

  micromachines-15-00046




micromachines-15-00046







Micromachines 2024, 15(1), 46; doi:10.3390/mi15010046




Review



Review of RF Device Behavior Model: Measurement Techniques, Applications, and Challenges



Haode Li 1, Jiangtao Su 1,2,*, Ruijin Wang 1, Zhenyu Liu 1 and Mengmeng Xu 1





1



School of Electronic Information, Hangzhou Dianzi University, Hangzhou 310018, China;






2



Zhejiang Key Laboratory of Large-Scale Integrated Circuit Design, Hangzhou Dianzi University, Hangzhou 310018, China









*



Correspondence: jtsu@hdu.edu.cn







Citation: Li, H.; Su, J.; Wang, R.; Liu, Z.; Xu, M. Review of RF Device Behavior Model: Measurement Techniques, Applications, and Challenges. Micromachines 2024, 15, 46. https://doi.org/10.3390/mi15010046



Academic Editor: Ion Stiharu



Received: 19 November 2023 / Revised: 20 December 2023 / Accepted: 23 December 2023 / Published: 25 December 2023



Abstract

:

This review presents a concise overview of RF (radio frequency) power transistor behavior models, which is crucial for optimizing RF performance in high-frequency applications like wireless communication, radar, and satellites. The paper highlights the significance of accurate modeling in understanding transistor behavior and traces the evolution of behavior modeling techniques. Different behavior modeling strategies, such as LUT (look-up table) based models, polynomial equation-based models, and machine learning based models, are discussed along with their unique characteristics and modeling challenges. The review explores the difference between behavior models and the conventional empirical or physics-based modeling approaches, addressing the challenges of the accurate characterization of transistors at high frequencies and power levels. This paper concludes with an outlook of emerging trends, such as physical models combined with behavior models, shaping the future of RF power transistor modeling for more efficient communication systems.
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1. Introduction


With the continuous evolution of modern wireless communication technology and the advent of new semiconductor processes and materials, various radio transmission systems are becoming more and more complex, and the application fields are also expanding. In this context, RF front-end circuits and devices, which are crucial parts of communication circuits, have garnered extensive research and attention.



In the process of circuit design, the use of computer-aided design (CAD) software has become a key step in simulation and analysis. These tools can provide valuable information before the actual manufacturing of the circuit. This process significantly reduces the design cost and shortens the design cycle. However, to achieve this goal, an accurate circuit model must be available because only an effective model can provide useful guidance.



For a long time, the modeling methods in the microwave field have mainly focused on two directions: physical basis models and empirical basis models [1,2]. The former requires an in-depth study of the materials, structural parameters and process parameters used in transistor devices to obtain the voltage–current characteristics of the devices. However, as the physical phenomena are relatively difficult to characterize, the physical model in actual circuit design is relatively limited. The latter approach fits the device characteristic curve through an empirical function [3], which improves computational efficiency at the expense of discarding the physical meaning of the parameters. But this also means that the empirical basis model has lost some guiding ability in device design.



Both the physical basis models and empirical basis models require accurate measurement of S-parameters. However, the actual electromagnetic environment is very complex, and the input signal and the output signal usually do not follow a simple linear relationship. Therefore, the limitations of the traditional S-parameter model are particularly prominent with the continuous improvement of the performance requirements of communication systems, where devices are high-power and high-efficiency with a nonlinear output in saturated working areas. Under this working condition of large signal excitation, RF devices will exhibit nonlinear phenomena such as gain compression, harmonic distortion, intermodulation distortion, the self-heating effect, and the memory effect. The physics-based model and the empirical-based model need to provide more parameters to describe these phenomena, which makes the model more complex and the parameter extraction more difficult.



Behavioral modeling has become a research direction that has attracted a lot of attention in recent years [4]. The behavior model is a black box model, and its extraction process does not need to understand the internal structure or equivalent circuit of the device. It only relies on measuring the input and output signals of the black box, and selects the appropriate model structure through appropriate methods and identifies the model parameters according to the port information, thereby establishing a model equivalent to the device characteristics. Since there is no need to understand the physical relationship between the elements inside the device, the behavior model helps to protect intellectual property rights and prevent reverse engineering. Compared with physical models and empirical models, behavioral models have the advantages of low time cost, high modeling efficiency, and sufficient accuracy, and have been widely used in RF front-end circuit and device modeling. This fast and efficient modeling method helps to meet the growing demand for nonlinear system modeling, and promotes its research and application in the field of RF engineering.



The modeling process of the behavior model is shown in Figure 1 below. This article will introduce each step and emphasize the significant characteristics of the behavior model relative to other types of models.



This paper aims to discuss the latest developments in the progress of RF device behavior models, as most of these methods have their own uniqueness. Starting from the development history, a deep study of different behavior models’ applicable conditions and limitations will be carried out. Since measurement techniques are the precondition to obtaining the necessary data to establish an accurate behavior model, they will be discussed in this paper, as well as the various application fields of the behavior model. These range from the optimization of PA performance, accurate signal integrity analysis, and the modeling of complex electromagnetic interference (EMI) problems, highlighting its importance in the real world. Finally, the challenges faced by behavior models are comprehensively reviewed, with particular attention paid to the high dependence on large-scale test data, and the prospects for future development are pointed out, providing useful insights for research and practice in this field.




2. Polynomial Based Behavior Model


The polynomial-based behavior model can be seen as the nonlinear extension of S-parameters. Many researchers have since proposed various behavior models through different modeling strategies [5], although various limitations have existed. This section aims to review the development of these models to help future researchers better select nonlinear behavior models suitable for different applications.



2.1. Hot-S Parameters


In the study of linear circuits, the traditional S-parameter has been dominant and has had an important impact on the microwave field for decades. Therefore, when RF engineers began to study the modeling of nonlinear devices, they hoped to extend the concept of S-parameters to the nonlinear field [6,7].



Based on this concept, the Hot-S parameter is introduced [8]. Different from the traditional single excitation source measured conditions of S-parameters, Hot-S parameters introduce the setting of double excitation sources on this basis [9]. It adds a large signal (  f c  ) to the input of the device to enable the device to enter the working state, and then measures the response of the small signal (  f s  ). In this case, the concept of a wave and b wave is similar to the classical S-parameter:


        b 1    f s          b 2    f s        =       h o t S  11      h o t S  12        h o t S  21      h o t S  22            a 1    f s           a 2    f s    .       



(1)







In the microwave frequency band, it is usually difficult to directly measure the voltage and current waveforms. Therefore, in the study of the frequency domain behavior model, the traveling wave formula is often used to describe it, which involves the linear combination of port voltage and current. In general, we use   A  p m    to represent the incident wave and   B  p m    to represent the scattered wave.



However, this simple expansion method only considers the influence of the large signal input   f c  , and does not fully consider the influence of the intermodulation product of the large signal   f c   and the small signal   f s   on the model. In order to improve the model, an additional small signal with the same frequency as the driving large signal is introduced and applied at the other end of the device. Since the power of the input small signal is much smaller than that of the driving large signal, we can regard this small signal as a disturbance signal without changing the working state of the device under the condition of ignoring the high-order harmonic response of each port and retaining only the fundamental response. At this time, the Hot-S parameter can be described as:


        b 1    f s          b 2    f s        =       h o t   S 11       h o t   S 12         h o t   S 21       h o t  22      ×       a 1    f c          a 2    f c        +      T 12       T 22       e  j 2 φ  (   a 1   (  f c  )   )      c o n j     a 2    f c      .  



(2)







In the above equation, by introducing   T 12   and   T 22   terms, the nonlinear response of the disturbance signal and its conjugate term near the working point of the large signal is described, and the nonlinear behavior is linearized to a certain extent. However, it should be noted that, since the equation only considers the fundamental response, it cannot fully express the influence of nonlinear products.




2.2. Poly-Harmonic Distortion Model


As a further improvement of the extended thermal S-parameters, Verspecht et al. proposed a new large-signal scattering parameter technique, which is called the poly-harmonic distortion (PHD) model [10]. The PHD model is derived by strict mathematical derivation based on the description function.



Since the description function represents a time-invariant system, if the incident wave has a certain delay, the scattered wave will also have the same delay. This characteristic is shown as a linear phase shift in the frequency domain. In the description function, the phase of the fundamental excitation signal is used as a reference, and the phase operator P is introduced, where   P =  e  j φ  A 11     . The phase and amplitude can be separated, thus we can get Formula (3):


       B  p m   =  F  p m       A 11   ,  A 12   P  − 2   ,  A 13   P  − 3   , … ,   ×  A 21   P  − 1   ,  A 22   P  − 2   , …    P  + m    .     



(3)







After this transformation, the most important independent variable,   A 11  , will no longer be a complex number but will become a positive real number, thus reducing the complexity of subsequent mathematical operations.



Assuming that, for a device-under-test (DUT), only the fundamental input signal,   A 11  , is a large-signal excitation, and all other harmonic components are small-signal excitations, then the operating point of the DUT depends only on   A 11  . Under this condition, the harmonic superposition theorem (as shown in Figure 2) can be applied to linearize these small harmonic signals. In this case, these small signals and their conjugate terms do not affect each other, and their effects on the output appear in a positive correlation form. Therefore, the final PHD model can be expressed as:


       B  p m   =    ∑  q n       S  p q , m n      A 11     P  + m − n    A  q n     +    ∑  q n       T  p q , m n      A 11     P  + m + n     c o n j    A  q n      .     



(4)








2.3. X-Parameter Model


In order to further promote and develop the model, Jan and Agilent jointly applied for a patent trademark, which is the X-parameter behavior model. Additionally, the description formula is written as:


   B  e f   =  X  e f   ( F )      A 11     P f  +   ∑  g h ≠ 11      X  e f , g h   ( S )      A 11     A  g h    P  f − h   +   ∑  g h ≠ 11      X  e f , g h   ( T )      A 11     A  g h  *   P  f + h   .  



(5)







In Formula (5), the first item is determined solely by the large signal operating point. Only the large signal excitation is applied to the DUT, and then the amplitude and phase at all frequency points are recorded. By comparing these data with the amplitude and phase of the excitation signal, the amplitude ratio and phase difference of the cross frequency can be obtained to extract the parameters of this item. The   X S   and   X T   terms represent the influence of the perturbation small signal and the conjugate term of the perturbation small signal on the port scattering wave, respectively. (Although the reflection coefficient is not included in the model, the nonlinear response caused by the load impedance mismatch is actually included in the form of a small signal disturbance). Through Figure 3, it can be intuitively observed that, with the increase of   A 11  , the nonlinear distortion of the system becomes more and more serious. The compression deformation of the smiley face is due to the existence of the   X T   term, and the rotation and scaling are affected by the other two.



According to the previous derivation process, the X-parameter’s large signal operating point depends solely on the nonlinear operating state of the device, including the input and DC bias information of the large signal,   A 11   (   |   A 11   | , D C   ). Since the derivation is based on the single large signal excitation mentioned above, the model is primarily applicable to devices with good impedance matching. However, under conditions of significant load impedance mismatch, where the DUT operates in strong nonlinear conditions, the X-parameter model may exhibit a large prediction error.




2.4. Multitone Multiharmonic Scattering Parameters


In addition, References [12,13] proposed another method to extend the S-parameters, namely multi-tone, multi-harmonic S-parameters (   M 2  S  ). The    M 2  S   parameters can be characterized by Formula (6) for each intermodulation product, and the spectral mapping relationship between A wave and B wave can be determined.


   B  p ,  (   k 1  , … ,  k N   )     =   def     S  p ,  (   k 1  , … ,  k N   )        A 1   , … ,   A N       ∏  n = 1  N     γ  k n     A  n    |   k n   |     .  



(6)







Under the condition of selecting the appropriate asymmetric offset frequency, the model can avoid the overlap of intermodulation products, which can be characterized by independent    M 2  S   parameters, only depending on the amplitude    |   A n   |    and independent of the phase. Therefore, the    M 2  S   parameters can make it relatively simple to obtain a complete description. In fact, the characterization terms of the intermodulation products of different orders in the    M 2  S   parameters can correspond to the expansion of the Volterra series in the frequency domain and, according to its definition based on the description function, the    M 2  S   parameters can better model nonlinearity. When the two-port device is limited and the non-quasi-static memory effect is ignored, the    M 2  S   parameters can be extracted within the expected application specifications by selecting the appropriate offset frequency. At this time, the model can cover the entire working area of the DUT and has the ability to predict the behavior of the device under load-pull conditions. However, with the increase of nonlinear order, it is difficult to ensure that many intermodulation products do not overlap with each other, which limits the application of    M 2  S   parameters.




2.5. Load-Dependent X Parameter Model


As a nonlinear superset of S-parameters, X-parameters can be easily extracted by a nonlinear vector network analyzer (NVNA) [14,15]. However, the X-parameters measured separately only contain the waveforms of the harmonic and intermodulation product components under specified driving signal amplitude and frequency conditions. These measurements are typically confined to a 50-ohm characteristic impedance range. However, the optimal load impedance of the RF power transistor changes with the input power under large signal operating conditions. Therefore, it is necessary to be able to plot the equal output power or efficiency curve under different load impedance conditions and different input power on the Smith chart, in order to help designers find the best load impedance corresponding to the best performance point of the transistor [16]. This technique is commonly referred to as load-pull.



Combined with NVNA ’s measurement of X parameters and the load-pull measured method, X parameters can be obtained in a wide range of Smith charts [17]. The resulting behavior model is called the load-dependent X parameter [18,19], which is expressed as:


       B  e , f   =  X  o f   ( F )     D C ,   A 11   ,  Γ 21     P f    +    ∑  g , h       X  f , g h t   ( S )     D C ,   A 11   ,  Γ 21     P  f − h   ·  A  g h     +    ∑  g , h       X  d f , s h   ( T )     D C ,   A 11   ,  Γ 21     P  f + h   ·  A  g h  *   .     



(7)







It can be seen from the expression of the behavior model that the so-called load correlation refers to controlling the value of the load reflection coefficient through the impedance tuner and returning part of the reflection signal of the large signal response on the device scattering port to the device as another large signal input to simulate the working conditions of the serious load mismatch. This model extends the validity range of X parameters. In essence, it collects X-parameter measurement data at different load impedance points and organizes them into a dataset so that designers can directly extract the corresponding X-parameter model for use in the region of interest, as shown in Figure 4. In fact, the method of directly using large signal test data, such as the load-related X-parameter model, is essentially a look-up table model [20].



However, because this model introduces more variables to define the large signal operating point, the size of the model file significantly increases, which limits the further use of the model.




2.6. Cardiff Model


In the meantime, the X-parameter model was developed, and a new modeling strategy was formed by combining the truth look-up table [21,22] with the polynomial behavior model. This strategy allows for the integration of measurement-based and model-based design methods, and enables the easy conversion of actual measured voltage and current waveforms into model parameters. This method can be easily integrated into CAD software and is called the Cardiff model. Furthermore, the Cardiff model also extends the classical X-parameter model, and its formula is expressed as:


   b k  =   ∑  m = 0    n − 1  2      C  k , m   ·    Q P   m   a 1  +   ∑  m = 0    n − 1  2      U  k , m   ·    P Q   m   a 2  .  



(8)







Similar to the load-dependent X-parameter model, the Cardiff model also includes the amplitude    |   A 21   |    of the incident wave at the output end, and separates the amplitude and phase of the large-signal incident waves into two different ports. The phase difference is represented by   Q / P   as an independent variable in the model function. C and U are the parameters of the model, which can be obtained by rotating and integrating the phase operators of different orders. This is a more general behavioral model, which can cover a large range on the Smith chart and expand the prediction range of the model by interpolation and extrapolation to cover the entire Smith chart [23,24].



However, since the model does not define the high-order harmonics of the reflected wave, it is only suitable for simulations related to the fundamental wave output, such as fundamental wave load-pull or AM-AM, AM-PM distortion. In the strong nonlinear region, the prediction error may increase. Therefore, we consider extending the original single-input Cardiff model to two-tone or multi-tone inputs to model mixed-order and intermodulation products [25]. It can also be used to predict the behavior of a multi-input single-output amplifier (MISO PA) [26]. In this model, there are at least two interacting excitation signals with different amplitudes and phases, which can be expressed as:


       B  p , h   =    ∠  A  1 , 1     h  ·    ∑ x        ∑ m        ∑ n       … ,  K  p , h , m , n , x   ·    A  1 , 1    x  ·    A  2 , 1    m  ·    ∠   A  2 , 1    A  1 , 1      n   .     



(9)







In this model, the subscripts x and m represent the amplitude variation range of the two signals, and n represents the phase variation range. The model normalizes the phase to the fundamental phase of   A  1 , 1    to ensure that each harmonic is aligned when the fundamental phase is 0°. Similarly, the model coefficients are separated into a form that is only related to the amplitude and is independent of the phase, which simplifies the mathematical expression and maintains the time invariance of the model. Through verification experiments, it is proven that this model has excellent interpolation ability and greatly reduces the original dataset that needs to be used for modeling while maintaining good prediction accuracy. However, due to the need to re-normalize the traveling wave, the complexity of model extraction is high. In addition, in the [27], by incorporating DC bias into the formula of the Cardiff model, the versatility of the model is further improved and the test intensity is reduced.




2.7. Dynamic X-Parameters Model


As the power of the power transistor excitation signal is further improved, the signal with a high peak-to-average power ratio will drive the transistor to a fully saturated state, making it work under strong nonlinear conditions and exhibit a memory effect [28,29]. The existence of the memory effect means that the instantaneous output of the device at any time depends not only on the instantaneous input at the current time, but also on the input of the device at all past times. This makes the previous model unable to accurately predict the output response of the device [30].



In order to further extend the X parameter to represent the existence of long-term memory effect in the envelope domain, a model called dynamic X parameter is proposed [31,32]. The equation is:


      B  ( t )  =    F  C W      A ( t )    +  ∫   0    G     A ( t )   ,   A   t − u     , u   d u     exp   j φ   A ( t )      .     



(10)







The basic idea of this model is to combine a static function    F  C W    ( · )    describing nonlinear behavior with a dynamic nonlinear function   G ( · )   over the time integral function to characterize the output. The static part here can be regarded as the classical PHD model, which represents the large signal envelope domain response of the device under the excitation of a given input signal. The dynamic part is the integral of the general nonlinear function of the instantaneous amplitude of the input signal   A ( t )  , the past value of the input signal   A ( t − u )  , and the time when the past value occurs (variable u). This also explains the correlation between the instantaneous response of the device and the current input amplitude, the past input amplitude, and the time span between the two in the memory effect. Therefore, the extended dynamic X-parameter behavior model has been proved to be able to predict the strong nonlinear behavior and the memory effect caused by a wider range of input signals.



In general, the above models perform well under certain conditions but, considering the diversity and complexity of RF devices, no model can fully cover all working conditions. The selection of appropriate models should be based on specific application scenarios and device characteristics of concern and, as the components to be characterized continue to increase, the complexity of the model and the difficulty of extraction also increase. Future research may require more comprehensive and general models to more accurately describe the nonlinear behavior of various RF devices. This may involve integrating the advantages of different models to create a more comprehensive and adaptable behavior model.




2.8. Other Numerical Models


In addition to the series of models described above, a large number of behavior models based on numerical calculations have emerged in the study of the nonlinear behavior of RF power devices [33,34,35]. These models can be roughly divided into two categories [36].



The first type is a memoryless model suitable for early communication systems. For communication systems with narrow bandwidth, the distortion generated by the signal is generally static nonlinear distortion, that is, the output of the system only depends on the input signal at the current time. This kind of model can be fitted by a power series model and the Saleh model [37,38].



The second type is a memory nonlinear model for modern broadband systems, which is originally developed based on the Volterra series model [39,40,41]. The Volterra series is a generalization of the Taylor series, which integrates the memory term into the Taylor series [42]. However, with the increase in memory depth and nonlinear order, the number of Volterra series kernels will increase significantly, making it difficult to identify the parameters of the model. Therefore, this series of models is mainly used to describe weakly nonlinear systems.



In addition, the proposed piecewise linear function model has formed another new route [43]. This method uses linear functions to fit nonlinear behaviors in each interval and smooth transition functions between different segments to ensure continuity. Based on this idea, Cai et al. [44] proposed a model based on a multidimensional canonical section-wise piecewise linear (CSWPL) function. The traditional CPL method only supports univariate description functions and can be extended to model complex signals. The model structure is the same as the Cardiff model, and the multi-dimensional CSWPL is used for an approximate description. The multi-dimensional variables used to extract the model parameters come from the frequency domain data and the DC component under different input power and load impedances obtained by load-pull measurement, and then the parameters are solved by the least square method. The established model can cover the entire Smith chart with a set of fixed parameters, and is compared with the artificial neural network (ANN) model, the polynomial model, and the PHD model. Only the ANN model can have a similar prediction accuracy to the CSWPL model in areas with strong nonlinearity, but the complexity of the ANN model is much higher than that of the CSWPL model. Therefore, the CSWPL model has become a flexible and efficient behavioral model with excellent performance in highly nonlinear modeling.





3. Machine Learning Based Model


The neural network is proposed by imitating the working principle of the human brain [45]. It performs correlation operations by constructing artificial neurons. The artificial neuron is composed of neurons, weights, summation units, thresholds, and activation functions, as shown in Figure 5. The structure and weight of the neural network will be adjusted according to the change of the external input signal. By continuously learning and training the sample data provided, the neural network can find the relationship between the input and output signals to construct the model [46].



Since the 1990s, machine learning has gradually entered the field of RF CAD in the form of ANN [48]. ANN learns the behavior of RF and microwave devices and circuits through training, combines the knowledge of RF devices with ANN, and uses machine learning methods to improve existing behavioral models and even create new models [49,50,51,52,53,54].



The application of neural networks in RF device behavior modeling is similar to the idea of polynomial fitting modeling, although such models are not as accurate as physical models. In recent years, the development of neural networks has made great progress, and networks with different structures and training algorithms have emerged in an endless stream. Therefore, the application of these diverse neural network structures to establish the nonlinear behavior model of power devices has gradually received attention.



3.1. Time-Delay Feedforward Neural Network Model


In the initial stage of the study, the behavior model based on a multi-layer perceptron (MLP) network has emerged, which has a simple structure and can model the behavior of a memory-less RFPA. However, as mentioned above, the memory effect is unavoidable. In order to solve this problem, a time-delay feed-forward neural network model is proposed in this paper [55]. The input layer of the model contains the time-domain voltage data and its delay response term, and the output layer is the sample collected in the time domain by testing. This neural network constructs a form of expression that conforms to the time-domain memory effect, that is, the output of the device depends not only on the input at the current moment, but also on the state at other moments. By selecting the appropriate input delay, the model can fully represent the memory effect of the model. By providing multiple sets of training data with different input, output, and delay, the model can obtain a wider representation ability.



Additionally, some models incorporate the training method of a feedforward neural network with a global recurrent network. This hybrid approach captures substantial dynamic information, contributing to the convergence of a high-precision model [56,57].




3.2. Dynamic Neural Network Model Series


In order to make the neural network an accurate model of the problem to be learned, it is necessary to set the number of neurons and the number of hidden layers reasonably, which depends on the degree and order of the nonlinearity of the device. Complex nonlinear behavior requires more neurons. In general, users can adjust the hidden layer through experience or trial and error, but this is a costly way. Therefore, the dynamic neural network that recruits and prunes neuron nodes through learning algorithms has become a new choice [58].



In the paper [59], a model based on a nonlinear autoregressive external input neural network (NARXNN) is proposed. The model adds two branch delay lines and a feedback mechanism, which can memorize and process historical data. The number of input/output layer nodes is set according to the number of input/output values. It is a dynamic neural network, which has advantages in time-related sequence prediction including the PA memory effect. Using this model, a good prediction effect can be obtained. As shown in Figure 6, the model is highly correlated with the measured results.



In contrast, of neural network models with large parameters, typical examples include the GPT (Generative Pre-trained Transformer) series models developed by OpenAI. These models are known for their powerful learning and representation capabilities, and are capable of transfer learning on specific tasks through pre-training trials. However, there is no research on the application of artificial intelligence based on large models to the modeling of the nonlinear behavior of RF circuits, and we will continue to pay attention to the research progress related to this direction.




3.3. Support Vector Regression (SVR) Technology Series


However, the neural network-based model has inherent overfitting problems and its generalization ability is poor. In addition, the ANN model usually cannot determine the optimal model structure, so the modeling efficiency is not high. Therefore, more and more people begin to use SVR technology based on the core of the machine learning algorithm to model behavior [60]. Compared with the ANN model, SVR technology is more efficient and stable. The description function of the SVR model is defined as follows:


   B  p m   =  f  p m      A  q n   ︷   =   ∑  i = 0  k     β  p m , i   K     A  q n , i   ︷  ,   A  q n   ︷    +  b  p m   .  



(11)







According to the block diagram of the SVR model shown in Figure 7, it can be seen that the model separates the real and imaginary parts of the input signal. It then inputs them into two SVR machines, respectively, and the two SVR machines output the real and imaginary parts of the reflected signal, respectively. The SVR model can effectively predict the behavior of the device at the fundamental and higher harmonic frequencies in the Smith chart range.



In the follow-up study, Ref. [62] proposed the LS-SVR technology and optimized the SVR model to provide a more efficient model extraction process without reducing the accuracy of the model.





4. Measurement Techniques and Model Optimization


The key to obtaining a high-precision behavior model is the quality of test data, and obtaining high-quality test data requires the support of advanced and reliable measurement technology. In today’s highly interconnected communication and RF fields, based on the demand for higher data rates and a wider spectrum, traditional linear measurement methods can no longer meet the requirements for in-depth understanding and accurate evaluation of dynamic system trend changes, time-varying relationships, and interactions between parameters. Therefore, the importance of nonlinear measuring instruments and technology is particularly significant. Especially for the behavioral model, it cannot be scaled by simple parameter changes after the modeling is completed, as the physical model does, and it relies more on accurate and efficient measurement techniques. This section will discuss the continuous expansion of vector network analyzers, show how the evolution of measurement technology promotes the development of behavioral models, and introduce the impact of model optimization.



4.1. Vector Network Analyzer (VNA)


VNA is one of the earliest test tools used in the RF field. It measures the response of the network as a vector, including real and imaginary parameters, in order to facilitate the capture of signal amplitude and phase. Its main working mode is to measure the transmission, reflection, impedance parameters, and S parameters in the frequency band of interest to analyze the performance of various circuits and devices.



The structure of the VNA is shown in Figure 8, where the signal source is used to generate the excitation, which is transmitted to different directions of the DUT according to the test requirements through the splitter. The input signal and output signal on the DUT are separated by the directional coupler of the two ports, and then the RF signal is measured and processed in the receiver part to obtain the required frequency, amplitude, phase, and other information.




4.2. Large Signal Network Analyzer (LSNA)/Microwave Transmission Analyzer (MTA)


The traditional VNA measurement has nothing to do with power, which makes it limited to the description of the LTI system. In order to overcome its limitations under nonlinear conditions, LSNA and MTA gradually emerged. LSNA obtains the absolute amplitude of the wave and the absolute value of the phase relationship between the harmonics in the complete range by performing fast Fourier transform (FFT) on the entire spectrum. Its structure is shown in Figure 9.



Similar to VNA, LSNA uses RF signal generators and couplers to transmit excitation signals and acquire incident and reflected waves. In the subsequent processing of the captured RF signal, an attenuator is needed to avoid the subsequent components working in the nonlinear region. Due to the high frequency of the signal, it cannot be directly digitized, so it is necessary to perform down-conversion. This part of the device is actually composed of MTA and is realized by the sampling theorem. LSNA also uses a 10 MHz synchronization line to synchronize the clocks of various components of the instrument to obtain an accurate coherence relationship between phases.



For nonlinear devices that do not consider the memory effect, LSNA can already obtain more reliable test data. For example, the Hot-S parameters can be extracted by the test system [64] shown in Figure 10. The system structure is very simple, consisting of a large signal network analyzer and two signal generators. Among them, signal source 1 provides a large signal (  A 1  ) that puts the system in a ‘hot’ condition, while signal source 2 generates a small signal (  A 2  ) independent of (  A 1  ). The test process is similar to the traditional S parameter measurement. The measured data can be substituted into Formula (2) to obtain the Hot-S parameter.



For such a simple test system, it mainly depends on the powerful instrument of LSNA. However, as the complexity of RF and microwave technologies increases and test requirements become more diverse, combining network analyzers with other devices is an effective way to scale.




4.3. Nonlinear Vector Network Analyzer (NVNA)


Since the LSNA measures the entire spectrum at the same time, the grid space for phase calibration will be larger if the interpolation algorithm is not used. NVNA achieves similar functions to LSNA in another way, and its structure is shown in Figure 11.



Unlike LSNA, NVNA is based on the heterodyne principle and uses a mixer to convert the RF signal into an intermediate frequency. Since NVNA only measures one frequency component at a time, all the spectral lines are correctly spliced together to obtain a complete measurement result, which requires the harmonic phase reference to be controlled by the synchronous clock signal in order to finally restore the relative phase relationship between the harmonic components. Based on NVNA, the X-parameter hardware test platform can be constructed, and the load impedance can be changed by controlling the impedance tuner to realize the measurement of load-pull data [18].




4.4. Pulse Measurement Technology


Different from the electrical memory effect mentioned above, when the instantaneous power of the PA fluctuates with the change of the input signal, the junction temperature of the transistor changes, which leads to the thermal memory effect. This effect is mainly manifested as the self-heating and trap effects, resulting in the decrease of PA efficiency, output power, and linearity. In order to reduce the influence of device self-heating on the measurement results and to better analyze the trap effect, pulse measurement technology is a reasonable choice.



4.4.1. Pulse-IV Technology


For general transistors, IV characteristics can be characterized by applying a short-time low-duty-cycle pulse signal. However, the asymmetry of charge trapping and recovery time in GaN FET requires new measurement methods for accurate characterization. Ref. [67] proposed a dual-pulse measurement technique. The technique uses two pulses, one of which puts the transistor in a preset trap state, while the other provides an actual IV measurement. Through this pretreatment method, a customized dual-pulse IV of PA under different operating conditions can be obtained to predict more achievable PA performance.




4.4.2. Pulse-RF Technology


After the pulse IV measurement of the transistor, the characteristic information of its knee point drift and current collapse can be obtained. However, the transient effect of the change of the working point of the gauge on the RF performance of the device cannot be obtained. In order to overcome the limitation of static measurement and obtain the response in a more application-like environment, it is necessary to perform pulse RF large signal measurement. For example, Reference [68] proposes to evaluate the nonlinear dynamic effects by measuring the transient behavior under pulsed RF excitation. In general, IM3 is widely used to characterize the memory effect. However, when considering the trap effect, it is only related to the envelope frequency below 1MHz, so it must be measured by a very small pitch interval, which will inevitably lead to a decrease in measurement accuracy. The measurement system shown in Figure 12 is used for data acquisition.



The system can simulate different self-heating and trap conditions by changing the pulse power and duty cycle, so this measurement method can effectively characterize the transient behavior of devices with trap effects.



By comprehensively applying these pulse measurement methods, the basic IV characteristics of the transistor can be obtained while obtaining transient characteristics that are in line with the actual application conditions. Just as in Ref. [69], for devices with different Fe-Doped buffer concentrations, there is no significant difference in the characteristics obtained by traditional measurements such as pulse IV measurement. It can be supplemented by a pulsed RF measurement, and the effect of doping concentration on the recovery time after the current trap is found. The development of such pulse measurement techniques provides more favorable data support for the establishment of models that can characterize long-term memory effects [70,71,72].





4.5. Load-Pull Technique


The influence of load-pull data on the accuracy of the model cannot be underestimated. In addition to the passive load-pull realized by the impedance tuner in the above test system, an active load-pull measurement system is proposed in Figure 13.



The main difference is that the signal generator with the same phase reference is used to actively inject the signal at the output end to form the required reflection coefficient. After passing through the tripler, it enters a 4-channel receiver to change the load impedance of the DUT, in order to achieve the effect of load-pull. This measurement method can also be used to extract the parameters of the harmonic Cardiff model, which can be used to model the device under strong nonlinear states.



However, with the enhancement of the nonlinearity of the device, the memory effect cannot be ignored. In this case, it is difficult to accurately measure high-order nonlinear behaviors (such as intermodulation distortion) only through a single-tone test system, and relevant information can only be obtained through a two-tone test or even a multi-tone test [74,75,76]. These existing test techniques cannot fully describe the nonlinear components in the memory effect. With the advent of the 5G era, the amount of data in the communication system is increasing, and the bandwidth and frequency are also higher. Therefore, it is a foreseeable development trend to further combine the two-tone, non-equidistant multi-tone measurement with load-pull technology, which will be a test technology closer to reality. For example, in the article [77], the impedances of the fundamental frequency and IMD3 are controlled by using different VSGs, as shown in Figure 14, so that they can cover the entire Smith chart. This measurement method can effectively determine the true application potential of the transistor, thereby optimizing the performance of the final design product.




4.6. Model Optimization


In addition to the development of nonlinear measurement technology, more and more research is currently being devoted to optimizing behavioral models. By optimizing the model parameters and structure, the fit and performance of the model can be improved to make it closer to the actual observation results. Additionally, the model extraction algorithm can be improved to ensure faster convergence speed and higher reliability without sacrificing representation accuracy.



In the traditional Cardiff model coefficient extraction method, the linear least squares method is usually used for calculation. However, this mathematical calculation process can become complicated when dealing with a large amount of data. In the article [50], a new method is proposed to optimize the original model by using artificial neural networks to extract the coefficients of the Cardiff model. Different from other neural networks, this method divides the input and output data of the device into real part and imaginary part matrices, and inputs them into the neural network simultaneously. Moreover, the expected model coefficients are used as the target output of the output layer and are then trained. By using this method to extract the model, acceptable accuracy can be achieved while simplifying the calculation process, thus optimizing the model.



This method not only simplifies the calculation process of Cardiff model coefficient extraction, but also improves the efficiency and performance of the model. This method of optimizing the model represents important progress in the field of behavioral models and is expected to yield better results in practical applications.



In Ref. [78], a method for extracting models from large-signal measurement data is proposed. This method generates a model function of any density by introducing a new nonlinear function sampling (NFS) operator (similar methods are also used in the    M 2  S   parameter extraction process). Based on the linear dependence on the unknown quantity, the extraction process is completed by solving the global linear equations of the unknown spectral components of the charge waveform, and finally the automatic model parameter identification is realized. This is also a major development direction of model optimization.





5. Applications


In the field of modern RF and microwave, nonlinear behavior models have evolved into indispensable tools. These models are not only used to describe the performance characteristics of devices/circuits, but also enable in-depth understanding of electronic systems and convenient simulation to meet growing demand, reduce design costs, improve performance, and promote innovation. In the face of the increasing complexity of electronic system design and optimization, the behavior model of RF power devices presents an exciting application prospect.



5.1. Design and Optimization of RF Power Amplifier


The requirements of modern communication systems for power and efficiency are increasing day by day. As the core component of RF links, the nonlinear behavior of power amplifiers has a significant impact on the overall performance. Especially in complex signal modulation and high input power scenarios, the nonlinear characteristics of PA may lead to signal distortion, spectrum proliferation, and unnecessary electromagnetic interference. Therefore, the establishment of a highly accurate transistor model becomes a prerequisite for optimizing PA design and developing linearization techniques.



In [79,80,81,82,83], behavioral models have been used to analyze various distortion mechanisms such as device intermodulation and harmonic distortion in detail, and began to explore PA linearization techniques such as predistortion and feedback. For example, in [84], T. S. Nielsen et al. extracted an X-parameter model of the Gan HEMT power transistor by using the nonlinear vector network analyzer NVNA and, based on this model, the design and development of Doherty PA was completed. In [85], a behavior model-based algorithm is proposed to increase the speed and accuracy of multi-tone wideband load-pull. Finally, after actual measurement and verification, it was found that the deviation between the test results and the simulation remained at a relatively low level, which also proved the effectiveness of the behavior model.




5.2. Signal Integrity


In today’s high-frequency communication environment, it is very important to ensure the transmission quality and accuracy of high-frequency signals from the transmitter to the receiver. Especially in the complex electromagnetic environment, the influence of various interferences and distortions makes the signal transmission more vulnerable, which may lead to data loss, timing errors, and overall performance degradation. The traditional electromagnetic modeling method based on Maxwell’s equations may be limited in complex processes. Therefore, nonlinear behavior modeling of transmission circuits has become an innovative solution to the problem of signal integrity in high-speed circuit design.



For working conditions with complex interference, such as electromagnetic radiation, electromagnetic induction, and electromagnetic scattering, the traditional model may find it difficult to fully consider the influence of nonlinear behavior. Therefore, behavior models based on machine learning, such as CNNs, have become a more intelligent and efficient solution. Through the study of a large number of actual data, these models can capture the complex behavior in the nonlinear system, enabling them to predict key signal quality indicators more accurately and provide a more accurate reference to improve the fault tolerance and anti-interference ability of the signal.




5.3. Electromagnetic Interference Field


As the electromagnetic environment becomes more and more complex, electronic equipment and systems are facing increasingly serious electromagnetic compatibility challenges. The existence of electromagnetic interference may lead to communication interruption, equipment failure, and even potential risks to personal safety. Therefore, the modeling and simulation of electromagnetic interference have become key steps in preventing, identifying and solving electromagnetic compatibility problems in advance, which is another important application field of nonlinear behavior models. RF devices operating in extreme radiation environments must be able to withstand high radiation levels and maintain their performance degradation within an acceptable range. Therefore, the modeling of devices under severe radiation has become an attractive field. Some of the early models were extended on the basis of the SPICE model, considering the effects of gamma rays, neutron radiation, etc. [86,87], but there was no clear extraction process of radiation parameters, and it was not convenient to use. Subsequently, in [88], the researchers established proton and neutron damage models with the help of TCAD, and achieved a good agreement with the measured results. In addition, Sichen Yang et al. [89] realized a model with certain nonlinear parameter prediction ability for the RSE problem by combining a series of methods mentioned above.



In [90], through a large signal network analysis of nonlinear systems, the extracted X parameters are used to measure the immunity of the system under electromagnetic interference. The results show that the behavior model has wide application potential in electromagnetic compatibility modeling and simulation. This application potential is not only reflected in theoretical research, but also has substantial value in system design and performance optimization in the actual electromagnetic environment.



In short, the nonlinear behavior model has a wide application prospect in the field of RF and microwave, which is helpful in improving the performance of electronic systems, promoting technological innovation, and ensuring the normal operation of electronic equipment in a complex electromagnetic environment. These behavioral models play an indispensable role in modern communication, computing, and electronic systems, helping engineers solve evolving technical challenges by improving the accuracy and intelligence of the models. Therefore, the application of the nonlinear behavior model is not only the demand of the current RF microwave field, but also the guidance for the future development of electronic systems. By continuously improving and expanding these behavioral models, we can expect to see more innovative products and solutions to meet the ever-increasing performance and complexity requirements. In engineering practice, these models will continue to play a key role in promoting the continuous progress of RF microwave technology.





6. Challenge and Prospect


As a key research direction in the electronics field, the modeling of RF front-end circuits and devices continues to show a wide range of prospects through the support of innovative measurement techniques, model optimization methods, and diverse application fields. This paper discusses the advantages and disadvantages of the behavioral model as a modeling tool, emphasizing its lack of a clear physical basis, the limitations of geometric scaling expansion, the problem of high dependence on data quality and quantity, and the challenge of re-fitting when working conditions change. In this context, this paper proposes the potential prospects of hybrid models, and believes that the combination of physical models and behavioral models is the future development direction.



First of all, the advantage of the hybrid model is that it can introduce physical knowledge to guide the model construction and constrain the parameter extraction process, thereby improving the interpretability of the model. The combination of data fitting of the behavior model and the intuitive reflection of the physical model on the device behavior can not only improve the accuracy and generalization ability of the model, but also reduce the high dependence on a large number of test data, thereby reducing the measurement cost and time. Based on the support of physical knowledge, the parameters in the behavior model can also contain a certain physical meaning, so that the hybrid model has a certain geometric scaling ability and can be extended to other working conditions. Therefore, the hybrid model has become an effective way to deal with practical engineering problems.



At the same time, it provides a variety of model selection guidance for different practical application scenarios. Especially in the modeling of complex nonlinear behavior, the model based on machine learning highlights the new direction and method for RF power device modeling research. Through this application, the behavior of the device can be simulated and analyzed more accurately, providing more possibilities for RF circuit design.



In addition, this paper also emphasizes the key role of measurement technology. The traditional VNA provides a basis for us, but with the continuous upgrading of RF system requirements, the introduction of new measuring instruments such as LSNA, MTA, and NVNA makes it possible to understand nonlinear systems in depth. Load-pull technology provides a more complex and comprehensive test method under different impedance conditions by introducing active and passive means. Subsequent measurement techniques can be further developed to include complete measurements of device memory effects. At the same time, the model optimization method also provides a new idea for improving the accuracy and efficiency of the model. The comprehensive application of these advanced measurement techniques and model optimization methods will inject more vitality and possibility into the future development of RF power device behavior models.



In short, RF power device modeling is a promising field, not only because of its wide application in electronic system design and optimization, but also because of its innovative research directions and methods. Future research will continue to explore how to better integrate various models to meet the growing demand for RF applications, while emphasizing the importance of data quality, model accuracy, and interpretability to ensure that behavioral models give full play to their potential in practical applications. Hybrid models, neural network models, advanced measurement techniques, and model optimization methods will jointly promote the future development of RF power device modeling.







Author Contributions


Writing—original draft preparation, H.L.; writing—review and editing, H.L. and J.S.; data curation, H.L. and R.W.; formal analysis, H.L., Z.L. and M.X.; funding acquisition, J.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China under Grant 62293493 and the National Key Research and Development Program of China under Grant 2020YFB1804903.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Gasseling, T. Compact transistor models: The roadmap to first-pass amplifier design success. Microw. J. 2012, 55, 74–86. [Google Scholar]

	



Moure, M.R.; Casbon, M.; Ladero, N.; Fernandez-Barciela, M.; Tasker, P.J. A systematic investigation of admittance domain behavioral model complexity requirements. In Proceedings of the 2018 IEEE MTT-S Latin America Microwave Conference (LAMC 2018), Arequipa, Peru, 12–14 December 2018; pp. 1–4. [Google Scholar]

	



Xu, J.; Halder, S.; Kharabi, F.; McMacken, J.; Gering, J.; Root, D.E. Global dynamic FET model for GaN transistors: DynaFET model validation and comparison to locally tuned models. In Proceedings of the 83rd ARFTG Microwave Measurement Conference, Tampa, FL, USA, 6 June 2014; pp. 1–6. [Google Scholar]

	



Root, D.E. Future device modeling trends. IEEE Microw. Mag. 2012, 13, 45–59. [Google Scholar] [CrossRef]

	



Brazil, T.J. An overview of behavioral modeling for microwave power amplifiers. In Proceedings of the 2009 IEEE 10th Annual Wireless and Microwave Technology Conference, Clearwater, FL, USA, 20–21 April 2009; pp. 1–2. [Google Scholar]

	



Verspecht, J.; vanden Bossche, M.; Verbeyst, F. Characterizing Components Under Large Signal Excitation: Defining Sensible “Large Signal S-Parameters”?! In Proceedings of the 49th ARFTG Conference Digest, Denver, CO, USA, 13 June 1997; Volume 31, pp. 109–117. [Google Scholar]

	



Verspecht, J.; Williams, D.F.; Schreurs, D.; Remley, K.A.; McKinley, M.D. Linearization of large-signal scattering functions. IEEE Trans. Microw. Theory Tech. 2005, 53, 1369–1376. [Google Scholar] [CrossRef]

	



Gasseling, T.; Barataud, D.; Mons, S.; Nebus, J.M.; Villotte, J.P.; Obregon, J.J.; Quéré, R. Hot small-signal S-parameter measurements of power transistors operating under large-signal conditions in a load-pull environment for the study of nonlinear parametric interactions. IEEE Trans. Microw. Theory Tech. 2004, 52, 805–812. [Google Scholar] [CrossRef]

	



Verspecht, J.; Barataud, D.; Teyssier, J.P.; Nébus, J.M. Hot S-parameter techniques: 6 = 4+2. In Proceedings of the 2005 66th ARFTG Microwave Measurement Conference (ARFTG), Washington, DC, USA, 1–2 December 2005; pp. 1–9. [Google Scholar]

	



Root, D.E.; Verspecht, J.; Sharrit, D.; Wood, J.; Cognata, A. Broad-band poly-harmonic distortion (PHD) behavioral models from fast automated simulations and large-signal vectorial network measurements. IEEE Trans. Microw. Theory Tech. 2005, 53, 3656–3664. [Google Scholar] [CrossRef]

	



Root, D. Polyharmonic distortion modeling. IEEE Microw. Mag. 2006, 7, 44–57. [Google Scholar]

	



Gibiino, G.P.; Angelotti, A.M.; Santarelli, A.; Filicori, F.; Traverso, P.A. M 2 S parameters: A multi-tone multi-harmonic measurement approach for the characterization of nonlinear networks. In Proceedings of the 2020 IEEE International Instrumentation and Measurement Technology Conference (I2MTC), Dubrovnik, Croatia, 25–28 May 2020; pp. 1–6. [Google Scholar]

	



Gibiino, G.P.; Angelotti, A.M.; Santarelli, A.; Filicori, F.; Traverso, P.A. Multitone multiharmonic scattering parameters for the characterization of nonlinear networks. IEEE Trans. Instrum. Meas. 2020, 70, 1–12. [Google Scholar] [CrossRef]

	



Horn, J.; Gunyan, D.; Betts, L.; Gillease, C.; Verspecht, J.; Root, D.E. Measurement-based large-signal simulation of active components from automated nonlinear vector network analyzer data via X-parameters. In Proceedings of the 2008 IEEE International Conference on Microwaves, Communications, Antennas and Electronic Systems, Tel-Aviv, Israel, 13–14 May 2008; pp. 1–6. [Google Scholar]

	



Qinglong, Z.; Shengli, L. Comparative study of X-parameters and nonlinear scattering functions. In Proceedings of the IEEE 2011 10th International Conference on Electronic Measurement & Instruments, Chengdu, China, 16–19 August 2011; Volume 3, pp. 355–358. [Google Scholar]

	



Cai, J.; King, J.B.; Zhu, A.; Pedro, J.C.; Brazil, T.J. Nonlinear behavioral modeling dependent on load reflection coefficient magnitude. IEEE Trans. Microw. Theory Tech. 2015, 63, 1518–1529. [Google Scholar] [CrossRef]

	



Woodington, S.; Saini, R.; Williams, D.; Lees, J.; Benedikt, J.; Tasker, P.J. Behavioral model analysis of active harmonic load-pull measurements. In Proceedings of the 2010 IEEE MTT-S International Microwave Symposium, Anaheim, CA, USA, 23–28 May 2010; pp. 1688–1691. [Google Scholar]

	



Simpson, G.; Horn, J.; Gunyan, D.; Root, D.E. Load-pull + NVNA = enhanced X-parameters for PA designs with high mismatch and technology-independent large-signal device models. In Proceedings of the 2008 72nd ARFTG Microwave Measurement Symposium, Portland, OR, USA, 9–12 December 2008; pp. 88–91. [Google Scholar]

	



Horn, J.; Root, D.E.; Simpson, G. GaN device modeling with X-parameters. In Proceedings of the 2010 IEEE Compound Semiconductor Integrated Circuit Symposium (CSICS), Monterey, CA, USA, 3–6 October 2010; pp. 1–4. [Google Scholar]

	



Ren, Z.; Lei, Y. The Influence of Look-Up Table Setting and Interpolation Algorithm on Power Amplifier Behavioural Modeling. In Proceedings of the 2020 IEEE 6th International Conference on Computer and Communications (ICCC), Chengdu, China, 11–14 December 2020; pp. 991–995. [Google Scholar]

	



Tasker, P.J.; Benedikt, J. Waveform inspired models and the harmonic balance emulator. IEEE Microw. Mag. 2011, 12, 38–54. [Google Scholar] [CrossRef]

	



Qi, H.; Benedikt, J.; Tasker, P. A novel approach for effective import of nonlinear device characteristics into CAD for large signal power amplifier design. In Proceedings of the 2006 IEEE MTT-S International Microwave Symposium Digest, San Francisco, CA, USA, 11–16 June 2006; pp. 477–480. [Google Scholar]

	



Saini, R.; Bell, J.J.; Williams, T.; Lees, J.; Benedikt, J.; Tasker, P.J. Interpolation and extrapolation capabilities of non-linear behavioural models. In Proceedings of the 78th ARFTG Microwave Measurement Conference, Tempe, AZ, USA, 1–2 December 2011; pp. 1–4. [Google Scholar]

	



Husseini, T.; Al-Rawachy, A.; Benedikt, J.; Bell, J.; Tasker, P. Global behavioural model generation using coefficients interpolation. In Proceedings of the 2019 IEEE MTT-S International Microwave Symposium (IMS), Boston, MA, USA, 2–7 June 2019; pp. 200–203. [Google Scholar]

	



Al-Rawachy, A.; Husseini, T.; Benedikt, J.; Tasker, P.; Bell, J. Cardiff behavioural model analysis using a two-tone stimulus. In Proceedings of the 2019 IEEE Topical Conference on RF/Microwave Power Amplifiers for Radio and Wireless Applications (PAWR), Orlando, FL, USA, 20–23 January 2019; pp. 1–4. [Google Scholar]

	



Azad, E.M.; Quaglia, R.; Chadhary, K.; Bell, J.J.; Tasker, P.J. Cardiff model utilization for predicting the response of multiple-input power amplifiers. In Proceedings of the 2022 Microwave Mediterranean Symposium (MMS), Pizzo Calabro, Italy, 9–13 May 2022; pp. 1–4. [Google Scholar]

	



Azad, E.M.; Bell, J.J.; Quaglia, R.; Rubio, J.J.M.; Tasker, P.J. New formulation of cardiff behavioral model including dc bias voltage dependence. IEEE Microw. Wirel. Components Lett. 2022, 32, 607–610. [Google Scholar] [CrossRef]

	



Bai, E.W.; Tempo, R. Representation and identification of non-parametric nonlinear systems of short term memory and low degree of interaction. Automatica 2010, 46, 1595–1603. [Google Scholar] [CrossRef]

	



Ku, H.; Mckinley, M.D.; Kenney, J.S. Extraction of accurate behavioral models for power amplifiers with memory effects using two-tone measurements. In Proceedings of the 2002 IEEE MTT-S International Microwave Symposium Digest (Cat. No. 02CH37278), Seattle, WA, USA, 2–7 June 2002; Volume 1, pp. 139–142. [Google Scholar]

	



Roblin, P.; Root, D.E.; Verspecht, J.; Ko, Y.; Teyssier, J.P. New trends for the nonlinear measurement and modeling of high-power RF transistors and amplifiers with memory effects. IEEE Trans. Microw. Theory Tech. 2012, 60, 1964–1978. [Google Scholar] [CrossRef]

	



Verspecht, J.; Horn, J.; Betts, L.; Gunyan, D.; Pollard, R.; Gillease, C.; Root, D.E. Extension of X-parameters to include long-term dynamic memory effects. In Proceedings of the 2009 IEEE MTT-S International Microwave Symposium Digest, Boston, MA, USA, 7–12 June 2009; pp. 741–744. [Google Scholar]

	



Verspecht, J.; Root, D.; Nielsen, T. Dynamic X-parameters*: Behavioral modeling in the presence of long term memory effects. In Proceedings of the 2012 The 7th German Microwave Conference, Ilmenau, Germany, 12–14 March 2012; pp. 1–4. [Google Scholar]

	



Brihuega, A.; Abdelaziz, M.; Anttila, L.; Li, Y.; Zhu, A.; Valkama, M. Mixture of experts approach for behavioral modeling of RF power amplifiers. In Proceedings of the 2021 IEEE Topical Conference on RF/Microwave Power Amplifiers for Radio and Wireless Applications (PAWR), San Diego, CA, USA, 17–20 January 2021; pp. 1–3. [Google Scholar]

	



Xie, C.; Liu, H.; Zhou, H. Weak Nonlinear Behavioral Model Extraction Based on Vector Network Analyzer. In Proceedings of the 2023 IEEE MTT-S International Wireless Symposium (IWS), Qingdao, China, 14–17 May 2023; pp. 1–3. [Google Scholar]

	



Atkishkin, S. Microwave Behavioral Modeling with Nonlinear Large Signal Scattering Parameters. In Proceedings of the 2020 International Conference on Actual Problems of Electron Devices Engineering (APEDE), Saratov, Russia, 24–25 September 2020; pp. 28–30. [Google Scholar]

	



Fisher, P.O.; Al-Sarawi, S.F. Memoryless AM/AM behavioral model for RF power amplifiers. In Proceedings of the 2016 3rd Asia-Pacific World Congress on Computer Science and Engineering (APWC on CSE), Nadi, Fiji, 5–6 December 2016; pp. 131–138. [Google Scholar]

	



Pedro, J.C.; Maas, S.A. A comparative overview of microwave and wireless power-amplifier behavioral modeling approaches. IEEE Trans. Microw. Theory Tech. 2005, 53, 1150–1163. [Google Scholar] [CrossRef]

	



Saleh, A.A. Frequency-independent and frequency-dependent nonlinear models of TWT amplifiers. IEEE Trans. Commun. 1981, 29, 1715–1720. [Google Scholar] [CrossRef]

	



Isaksson, M.; Wisell, D.; Ronnow, D. A comparative analysis of behavioral models for RF power amplifiers. IEEE Trans. Microw. Theory Tech. 2006, 54, 348–359. [Google Scholar] [CrossRef]

	



Gilabert, P.; Montoro, G.; Bertran, E. On the Wiener and Hammerstein models for power amplifier predistortion. In Proceedings of the 2005 Asia-Pacific Microwave Conference Proceedings, Suzhou, China, 4–7 December 2005; Volume 2, p. 4. [Google Scholar]

	



Silveira, D.; Gadringer, M.; Arthaber, H.; Magerl, G. RF-power amplifier characteristics determination using parallel cascade Wiener models and pseudo-inverse techniques. In Proceedings of the 2005 Asia-Pacific Microwave Conference Proceedings, Piscataway, NJ, USA, 4–7 December 2005; Volume 1, p. 4. [Google Scholar]

	



Vuolevi, J.; Rahkonen, T. Distortion in RF Power Amplifiers; Artech House: Norwood, MA, USA, 2003. [Google Scholar]

	



Chua, L.O.; Kang, S.M. Section-wise piecewise-linear functions: Canonical representation, properties, and applications. Proc. IEEE 1977, 65, 915–929. [Google Scholar] [CrossRef]

	



Cai, J.; Liu, J.; Su, J.; Sun, L.; Chen, S.; Xia, J.; King, J.B. Behavioral model for RF power transistors based on canonical section-wise piecewise linear functions. IEEE Trans. Microw. Theory Tech. 2020, 68, 1409–1422. [Google Scholar] [CrossRef]

	



Zhang, Q.J.; Gupta, K.C.; Devabhaktuni, V.K. Artificial neural networks for RF and microwave design-from theory to practice. IEEE Trans. Microw. Theory Tech. 2003, 51, 1339–1350. [Google Scholar] [CrossRef]

	



Cai, J.; Wang, J.; Yu, C.; Lu, H.; Liu, J.; Sun, L. An artificial neural network based nonlinear behavioral model for RF power transistors. In Proceedings of the 2017 IEEE Asia Pacific Microwave Conference (APMC), Kuala Lumpur, Malaysia, 13–16 November 2017; pp. 600–603. [Google Scholar]

	



Kabir, H.; Zhang, L.; Yu, M.; Aaen, P.H.; Wood, J.; Zhang, Q.J. Smart modeling of microwave devices. IEEE Microw. Mag. 2010, 11, 105–118. [Google Scholar] [CrossRef]

	



Zhang, Q.; Feng, F.; Na, W. Machine Learning Technologies for RF/Microwave CAD: Past, Present and Future Perspectives. In Proceedings of the 2022 52nd European Microwave Conference (EuMC), Milan, Italy, 27–29 September 2022; p. 16. [Google Scholar]

	



Khusro, A.; Husain, S.; Hashmi, M.S.; Auyuneur, M.; Ansari, A.Q. A reliable and fast ANN based behavioral modeling approach for GaN HEMT. In Proceedings of the 2019 16th International Conference on Synthesis, Modeling, Analysis and Simulation Methods and Applications to Circuit Design (SMACD), Lausanne, Switzerland, 15–18 July 2019; pp. 277–280. [Google Scholar]

	



Tian, M.; Bell, J.; Azad, E.; Quaglia, R.; Tasker, P. A novel Cardiff model coefficients extraction process based on artificial neural network. In Proceedings of the 2023 IEEE Topical Conference on RF/Microwave Power Amplifiers for Radio and Wireless Applications, Las Vegas, NV, USA, 22–25 January 2023; pp. 1–3. [Google Scholar]

	



Wang, F.; Su, J.; Sun, L. Machine Learning based Load-Pull Algorithm for Fast Reflection Factor Synthesis. In Proceedings of the 2020 13th UK-Europe-China Workshop on Millimetre-Waves and Terahertz Technologies (UCMMT), Tianjin, China, 29 August–1 September 2020; pp. 1–3. [Google Scholar]

	



Geng, M.; Crupi, G.; Cai, J. Accurate and Effective Nonlinear Behavioral Modeling of a 10-W GaN HEMT based on LSTM Neural Networks. IEEE Access 2023, 11, 27267–27279. [Google Scholar] [CrossRef]

	



Cai, J.; King, J.; Pedro, J.C. A new nonlinear behavioral modeling technique for RF power transistors based on Bayesian inference. In Proceedings of the 2017 IEEE MTT-S International Microwave Symposium (IMS), Honololu, HI, USA, 4–9 June 2017; pp. 624–626. [Google Scholar]

	



Amini, A.R.; Boumaiza, S. Time domain poly-harmonic distortion models of RF transistors and its extraction using a hybrid passive/active measurement setup. In Proceedings of the 2017 IEEE MTT-S International Microwave Symposium (IMS), Honololu, HI, USA, 4–9 June 2017; pp. 1061–1064. [Google Scholar]

	



Orengo, G.; Colantonio, P.; Serino, A.; Giannini, F.; Ghione, G.; Pirola, M.; Stegmayer, G. Time-domain neural network characterization for dynamic behavioral models of power amplifiers. In Proceedings of the European Gallium Arsenide and Other Semiconductor Application Symposium, GAAS 2005, Paris, France, 3–4 October 2005; pp. 189–192. [Google Scholar]

	



Fang, Y.; Yagoub, M.C.; Wang, F.; Zhang, Q.J. A new macromodeling approach for nonlinear microwave circuits based on recurrent neural networks. IEEE Trans. Microw. Theory Tech. 2000, 48, 2335–2344. [Google Scholar] [CrossRef]

	



O’Brien, B.; Dooley, J.; Brazil, T.J. RF power amplifier behavioral modeling using a globally recurrent neural network. In Proceedings of the 2006 IEEE MTT-S International Microwave Symposium Digest, San Francisco, CA, USA, 11–16 June 2006; pp. 1089–1092. [Google Scholar]

	



Zhai, J.; Zhou, J.; Zhang, L.; Hong, W. Behavioral modeling of power amplifiers with dynamic fuzzy neural networks. IEEE Microw. Wirel. Components Lett. 2010, 20, 528–530. [Google Scholar] [CrossRef]

	



Aguilar-Lobo, L.M.; Loo-Yau, J.; Ortega-Cisneros, S.; Moreno, P.; Reynoso-Hernández, J. Experimental study of the capabilities of the Real-Valued NARX neural network for behavioral modeling of multi-standard RF power amplifier. In Proceedings of the 2015 IEEE MTT-S International Microwave Symposium, Phoenix, AZ, USA, 17–22 May 2015; pp. 1–4. [Google Scholar]

	



Cai, J.; King, J.; Yu, C.; Liu, J.; Sun, L. Support vector regression-based behavioral modeling technique for RF power transistors. IEEE Microw. Wirel. Components Lett. 2018, 28, 428–430. [Google Scholar] [CrossRef]

	



Cai, J.; Su, J.; Liu, J. Large signal behavioral modeling of power transistor from active load-pull systems. In Proceedings of the 2019 IEEE International Symposium on Radio-Frequency Integration Technology (RFIT), Nanjing, China, 28–30 August 2019; pp. 1–3. [Google Scholar]

	



Cai, J.; Yu, C.; Liu, J.; Sun, L. Large Signal Behavioral Model of RF Transistor Using Least Square Support Vector Machine. In Proceedings of the 2020 International Conference on Microwave and Millimeter Wave Technology (ICMMT), Shanghai, China, 20–23 September 2020; pp. 1–3. [Google Scholar]

	



Van Moer, W.; Rolain, Y. A large-signal network analyzer: Why is it needed? IEEE Microw. Mag. 2006, 7, 46–62. [Google Scholar] [CrossRef]

	



Verspecht, J. Everything you’ve always wanted to know about Hot-S22 (but we’re afraid to ask). In Proceedings of the IEEE MTT-S International Microwave Symposium, Seattle, WA, USA, 2–7 June 2002. [Google Scholar]

	



Minghao, K. Geometric and Frequency Scalable Transistor Behavioural Model for MMIC Design. Ph.D. Thesis, Cardiff University, Cardiff, UK, 2016. [Google Scholar]

	



Van Moer, W.; Gomme, L. NVNA versus LSNA: Enemies or friends? IEEE Microw. Mag. 2010, 11, 97–103. [Google Scholar] [CrossRef]

	



Santarelli, A.; Cignani, R.; Gibiino, G.P.; Niessen, D.; Traverso, P.A.; Florian, C.; Schreurs, D.M.P.; Filicori, F. A double-pulse technique for the dynamic I/V characterization of GaN FETs. IEEE Microw. Wirel. Components Lett. 2013, 24, 132–134. [Google Scholar] [CrossRef]

	



Gibiino, G.P.; Angelotti, A.M.; Santarelli, A.; Florian, C. Microwave characterization of trapping effects in 100-nm GaN-on-Si HEMT technology. IEEE Microw. Wirel. Components Lett. 2019, 29, 604–606. [Google Scholar] [CrossRef]

	



Axelsson, O.; Gustafsson, S.; Hjelmgren, H.; Rorsman, N.; Blanck, H.; Splettstoesser, J.; Thorpe, J.; Roedle, T.; Thorsell, M. Application relevant evaluation of trapping effects in AlGaN/GaN HEMTs with Fe-doped buffer. IEEE Trans. Electron Devices 2015, 63, 326–332. [Google Scholar] [CrossRef]

	



Santarelli, A.; Niessen, D.; Cignani, R.; Gibiino, G.P.; Traverso, P.A.; Florian, C.; Schreurs, D.M.P.; Filicori, F. GaN FET Nonlinear Modeling Based on Double Pulse {I}/{V}Characteristics. IEEE Trans. Microw. Theory Tech. 2014, 62, 3262–3273. [Google Scholar] [CrossRef]

	



Gibiino, G.P.; Tafuri, F.F.; Nielsen, T.S.; Schreurs, D.; Santarelli, A. Pulsed NVNA measurements for dynamic characterization of RF PAs. In Proceedings of the 2014 IEEE International Microwave and RF Conference (IMaRC), Bangalore, India, 15–17 December 2014; pp. 92–95. [Google Scholar]

	



Gibiino, G.P.; Florian, C.; Santarelli, A.; Cappello, T.; Popović, Z. Isotrap pulsed IV characterization of GaN HEMTs for PA design. IEEE Microw. Wirel. Components Lett. 2018, 28, 672–674. [Google Scholar]

	



Saini, R.; Woodington, S.; Lees, J.; Benedikt, J.; Tasker, P.J. An intelligence driven active loadpull system. In Proceedings of the 75th ARFTG Microwave Measurement Conference, Anaheim, CA, USA, 28 May 2010; pp. 1–4. [Google Scholar]

	



Clark, C.J.; Silva, C.P.; Moulthrop, A.A.; Muha, M.S. Power-amplifier characterization using a two-tone measurement technique. IEEE Trans. Microw. Theory Tech. 2002, 50, 1590–1602. [Google Scholar] [CrossRef]

	



Su, J.; Cai, J.; Zheng, X.; Sun, L. A Fast Two-Tone Active Load-Pull Algorithm for Assessing the Non-linearity of RF Devices. Chin. J. Electron. 2022, 31, 25–32. [Google Scholar]

	



Hwang, Y.J. Two-Tone Intermodulation Measurement of W-band Amplifiers based on High-Linearity Frequency Down-Conversion. In Proceedings of the 2019 93rd ARFTG Microwave Measurement Conference (ARFTG), Boston, MA, USA, 7 June 2019; pp. 1–4. [Google Scholar]

	



Kuwata, E.; Alimohammadi, Y.; Liu, X.; Bell, J.; Tasker, P.; Shinjo, S.; Benedikt, J. Effects of Load Impedances at Third Order Intermodulation Tones. In Proceedings of the 2020 15th European Microwave Integrated Circuits Conference (EuMIC), Utrecht, Netherlands, 10–15 January 2021; pp. 201–204. [Google Scholar]

	



Martín-Guerrero, T.M.; Santarelli, A.; Gibiino, G.P.; Traverso, P.A.; Camacho-Peñalosa, C.; Filicori, F. Automatic extraction of measurement-based large-signal FET models by nonlinear function sampling. IEEE Trans. Microw. Theory Tech. 2020, 68, 1627–1636. [Google Scholar] [CrossRef]

	



Manjaly, A.D.; Sharma, R.; King, J. Probabilistic Behavioural Model Based on X-parameters. In Proceedings of the 2020 IEEE Asia-Pacific Microwave Conference (APMC), Hong Kong, Hong Kong, 8–11 December 2020; pp. 119–121. [Google Scholar]

	



Fernandez-Barciela, M.; Moure, M.R.; Casbon, M.; Tasker, P.J.; Pelaez-Perez, A. Exploiting behavioral modelling formulations for nonlinear analytical circuit design and improved frequency scalability: Bandwidth extension through the admittance domain. In Proceedings of the 2017 IEEE 18th Wireless and Microwave Technology Conference (WAMICON), Cocoa Beach, FL, USA, 24–25 April 2017; pp. 1–4. [Google Scholar]

	



Cai, J.; Brazil, T.J. X-parameter-based frequency doubler design. In Proceedings of the 2012 7th European Microwave Integrated Circuit Conference, Amsterdam, Netherlands, 29 October–1 November 2012; pp. 794–797. [Google Scholar]

	



Cunming, S.; Yulin, X. A Volterra Pre-distortion Behavioral Modelling for Power Amplifiers with Memory Effects. In Proceedings of the 2022 6th International Conference on Communication and Information Systems (ICCIS), Chongqing, China, 14–16 October 2022; pp. 7–11. [Google Scholar]

	



Zhu, A. Decomposed vector rotation-based behavioral modeling for digital predistortion of RF power amplifiers. IEEE Trans. Microw. Theory Tech. 2015, 63, 737–744. [Google Scholar] [CrossRef]

	



Nielsen, T.; Dieudonne, M.; Gillease, C.; Root, D. Doherty power amplifier design in gallium nitride technology using a nonlinear vector network analyzer and X-parameters. In Proceedings of the 2012 IEEE Compound Semiconductor Integrated Circuit Symposium (CSICS), La Jolla, CA, USA, 14–17 October 2012; pp. 1–4. [Google Scholar]

	



Angelotti, A.M.; Gibiino, G.P.; Nielsen, T.S.; Schreurs, D.; Santarelli, A. Wideband active load–pull by device output match compensation using a vector network analyzer. IEEE Trans. Microw. Theory Tech. 2020, 69, 874–886. [Google Scholar] [CrossRef]

	



Van Uffelen, M.; Geboers, S.; Leroux, P.; Berghmans, F. SPICE modelling of a discrete COTS SiGe HBT for digital applications up to MGy dose levels. In Proceedings of the 2005 8th European Conference on Radiation and Its Effects on Components and Systems, Cap d’Agde, France, 19–23 September 2005; pp. PF4-1–PF4-5. [Google Scholar]

	



López, P.; Aboy, M.; Muñoz, I.; Santos, I.; Marqués, L.; Couso, C.; Ullán, M.; Pelaz, L. I ON Degradation in Si Devices in Harsh Radiation Environments: Modeling of Damage-Dopant Interactions. In Proceedings of the 2018 Spanish Conference on Electron Devices (CDE), Salamanca, Spain, 14–16 November 2018; pp. 1–4. [Google Scholar]

	



Jain, C.; Jain, G.; Agrawal, N.; Sikka, P.; Bhardwaj, A.; Ranjan, K. Development of neutron radiation damage model and comparison of the effects of neutron and proton irradiation on macroscopic properties of the silicon detectors. In Proceedings of the 2019 IEEE Nuclear Science Symposium and Medical Imaging Conference (NSS/MIC), Manchester, UK, 26 October–2 November 2019; pp. 1–5. [Google Scholar]

	



Yang, S.; Chen, X.; Wang, C.; Chen, Q.; Wu, C.; Feng, Z.; Butala, M.D.; Li, E.P. Efficient nonlinear behavior modeling method for voltage-variable capacitors. IEEE Trans. Components Packag. Manuf. Technol. 2021, 11, 462–470. [Google Scholar] [CrossRef]

	



Op’t Land, S.; Perdriau, R.; Ramdani, M.; Lafon, F. Towards nonlinearity measurement and simulation using common EMC equipment. In Proceedings of the 2011 8th Workshop on Electromagnetic Compatibility of Integrated Circuits, Dubrovnik, Croatia, 6–9 November 2011; pp. 125–130. [Google Scholar]








[image: Micromachines 15 00046 g001] 





Figure 1. Flow chart of behavior model establishment. 
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Figure 2. The harmonic superposition principle [11]. 
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Figure 3. The conjugate term distorts the smiley face [11]. 
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Figure 4. PAE (upper right), Id and Vd waveforms (lower right), and dynamic load-line (lower left) from load-dependent X-parameter model simulations (red) and measured time-domain harmonic load-pull validation (blue) at the harmonic impedances,   Z n  , specified in the (upper left) plot [19]. 
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[image: Micromachines 15 00046 g004]







[image: Micromachines 15 00046 g005] 





Figure 5. A three-layer perception neural network structure with an input layer, a hidden layer, and an output layer. Generally, a multi layer perception network consists of an input layer, one or more hidden layers, and an output layer [47]. 
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Figure 6. (left) Comparison between the RVNARXNN behavioral model and the measured data of the WCDMA of the 5 MHZ and the LTE of the 5 MHz signal. (right) Comparison between the RVNARXNN behavioral model and the measured data of the GSM and the LTE of the 5 MHz signal. (a,b) Output power spectrum. (c,d) AM–AM and AM–PM characteristics [59]. 
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Figure 7. Block diagram of the SVR based model [61]. 
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Figure 8. The structure of the VNA. 
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Figure 9. Simplified block schematic of a two-port LSNA [63]. 
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Figure 10. Distortion hot S-parameters measurement setup [65]. 
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Figure 11. Simplified block schematic of a nonlinear vector network analyzer (LO represents the local oscillator signal) [66]. 
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Figure 12. Block diagram of the measurement setup [68]. 
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Figure 13. Active load-pull measurement system [73]. 
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Figure 14. IMD3 load-pull measurement: (a) frequency domain; (b) impedances on a Smith chart [77]. 
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