data referring to this device was not 

included in the training set, proving that the ANNs achieved a good generalization.  

As far as the resonant frequency is concerned, the maximum difference between the 

modeled and the reference values for the test devices is less than 1%, which can be 

considered very good. Another illustration of the achieved accuracy of the resonant 

frequency ANN model is the scattering plot given in Fig. 5 showing very good agreement 

of the values obtained by the ANN model and the reference values calculated in the EM 

simulator for six considered test devices. More details about development and validation 

of the ANN models of the electrical characteristics can be found in [38, 39]. 
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Fig. 4 Insertion and return losses for the tested device (Ls =  350 µm and Lf = 75 µm)  
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Fig. 5 Resonant frequency scattering plot for six test devices   

The data used for training and validation of the neural model for the switch actuation 

voltage, shown in Fig. 3, were obtained in the mechanical simulator COMSOL Multiphysics 

[41]. In total, 39 data samples (pairs of lateral dimensions and the corresponding actuation 

voltages) were used, thereof 30 for the ANN training and 9 for the ANN model validation. The 

best ANN has one hidden layer with 8 neurons, as listed in Table 1. The validation results 

shown in Table 2 confirm that this model also has very good generalization abilities, as the 

maximum error for the test devices not used for the ANN training is around or less than 1%, 

i.e., less than 0.5 V. More details about development and validation of this model can be found 

in [42, 43]. 

Table 2 Actuation voltage for the test devices 

Ls 

(m) 

Lf 

(m) 

VPI_target 

(V) 

VPI_sim 
(V) 

Abs. error 

(V) 

Rel. error 

(%) 

150 25 55.6 55.58 0.02 0.01 

150 65 43 43.45 0.45 1.10 

250 25 33.3 33.16 0.14 0.40 

250 65 28.2 28.21 0.01 0.03 

350 10 25.2 25.32 0.12 0.47 

350 25 23.8 23.74 0.06 0.25 

350 65 21.1 20.99 0.11 0.54 

350 75 20.5 20.45 0.35 0.17 

450 65 16.9 16.80 0.10 0.57 

4.2. Discussion 

As already mentioned, the developed models of the RF MEMS switch characteristics 

give responses instantaneously. Having in mind that they give the responses with the 

accuracy close to the accuracy of the calculations in standard EM and/or mechanical 

simulators, they are very convenient to be used for further analyses and optimizations of 

the considered switch. The mathematical expressions describing the developed ANNs can 
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be easily implemented within the standard simulators by means of blocks dealing with 

variables and expressions, or can be used separately in different (mathematical) software 

packages. As an example, optimization of the bridge lateral dimensions for the given 

requirements for S-parameters in a desired frequency band lasts less than a second when 

performed by using the neural model implemented in the ADS circuit simulator, which is 

significantly faster than the optimization in the full wave simulator (ADS momentum), 

which lasts around 2 hours [39].  

This advantage is even more evident in the case of the mechanical characteristics 

modelling. Namely, the calculation of switch actuation voltage versus the bridge lateral 

dimensions (plotted in Fig. 6), lasts few seconds in the MATLAB environment by using 

the developed ANN model, whereas the mechanical simulator requires several tens of 

minutes to determine the actuation voltage for a single combination of the bridge 

geometrical parameters. Optimization of the switch bridge dimensions based on the ANN 

model lasts several seconds, unlike the optimizations in the mechanical simulators lasting 

for hours.  
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Fig. 6 Actuation voltage calculated by using the ANN model [42] 

The developed ANN models can be efficiently used to study the behaviour of the device 

when the bridge size is changed, either intentionally, with the aim to optimize the device 

characteristics, or due to the deviation of the dimensions in the device fabrication process. 

The analyses done in [44] for the resonant frequency and in [45] for the actuation voltage 

show that when the dimension changes are within the fabrication tolerances (which are for 

the considered device up to +/ 3 µm)  the changes in the actuation voltage and the resonant 

frequency can be considered as acceptable. For instance, maximum changes of the resonant 

frequency for several arbitrary chosen devices when both dimensions were changed in the range 

+/ 3 µm, with the step of 1 µm are shown in Table 3 [44]. It can be seen that maximum 

deviation of the resonant frequency is 1.5%, with the maximum absolute change of 0.24 GHz. 
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Table 3 Resonant frequency test results for simultaneous changes of  

Ls and Lf  up to +/- 3 µm  

Ls 

(m) 

Lf 

(m) 

Max | fres| 

(GHz) 

Max | fres/fres| 

(%) 

200 20 0.24 1.5 

200 50 0.20 1.4 

200 80 0.17 1.3 

300 20 0.13 1.1 

300 50 0.12 1.0 

300 80 0.11 0.1 

450 20 0.08 0.8 

450 50 0.07 0.7 

450 80 0.06 0.6 

5. RF MEMS SWITCH INVERSE ANN MODELS 

As illustrated in the previous section, the developed neural models of the electrical or 

mechanical characteristics of RF MEMS switches can significantly speed up the analysis 

and design of these switches. However, the time needed for the optimization of switch 

dimensions can be further reduced if the inverse neural models of the switch characteristics 

versus dimensions are used. Namely, it would be very useful to develop models that could 

predict both of the lateral dimensions of the switch bridge for the given resonant frequency 

or/and actuation voltage. However, this is not possible, as the inverse functions of the 

resonant frequency and actuation voltage dependence on the bridge dimensions are not 

unique, which means that several combinations of the lateral dimensions result in the same 

resonant frequency or actuation voltage. The authors of the paper proposed inverse models 

where one of the dimensions is fixed, and the other is determined by an ANN, as shown in 

Fig. 7 [39, 43, 46, 47]. 

  

 (a)  (b) 

Fig. 7 Inverse ANN models for the switch electrical (or mechanical) characteristics:  

(a) Ls (b) Lf 

 

Namely, the proposed inverse ANN models of the switch electrical (or mechanical) 

characteristics consist of ANNs with two input neurons: one corresponding to the fixed 

lateral dimension (Lf in Fig. 7a and Ls in Fig. 7b) and the other to fres in the case of electrical 

inverse model, or to VPI in the case of mechanical inverse model, and one output neuron 

corresponding to the dimension being determined (Ls in Fig. 7a and Lf in Fig. 7b).  

However, during the design of an RF MEMS switch one may have a need to optimize 

the dimensions to meet the desired resonant frequency and the actuation voltage 

simultaneously. That could be complex as the EM simulations and simulations of the 

mechanical characteristics are performed in different software packages. Therefore, the 

authors proposed inverse electromechanical models, which calculate one of the lateral 
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dimensions for given both, the resonant frequency and the actuation voltage. For the same 

reasons as in the case of separate electrical and mechanical inverse models, it is not 

possible to develop a model that would determine both dimensions at the same time. 

Therefore, the exploited ANNs have three inputs and one output, as shown in Fig. 8. 

   

 (a) (b) 

Fig. 8 Inverse electro-mechanical ANN models: (a) Ls (b) Lf 

For both types of the inverse models, separate electrical and mechanical or electro-

mechanical ANN model, the data for training the ANNs is obtained by calculating the 

resonant frequency or/and the actuation voltage for several combinations of the lateral 

dimensions. This can be done in standard simulators, or alternatively by the previously 

developed neural models aimed at calculating the resonant frequency and actuation voltage 

for the given dimensions (let us call them the direct models). Once the inverse models are 

trained, the determination of the desired dimension is done directly without optimization. 

5.1. Numerical results 

The proposed inverse ANN models were developed for the RF MEMS switch 

considered in this work. Due to behaviour of the inverse characteristics of the considered 

devices, it appeared that the data used for the development of the direct models of the 

resonant frequency and actuation voltage were not sufficient to train the inverse ANN 

models with the satisfying accuracy, as the modelling error was higher than tens of 

percent in some parts of the input space [39, 43, 46]. Therefore, to acquire more training 

data in these critical parts of the input space, the developed direct neural models were 

used for generating more training samples. The ANNs showing the best performance for 

each model are listed in Table 4, together with the number of training samples. To 

illustrate the accuracy of the inverse modelling, in Fig. 9 a comparison of the determined 

Lf and its target value is plotted in the form of scatter plots. Fig. 9a refers to the electrical 

inverse model and Fig. 9b to the mechanical inverse model. It can be observed that the 

deviation of the Lf value is within the boundaries of +/-3 µm, indicating very good prediction 

abilities of the proposed model. Similar results were obtained for prediction of Ls.  

Table 4 Final ANN models for the switch electrical and mechanical characteristics  

with the number of training and test samples 

Inverse Model ANN model  Number of training samples 

Electrical Lf 2-15-15-1 814 

Electrical Ls 2-15-15-1 814 

Mechanical Lf 2-25-25-1 961 

Mechanical Ls 2-4-6-1 961 

Electro.Mech. Lf 3-10-20-1 4131 

Electro.Mech. Ls 3-20-10-1 4131 
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(b) 

Fig. 9 Inverse modelling of Lf : (a) electrical inverse model, (b) mechanical inverse model 

The inverse electro-mechanical models gave similar accuracy as the separate electrical 

and mechanical models, which can be seen from the following analysis, where the inverse 

electromechanical model for determining the fingered part length (shown in Fig. 8b) is 

considered. The influence of the determination of Lf to changes of the resonant frequency 

(desired value 12 GHz) and the actuation voltage (desired value 25 V) were calculated 

and shown in Tables 5 and 6, respectively [48]. Namely, for the Ls values from 280 to 340 

µm, and the desired fres and VPI, the value of Lf is calculated (Lf_inv). Further, the calculated 

Lf  value is used to determine the resonant frequency (Table 5) or the actuation voltage 

(Table 6) with the direct ANN models for fres and VPI, respectively, and these values were 

compared with the desired values. The corresponding absolute errors (AE) and relative 

errors (RE) are given in Tables 5 and 6 as well. It can be seen that the relative errors are 

less than 2%, which can be considered as good. 
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 Table 5 RF MEMS switch inverse modelling results: resf  [48] 

sL  

[µm] 

resf  

[GHz] 

PIV

[V] 

inv_fL

 [µm] 

dir_resf  

[GHz] 

resfAE

 [GHz] 

resfRE

 [%] 

280 12 25 71.350 11.886 0.114 0.95 

290 12 25 61.703 11.859 0.141 1.20 

300 12 25 52.228 11.827 0.173 1.40 

310 12 25 43.426 11.789 0.211 1.80 

320 12 25 35.355 11.755 0.245 2.00 

330 12 25 26.917 11.884 0.116 0.97 

340 12 25 16.59 12.009 0.009 0.07 

Table 6 RF MEMS switch modelling results: PIV  [48] 

sL  

[µm] 

resf  

[GHz] 

PIV  

[V] 

inv_fL  

[µm] 

dir_PIV  

[V] 

PIVAE  

[V] 
PIVRE  

[%] 

280 12 25 71.350 25.169 0.169 0.68 

290 12 25 61.703 25.143 0.143 0.57 

300 12 25 52.228 25.120 0.120 0.48 

310 12 25 43.426 25.082 0.082 0.33 

320 12 25 35.355 25.056 0.056 0.22 

330 12 25 26.917 25.129 0.129 0.52 

340 12 25 16.590 25.380 0.380 1.50 

 

5.1. Discussion 

The results shown above confirm the accuracy of the determination of the lateral 

dimensions of the bridge for the given requirements related to the resonant frequency 

and/or the actuation voltage. The deviation in the dimension prediction is in the order of 

fabrication tolerances, confirming also the accuracy of modelling. The developed inverse 

models provide a very fast straightforward calculation of the bridge dimensions. Opposite 

to the direct models, which are valid in the range of the dimensions used for the ANN 

model development, although the inverse models give response for all the inputs falling 

between minimum and maximum values of input values used for training, they are valid 

only in the ranges of input values which are physically meaningful. This means that before 

choosing an input combination for an inverse model, it should be checked if the chosen 

combination is physically meaningful. This can be efficiently checked from two-dimensional 

plots input dimension - resonant frequency (and/or actuation voltage, depending on the inverse 

model used) which can be plotted by using the direct ANN models [49, 50]. 

Another challenge in bridge dimension optimization is how to determine the bridge 

lateral dimensions when total length of the bridge is given. Since the desired dependence 

is not unique, as it is case for all mentioned inverse models, such direct model is not 

possible to be realized with ANNs. However, the developed ANN based direct and 

inverse models can be used as a solution. The interested readers can find more details 

about it in [49- 51].    
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6. CONCLUSION  

RF MEMS switches have seen increasing applications in the field of microwave 

control, therefore, the design of the circuits containing RF MEMS switches require the 

presence of the reliable models. Artificial neural networks have appeared as an efficient 

alternative to standard commercial full-wave EM simulators and mechanical simulators 

providing similar accuracy but with significantly lower computational cost. This paper 

gives an overview of the neural models of capacitive shunt RF MEMS switches. 

Despite the fact that the development takes a certain time, as it is necessary to obtain 

the training data by using the standard simulation methods and to train the ANN models 

(a few minutes per a trained ANN), efficiency and speed in giving response make the 

ANN models very convenient for modelling and optimization of electrical and mechanical 

characteristics of RF MEMS switches.  
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