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Abstract 

This thesis presents advanced neural network modeling techniques for computer 

aided design (CAD) of RF/microwave filters. The overall objective is to increase the 

efficiency of modeling and design. The first contribution is made by proposing a 

systematic neural network inverse modeling technique where the inputs to the inverse 

model are electrical parameters and outputs are geometrical parameters. Training the 

neural network inverse model directly may become difficult due to the non-uniqueness of 

the input-output relationship in the inverse model. We propose a new method to solve 

such problems by detecting multivalued solutions in training data. A comprehensive 

modeling methodology is proposed which utilizes various newly developed techniques 

such as detection of mutivalued solution, derivative division, and submodel combining 

techniques to develop inverse models. Furthermore, a design methodology for microwave 

filters is presented using the inverse models. The methodology is validated by applying it 

to waveguide filter modeling and design. Full electromagnetic (EM) simulation and 

measurement results of a Ku-band circular waveguide dual-mode pseudo-elliptic 

bandpass filter are presented to demonstrate the efficiency of the proposed techniques. 

The RF/microwave computer aided design is further enhanced by proposing a new 

method for high dimensional neural network modeling of microwave filters. Although 

neural network is useful for fast and accurate EM modeling, existing techniques are not 



suitable for high dimensional modeling, because data generation and model training 

become too expensive. To overcome this limitation, we propose an efficient method for 

EM behavior modeling of microwave filters that have many design variables. 

Decomposition approach is used to simplify the overall high-dimensional modeling 

problem into a set of low-dimensional subproblems. We formulate a set of neural 

network submodels to learn filter subproblems. A method is then proposed to combine 

the submodels with filter empirical/equivalent model. An additional neural network 

mapping model is formulated and combined with the neural network submodels and 

empirical/equivalent model to produce the final overall filter model. Results of high 

dimensional model development show that the proposed method is advantageous over 

conventional neural network method and the resulting model is much faster than the EM 

model. 
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Chapter l: Introduction 

1.1 Background 

In the last decade, the RF/microwave circuits and their applications have grown rapidly. 

RF/microwave circuits find applications in many areas such as satellite and terrestrial 

communications, aircraft, warfare, many applications in our daily lives such as cell 

phones, vehicles, wireless devices, etc. The highly competitive microwave industry 

requires products with high functionality, better reliability, and lower cost. Additionally, 

short design cycle and lower time to market is desired for better cost benefit. For these 

reasons microwave circuit design and optimization has become more challenging than 

before. The computer aided design (CAD) has been utilized for design optimization of 

microwave circuits and structures for many years [1], [2]. These CAD tools are very 

useful to simulate structures and optimize circuit behaviour before building a prototype. 

This allows faster design cycle resulting in higher yield. 

The success of CAD tools depends largely on models for circuit components that 

are used for simulation. Accuracy is one of the most important factors for a model. 

Simulation speed is another important factor which makes the CAD tools effective. 

Various models have been introduced for high frequency circuits including theoretical 

models, empirical/equivalent circuit models. Detailed theoretical models which are also 
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commonly known as electromagnetic (EM) models are developed based on the circuit 

theory and they can provide accuracy. However, the EM model becomes expensive 

especially when iterative design process is followed. The empirical/equivalent models are 

useful for fast estimation of the device behaviour but those are limited by the accuracy. 

For these reasons, there is a need for modeling techniques which can deliver accurate and 

fast models to meet the constant challenges for the RF/microwave design and 

optimization. 

In recent years, neural network has been recognized as a useful alternative for 

model development where a mathematical model is not available. Neural network is an 

information processing system, which can learn from observation and generalize arbitrary 

multidimensional nonlinear input-output relationship [2]. The evaluation time of a neural 

network model is fast. Once developed, neural network model can be incorporated into 

CAD tools for fast simulation and optimization [3]. For these reasons, neural network 

model has been utilized for many areas of engineering and scientific applications such as 

biometric, remote sensing, communication, etc. Recently neural network has gained 

popularity in microwave modeling. Many results of microwave modeling has been 

reported which shows the benefits of this technique [4]-[12]. Introduction of neural 

network has enriched the microwave modeling and CAD area. More research on neural 

modeling techniques are needed to meet new challenges of microwave computer aided 

design. 
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1.2 Motivations 

The drive for microwave circuit design at a large scale on regular basis demands good 

quality model. Quality of a model can be assessed against some criteria such as: 

accuracy, reliability, reusability, ease of incorporation in the existing CAD tools, ability 

to modification, and cost of model development [1]. A model should represent the 

original device behaviour accurately for the range of input variables it is developed for. 

For a first pass design success, an accurate model is a must. The model should be usable 

for various applications and should have the flexibility to make changes, improvement, 

and extend the operation range easily such that a model initially developed for a smaller 

range of variables can be modified to cover a larger range. The model should also be 

available for incorporating into commonly used simulation software. An important 

criterion is the cost for model development and operation. The model must be affordable 

to develop. However the model may become ineffective if it becomes CPU intensive to 

evaluate. The cost of design optimization increases significantly for using a CPU 

intensive model. 

A high quality model should follow the above mentioned criteria for effective design 

optimization. There are a few choices of models available, but none of them can provide 

all the qualities together. One option is to develop empirical/analytical model. Analytical 

model can provide most of the criteria. However, it becomes challenging to develop an 

analytical circuit model quickly. Often they are developed based on certain assumptions 

and thus suffer from accuracy limitations. For this reason, computer aided design of 

microwave filters is done using electromagnetic (EM) -based model through classical 
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synthesis process. The purpose of a synthesis process is to find optimum values of the 

geometrical parameters for a specific electrical specification. The model is evaluated 

several times while varying the geometrical parameters until the optimum values of the 

parameters are found that matches the electrical specification. This process is time 

consuming and becomes too expensive specially using the EM. For these reasons, there is 

a constant demand for new modeling solutions which can deliver fast, and accurate 

solutions without the high cost of conventional models. 

Recently, neural network models have been proven useful for microwave modeling 

including waveguide filters [4]-[12]. CAD techniques based on neural models have 

shown advantageous over the CAD techniques based on EM model. Conventionally, 

most neural models are developed formulating geometrical parameters as inputs to the 

model and response of the model such as S-parameters as outputs of the model [4]-[10]. 

The neural network model can provide solutions quickly for various values of 

geometrical input variables. Design synthesis is performed using several evaluations of 

the model which become inefficient. To overcome this limitation, we need a better 

method where repetitive model evaluations can be avoided unlike the conventional 

synthesis approach where multiple evaluations of the model are needed. For this purpose, 

we need new techniques to develop neural models that can provide geometric parameters 

for some given electrical parameters without repetitive model evaluations. This will 

improve the capability of microwave CAD by reducing design time. 

Another strong motivation is that we need to find a realistic and effective way to 

develop models for microwave structures including filters that have many design 



5 

variables. Due to the increased complexity and variety of microwave structures, the 

number of design variables per structure is on the rise. Design optimization based on EM 

models is slow and expensive. Various modified neural network structures have been 

investigated for microwave modeling such as knowledge-based neural network [13], [14], 

modular neural network [15] for improving neural networks' learning capability. But 

none of the techniques is directly suitable to address the challenges of high dimensional 

neural network modeling. In order to develop an accurate neural network model that can 

represent EM behavior of filters over a range of values of geometrical variables, we need 

to provide EM data at sufficiently sampled points in the space of geometrical variables 

[2]. The amount of data required increases very fast with the number of input variables of 

the model. For this reason, data generation for a high dimensional RF/microwave 

structure becomes too expensive. The training time of a neural network using the massive 

data also becomes impractical. Therefore, we need a new method to develop high 

dimensional neural network which can be used without high cost of data generation and 

model training. Once the model is developed it can be used as a fast model alternative to 

the computationally intensive EM model. 

1.3 Contributions of the Thesis 

The scope of this work is to develop fast and accurate modeling techniques for efficient 

computer aided design and optimization of complex RF/microwave structures including 

filters such that the use of computationally expensive EM models can be relaxed. 

Conventionally models are developed whose inputs are design parameters such as 

physical or geometrical dimensions of a structure. The outputs are electrical responses 
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such as S-parameters [4]-[10], [16]. Using a conventional model, we change the 

geometrical parameters and match the desired electrical response. This process becomes 

too expensive using EM based modeling and optimization method. A major contribution 

is made by proposing the neural network inverse modeling approach [17]-[22]. We 

develop neural inverse models whose inputs are electrical parameters and outputs are 

geometrical or physical parameters. From a given electrical response, we can obtain the 

corresponding design parameters without repetitive model evaluation. In this way, the 

cost of design and optimization is reduced. The important steps towards the goal of 

reducing the cost are: (a) develop neural network inverse models for RF/microwave 

structures, (b) develop design method using the neural network inverse models. We 

further improve the CAD of microwave structures by developing a new modeling method 

for filter structures that have many design variables [23]. The resulting models provide 

more accurate results than those developed using conventional approach. The models also 

become faster than the EM models with comparable accuracy. By accomplishing these 

objectives, neural network based computer aided design and optimization become more 

attractive and useful for designing complex nonlinear microwave structures. These 

techniques offer benefits of accuracy over conventional neural network method and speed 

over conventional EM-based design method. 

The major contributions of this thesis towards making the microwave CAD more 

efficient are summarized as follows: 

(1) An efficient neural network inverse modeling technique is developed for 

microwave filters. A general formulation of the neural network inverse model 
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is proposed. Non-uniqueness of input-output relationship of neural network 

inverse model is addressed. A method is developed to check the existence of 

multivalued solutions in the training data of the inverse model. A method to 

divide the training data that contain multivalued solutions is developed. The 

inverse submodels are developed using the divided data. A method is then 

proposed to combine the submodels to form the complete inverse model. We 

also propose techniques to enhance the accuracy of model combining 

technique. A comprehensive modeling algorithm is presented to develop the 

inverse models efficiently. The algorithm increases efficiency by developing 

the inverse model following right steps in right order. The neural network 

inverse models developed using the proposed techniques provide much better 

accuracy than those developed using conventional direct modeling approach. 

(2) An inverse design approach is developed using the inverse neural network 

models. This approach uses electrical parameters obtained from design 

specification and provides design variables without having to use repetitive 

model evaluations. The proposed inverse modeling technique is illustrated by 

simple spiral inductor model development example. In order to validate the 

proposed techniques, we apply those to develop inverse cavity filter models 

where a 4-pole filter and a 6-pole filter are designed. In addition to the design, 

the 6-pole filter is fabricated. Results and comparisons are also presented to 

show the accuracy and effectiveness of the proposed techniques. The 
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proposed approach provides fast solution to a design problem with 

comparable accuracy of EM design approach. 

(3) An efficient method for high dimensional neural network modeling is 

proposed. Conventional neural network modeling is not suitable for modeling 

devices/structures that have many input variables. In the proposed method, we 

decompose the overall structure in to substructures. Neural network models 

are developed for each of the substructures. We propose a method to combine 

the empirical/equivalent circuit models with neural network models to 

produce an approximate solution of the overall structure. To improve the 

accuracy, we propose to use another neural network which maps the 

approximate solution to the accurate solution. The combined neural network 

submodels, equivalent circuit model and neural network mapping model 

forms the accurate model of the overall structure. An overall algorithm is 

proposed to develop high dimensional neural network models efficiently. 

(4) The proposed high dimensional modeling techniques are verified by 

developing models for complex microwave filters that have many design 

variables. Neural network models are developed using data from EM 

simulation. Data generation of an overall filter is expensive. Conventional 

neural network method requires many samples of an overall filter during 

training to achieve good accuracy, whereas the proposed method requires only 

a few samples of the overall filter to achieve the same. For this reason, the 

proposed method becomes significantly less expensive than the conventional 
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method. The evaluation time of the proposed neural network model is faster 

than that of the EM model. We describe the reason why the proposed method 

is more accurate and less expensive than the conventional neural network 

modeling approach to develop models with many input variables. The 

comparison results between the two methods are presented in this thesis. 

1.4 Thesis Organization 

The rest of the thesis is organized as follows: 

Chapter 2 provides an overview of neural network modeling. Various neural network 

structures and development of neural network model is presented. An overview of recent 

advances of neural network based EM modeling techniques is presented. Sate-of-the-art 

microwave filter modeling using neural network modeling techniques is also described. 

In Chapter 3, the neural network inverse modeling technique is presented. First the 

formulation of the inverse model is proposed. Generation of training data for the inverse 

neural network is proposed. The problem of non-uniqueness of input-output relationship, 

which introduces the contradictory samples, is discussed. A method to check the 

existence of multivalued solutions in training data and a method to divide the data into 

groups are proposed. Then a method is proposed to combine the inverse sub-models to 

construct the overall inverse model. Additional accuracy enhancement techniques of the 

model combining method are also presented. A comprehensive methodology for neural 

network inverse modeling incorporating various steps is proposed. A microwave example 

illustrating the problem of non-uniqueness in inverse modeling, and its solution is 

presented. An overview of the methodology of designing waveguide filter using neural 
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network inverse models is presented. Development of neural network inverse models for 

various waveguide filter junctions is presented. The effectiveness and usefulness of the 

proposed modeling and design approach is validated by designing four-pole and six-pole 

filter design. Various results and statistics are presented to support the proposed inverse 

modeling techniques. 

In Chapter 4, the high dimensional neural network modeling for microwave filters is 

proposed. Development of neural network submodels from an overall structure is 

presented. A method to combine submodels with equivalent circuit/empirical model is 

formulated. A method for developing neural network mapping model to produce accurate 

result is presented. A comprehensive algorithm to develop high dimensional neural 

network model is presented. The proposed method is validated with filter modeling 

examples. Results of H-plane filter are described to illustrate the proposed modeling 

technique. A high dimensional model for a side-coupled circular waveguide dual-mode 

filter which holds fifteen design variables is developed using the proposed technique to 

validate the proposed techniques. Results and comparisons are presented to show the 

accuracy and effectiveness of the proposed technique over conventional neural network 

modeling approach. 

Finally, in Chapter 5, a summary of the thesis is presented highlighting the key 

contributions of the proposed neural network inverse and high dimensional modeling 

techniques. Future research directions in relations with the proposed techniques are also 

outlined. 
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Chapter 2: Literature Review 

2.1 Introduction 

Artificial neural network (ANN) or simply neural network (NN) is an information 

processing system which was developed inspired by human brain function. It has the 

ability to learn from observation and generalize arbitrary input-output relationships [1]. It 

can be used to provide projections for new situations of interest and answer "what i f 

questions. Due to its learning and generalization ability, it has been used for many 

engineering and scientific applications such as pattern recognition [24], control systems 

[25], biomedical [26]-[27], remote sensing [28]-[29], etc. 

Neural models are first trained with the data generated from the components or 

structures that they are built for. Once developed, they can be used for high level 

simulation where the components are replaced with their EM model [30]-[35]. The 

evaluation of a neural model is fast. As a result the circuit optimization using neural 

models becomes advantageous and computationally inexpensive. For these reasons, it has 

gained popularity in RF/microwave computer aided design area and has been proven to 

be very useful for modeling passive microwave structures and components [4], [36]-[37], 

library of model [38], vias and interconnects [39], coplanar wave-guide components 

[40], transistor modeling [41]-[43], noise modeling [44]-[46], electromagnetic CAD [47]-
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[49], integrated circuits [50], [51], amplifiers [52], [53], microwave filters [7]-[10], [54], 

microwave optimization [55], [56], loaded cylindrical cavity [57], shielded microwave 

circuit [58], frequency selective surface [59], etc. 

The application of neural network model enhances the design speed. Conventionally, 

the RF/microwave design is accomplished by using EM based model. The EM analysis 

tool can provide accurate result. However, the computational cost is high and in general 

evaluation is slow [3]. Neural network model thus becomes an attractive choice for 

RF/microwave design since its evaluation is fast. Neural models are generated from EM 

simulation data and thus are capable of providing the same accurate results as EM 

models. 

2.2 Neural Networks 

2.2.1 Concept of Neural Network Model 

The input-output relationship of a device or structure is represented by a neural network. 

Let us assume x is an n-vector containing external inputs to the neural network and y is 

an w-vector containing all outputs from the output neurons, and w is a vector containing 

all the weight parameters of various interconnections of the network. The variables of a 

device for example a microstrip line are represented by input neurons and the output 

response for example S-parameters are represented by output neurons. Then the input and 

output vector is derived as 

x = [L, W H £r af (2.1) 

and 
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y = [S» Sj (2.2) 

where Lt represents length, W is width, H is the substrate height, er is the dielectric 

constant, Q) is the frequency, S\\ and Sn represent the S-parameters of the transmission 

line. The original physics based model is expressed as 

y = f{*) (2-3) 

where/defines the physics based input-output relationship. The neural network model is 

defined as 

y = y(x,w). (2.4) 

The neural network model can produce the same result after the learning process called 

training from the data generated from the original physics based device measurement or 

EM simulation. 

2.2.2 Neural Network Structure 

Multilayer perception (MLP) is a popular neural network structure [60]. The neurons are 

arranged in layers and thus neural network is known as multilayer perceptron neural 

network. There are three types of layers: (1) input layer, (2) output layer, and (3) hidden 

layer. The connections between neurons of different layers are known as links or 

synapses. Each neuron is associated with a weight parameter. The input neurons receive 
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stimuli from outside the network. The neurons of hidden layers receive the signal and 

compute responses and send the information to the output neurons. Thus the response of 

the model is determined by the inputs and weight parameter of the network. Figure 2.1 

represents a diagram of an MLP. Let us assume that the MLP has J layers. Layer 1 is the 

input layer, Layer J is the output layer and middle layers are hidden layers. Let the 

number of neurons in the /th layer be Ni, I = 1, 2, . . ., J. Let M/. represent the weight of 

the link between theyth neuron of the (/ - 1) th layer and the /'th neuron of the /th layer. 

Let x, represent the /th external input to the MLP and z\ be the output of the /th neuron of 

the /th layer. An additional weight parameter exists for each neuron (w'i0) representing 

the bias for the /th neuron of the /th layer. Therefore, w of the MLP includes wi ,j - 0, 1, 

. . ., Ni-i, i = 1, 2, . . ., Ni, and / = 2, 3, . . ., J. Thus the weight vector of the MLP is 

expressed as follows [1] 

w = [wf0 w2
n w2

n .. .WJ
NJNJI] . (2.5) 

Each neuron processes the input information received from other neurons. This 

process is done through a function called the activation function of the neuron. The 

processed information becomes output of the neuron. A typical /th neuron in the /th layer 

processes this information in two steps. Firstly, each of the inputs is multiplied by the 

corresponding weight parameter and the products are added to produce a weighted 

sum^ , i.e., [61] 

^ix-r- (2.6) 
7=0 
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Layer J 

(Output layer) 

Layer J -\ 

(Hidden layer) 

X\ X2 
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*3 xn 

Figure 2.1: Diagram of an MLP neural network structure. An MLP is consists of 

one input layer, one or more hidden layer and one output layer. 

In order to create the effect of bias parameter w'0, we assume a fictitious neuron in the (/-

1) the layer whose output is z'^ = 1 . Secondly, the weighted sum of (2.6) is used to 

activate the neuron's activation function <r(.) [62], [63] to produce the final output of the 
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neuron z\ = cr(^) • This output can become the stimulus to neurons in the (/ + l)th layer. 

The most common activation function for the hidden neurons is sigmoid function and is 

given by 

-M~- (2-7) 

Arc tangent function, hyperbolic-tangent function are also used as activation functions. 

Input neurons use relay activation function which only relay the input information to the 

hidden neurons. An output neuron computation is given by [2] 

°(r!) = r! = t^zr- (2-8) 

Neural network follows feedforward computation [61]. The external inputs 

x = [JCJ x2... xn] are fed to the input neurons and the outputs of the input neurons are fed 

to the hidden neurons of the second layer. Continuing this way, the outputs of the (J -

l)th layer neurons are fed to the output neurons. During feedforward computation w 

remains fixed. The feedforward computation is expressed as [1] 

z)=xn 1 = 1,2,...,^; n = Nx (2.9) 

z\=a E4< , i = l,2,...,JV/; / = 2,3,...,J (2.10) 
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yt=zi, i = l,2,...,Ny, m = Nj. (2.11) 

It is evident that the formulas in (2.9) to (2.11) are simpler to compute than solving the 

theoretical EM of physics equations. For this reason the neural network model becomes 

faster than EM model. 

The theoretical basis of neural network to approximate arbitrary input-output 

relationship is based on universal approximation theory [64], which states that there 

always exists a three-layer MLP neural network that can approximate any arbitrary 

nonlinear continuous multidimensional function to any desired accuracy. Thus neural 

network has the ability to accurately relate geometrical variables of a RF/microwave 

structure/device to its electrical response. In order to model an x-y relationship, neural 

network needs a suitable number of hidden neurons. The number depends on the degree 

of nonlinearity of the input output relationship/, and the dimensions of x andy. Highly 

nonlinear and high dimensional model requires many hidden neurons. The precise 

number of hidden neurons required for a given modeling task remains an open question. 

This number can be determined by automated trial and error process [39], [65]. The 

number of layers that should be used in the MLP structure is determined by the 

hierarchical information of the modeling problem. In general for RF/Microwave 

modeling problems, a three or four layer MLP [66] is commonly used. 

In addition to the MLP, there are other neural network structures such as radial basis 

function (RBF) neural networks [67], wavelet networks [67], recurrent neural networks 

(RNN) [68], [69], dynamic neural networks (DNN) [70], etc. The selection of neural 
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network depends on the nature of x-y relationship. The most popular type is MLP since 

its training and structure is well established. For sharp variation in the x-y relationship, 

radial basis function (RBF) [71], [72] and wavelet [73] is suitable. For time domain 

modeling recurrent neural networks (RNN) and dynamic neural networks (DNN) are 

suitable. In addition to the basic neural network structures, there exist hybrid neural 

network structures which are known as knowledge based neural networks [13], [14], [38], 

[74]. It uses existing knowledge of empirical/equivalent circuits and combines with 

neural network for superior performances. 

2.2.3 Neural Network Model Development 

In order to develop a neural network model, we need to train it with input-output data of 

the device/structure. The first step is to identify the inputs and outputs of the model. The 

input parameters are usually the device parameters such as physical and geometrical 

parameters of device along with frequency and other electrical parameters. For 

RF/microwave model, the outputs are usually S-parameters of the devices/structures [4]-

[10]. The choice of inputs and outputs are selected based on the intention and purpose of 

the models. Other factors include ease of data generation, ease of incorporation into 

circuit simulator, etc. 

The next step is to define the range of data to be used during neural network model 

training and distribute x-y samples within the range. Let xm;n and xmax be the minimum 

and maximum value of the input parameter space. Training data is sampled little beyond 

this range to ensure reliability of the model. Once the range of input parameters are 

selected, a sampling distribution is chosen. Uniform grid distribution, non-uniform grid 
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distribution, design of experiments (DOE) methodology [74], star distribution [36], and 

random distribution are commonly used for sampling the input parameter space for data 

generation. In uniform grid distribution, each input parameter is sampled at uniform 

intervals. For example, in a transistor modeling problem where * = [ ^ Vd an and the 

model is intended to be used for the range of 

~-2V~ 

ov 
1GHz 

<x< 

OV 

10V 

20 GHz 

then training data can be generated for the range of 

"-2-0.2" 

0 

1-0.5 

<x< 

0 

10 + 1 

20+2_ 

In non-uniform grid distribution, each input parameter is sampled at unequal intervals. 

This ploy is used for nonlinear modeling problems. Smaller steps are used for sampling 

the non-linear region and larger steps are used in the linear region. Sample distributions 

based on DOE (e.g., 2n factorial experiment of design, central composite experimental 

design) and star distribution are used where the data generation is expensive. 

Data can be generated either by using EM simulation such as HFSS or device 

measurement using network analyzer. Large number of samples should be generated for 
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nonlinear problems to obtain sufficient accuracy. The generated data is divided into 

training, validation, and testing sets. Training data is used during training process of the 

model. Validation data is used to monitor the quality of the neural network model during 

training and to determine the stop criteria of the training process. Test data is used to 

independently examine the final quality of the trained neural model in terms of accuracy 

and generalization capability. Ideally each data set should adequately represent the 

original component behaviour^ - f(x). Commonly intermediate points of training data 

sets are used for validation for better reliability of the model. 

The generated data should be pre-processed before it can be used for model 

development. The orders of magnitude of various input and output parameter values in 

microwave applications can vary considerable from one another. For this reason scaling 

of the data is performed for efficient neural network training. Let x, xmin, and xmax 

represent a generic input element in the vectors x, xmin and xmax of original generated data 

respectively. Let x, x^B, and xmax represent a generic element in the vectors x, x^ ,and 

Jcmax of scaled data where [̂ min'-̂ max]̂  m e input parameter range after scaling. Linear 

scaling is given by [1] 

x = x . + X~Xmin (xmax - x . ) (2.14) 
min \ max mm / \ s 

X — X 
max min 

and corresponding de-scaling is given by 
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* = **•+ -Z^^ ( * , - - 0 - (2-15) 
V — v 

max min 

Output parameter in training data can also be scaled in a similar way. Another scaling 

method is the logarithmic scaling [2], which can be applied to outputs with large 

variations in order to provide balance between small and large values of the same output. 

At the end of this step, the scaled data is ready to be used for neural network model 

training. 

The next step we prepare neural network for training. The neural network weight 

vector w is initialized to provide a good starting point for training. Commonly the weight 

vector is initialized with random small values, e.g., [-0.5, 0.5]. In order to improve the 

convergence of training, Gaussian distribution, different ranges and different variances 

for the random number generators can be used [75]. The training data consists of sample 

pairs {{xk, <4) and ke Dr}, where Xk, dy are n- and m- vectors representing the inputs and 

desired outputs of the neural network, Dr is the training data set. The training error of the 

neural network is defined as 

1 m I |2 En^)=-YnyAx*>w)-dA (2-16) 
^ keDr j=\ 

where djk is the/th element of d\ and yj{xk,w) is they'th neural network output for input 

x^ During neural network training, the w is adjusted such that the error function 
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ED (H>) is minimized. Since ED (w) is a nonlinear function of w, iterative training 

techniques are used to update w based on error information ED (w) and error derivative 

information dED Idw. The subsequent point in w-space denoted as wDext is determined by 

a step down from the current point w w along a direction vector h, i.e., wnext = wnow +T]h. 

Here, Aw = Tjh is called the weight update and 7] is a positive step size known as the 

learning rate. As an example backpropagation (BP) training algorithm [67] updates w 

along the negative direction of the gradient of training error as w = w-T]\dED ldw\. The 

computation of the derivatives is done using a standard approach known as error back 

propagation (EBP) [76]. The EBP is described as follows: 

Let us define a per-sample error function Ek given by [1] 

1 i=\ 

For the Mi data sample &e Dr. Let Sf represent the error between the rth neural network 

output and the fth output in the training data, i.e., 

Sf=y,{xk,w)-dlk. (2.18) 

Starting from the output layer, this error can be backpropagated to the hidden layers as 

[76] 
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2 3 X 1 ^(i-z|), 
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(2.19) 

where S] represents the local error at the fth neuron in the /th layer. The derivative of the 

per-sample error in (2.17) with respect to a given neural network weight parameter w'y is 

given by [1] 

dEk=S'iz
1;1 l = J,J-\,...,2. (2.20) 

/ -.• -j H 

Finally, the derivative of the training error in (2.16) with respect to w'y can be computed 

as [2] 

ff=lff. (2.2.) 

Using EBP, [dED /3wMcan be systematically evaluated for the MLP neural network 

structure and can be provided to gradient based training algorithms for the determination 

of weight update Aw . A flowchart of neural network training and testing is presented in 

Figure 2.2. 
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Figure 2.2: Flowchart demonstrating major steps in neural network training, 

validation and testing [1]. 

Gradient based optimization method [77] such as backpropagation (BP), conjugate 

gradient, quasi-Newton is used for neural network training. Global optimization methods 

such as simulated annealing [78], genetic algorithms [79] can also be used for globally 

optimal solutions of neural network weights. However the training time required for 

global optimization method is much longer than that of gradient-based training 

techniques. Recently a combined global/local optimization is proposed for fast global 

training of neural networks [80]. The training process can be categorized into sample-by-
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sample training and batch-mode training. The first case is known as online training [81] 

in which w is updated each time a training sample is presented to the network. The 

second case is known as offline training [82] in which w is updated after each epoch, 

where epoch is defined as a stage of the training process that involves presentation of all 

training data to the neural network once. In RF/microwave modeling, batch-mode is 

usually more effective. 

The ability of a neural network to estimate output yk accurately when presented with 

input Xk never seen during training (i.e.,Are Dr) is called generalization ability. The 

normalized training error is defined as [1] 

4»= 
mN Dr teDr j=\ 

yj(xk,w)-d 
jk 

max,/ min,y 

1/2 

(2.22) 

where dmmj and dmaXj are the minimum and maximum values of they'th element of all <4, 

k e D , Dg is the available (generated) data, and ND is the number of data samples in Dr. 

The normalized validation error Ev can be similarly defined. Good learning of a neural 

network is achieved when both ED and Ev have small values, e.g., 0.5% and are close to 

each other. Over-learning is phenomenon when neural network memorizes the training 

data but can not generalize well, i.e., ED is small b u t i ^ ^ - E ^ .When over-learning 

happens, deleting a certain number of hidden neurons or adding more samples to the 

training would improve the result. Under-learning is a phenomenon when neural network 
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find difficulty to learn the training data, i.e., ED ~^> 0. Possible remedies of under-

learning are: 1) adding more hidden neurons or 2) perturbing the current solution w to 

escape from a local minimum ofi^, (M>), and then continuing training. A robust training 

algorithm has been presented in [39], which is very useful for automatic model 

generation with minimum human supervision. More recently a parallel automatic model 

generation technique has been developed. It takes advantage of the multiprocessor system 

of modern computer technology [83]. This parallel automated model generation 

algorithm significantly reduces model development cost. 

2.3 Neural Network Modeling for EM Applications 

For a first pass design success, an accurate model is essential. Accurate solutions can be 

obtained using electromagnetic simulations. However, the electromagnetic simulation is 

expensive for its high computational cost [68], [70]. Therefore, a neural network model 

becomes very useful especially when several model evaluations are required during 

design and optimization. Neural network model is developed from EM simulation or real 

device measurement data. For this reason, it can provide solution as accurate as 

electromagnetic solution [4], [74]. Once the model is developed, it can be incorporated 

with a circuit simulator for fast and accurate system level simulation and optimization 

[32]-[35]. In this Section, we review various neural network techniques and their 

applications in modeling, simulation, design, and optimization of electromagnetic 

components and structures. 
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Neural network has been used for passive component modeling. Inputs of models are 

physical or geometrical parameters such as length, width for a transmission line model. 

The outputs of the model are electrical parameters such as S-parameter [14], [30]. Many 

results of passive component modeling using neural network have been reported such as 

high-speed interconnects [74], CPW components [4], [84] [85], coupler [86], via [33], 

[34], etc. In [84], models for coplanar waveguide (CPW) components are developed 

using neural network technique. The inputs of the neural network are the geometrical 

parameters of the CPW and frequency. The outputs are S-parameters. Training data were 

generated using EM solver. Similarly in [4], neural network models for transmission line, 

90° bends, short-circuit stubs, open-circuit stubs, step-in-width discontinuities and 

symmetric T-junctions are developed. The trained neural network models represent EM 

behaviors of respective components. Recently, a combined transfer function and neural 

network approach is presented in [34]. The via model can become highly nonlinear and 

the input-output relationship may become very difficult to learn for a neural network. The 

combined transfer function and neural network concept reduces the learning task 

significantly as the neural network is trained to learn geometrical parameters to 

coefficients of a transfer function. 

Computer aided design using artificial neural network has become a popular and 

efficient method for design and optimization of electromagnetic structures [4], [33], [35], 

[74], [87]-[92]. The general idea of neural network based computer aided design is that 

we develop neural network models for electromagnetic structures and incorporate the 

models in a circuit simulator. This allows circuit level simulation speed with 
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electromagnetic level accuracy. Figure 2.3 illustrates an example of neural network based 

modeling and optimization of a spiral inductor. 

NN model for the spiral inductor 

riR rt/ riR rr/ 
°11 °11 °12 °12 

Incorporation into 
circuit simulator 
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Circuit 
Simulator 

V 
Fast optimization of 

microwave circuit using 
the spiral model 

Neural network 
model training 

A 
Training data generation using 
EM simulator 
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Figure 2.3: Fast optimization process of a spiral inductor using neural network 

CAD technique. 
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Training data for the neural network model is first generated using EM simulation by 

varying the width W, spacing Ls, dielectric constant^, and frequency <y. A neural 

network model is then trained using the data. The model is then incorporated into a 

circuit simulator for fast optimization of a circuit that uses a spiral inductor. Note that the 

model is developed once and then reused for many different circuit optimizations. 

Another example of computer aided design and optimization using neural network is 

[74], where EM-neural network models for microstrip vias and interconnects are 

developed. The training data for the neural network models are generated using EM 

simulations of the vias and interconnects. Once trained, the accurate neural network 

models are inserted into commercially available microwave circuit simulator. The circuit 

simulator can provide results faster than that of the EM simulator with comparable 

accuracy. According to [4], simulation time of a GaAs via using HP-Momentum is 12.48 

minutes whereas the simulation time of the via using the proposed method is only 0.3 sec. 

Similarly, the neural network models that are developed in [4] are incorporated into 

commercial microwave circuit simulator, HP-MDS. A CPW 50 ohm 3-db power divider 

is designed and optimized using the neural network models. Optimization time for the 

power divider circuit is only 2 minutes compared to the EM simulation time of 11 h. A 

similar EM-neural network model was developed for overlapping open ends in multilayer 

microstrip lines [30]. The neural network model is then used for design of bandpass 

filters. The design of gaps using neural network models requires approximately 1 second, 

whereas without using neural network model the design of coupling gap requires 84 

minutes. Similar work has been presented in [31],[87] where neural network models are 
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developed for embedded passives. All these results show the advantage of using neural 

network model for design optimization over EM model. The use of neural network 

reduces the massive computational cost required by the EM analysis tools. It also 

provides comparable accuracy with EM solution. 

Segmentation has been utilized in CAD algorithm [5], [53], [88]. A structure with 

many design variables requires many training data which may limit learning capability of 

neural network. In [53] and [88], segmentation is applied to divide the structure into 

several segments. For each segment, corresponding generalized scattering matrix is 

computed applying finite element method. Neural network models are then developed for 

each segment and the models are incorporated in circuit simulator for fast optimization. 

By using this approach, dielectric resonator filter is designed faster than classical EM 

optimization method. 

Parasitic extraction of interconnects using neural networks is presented in [89]. The 

models are developed using the EM data of a set of passive interconnect structures. The 

neural network models improve the parasitic extraction process significantly. In [90], 

spiral inductor is modeled using neural network where geometrical parameters are taken 

as inputs, and inductance, quality factor, and resonant frequency are taken as outputs of 

the neural network model. Particle swarm optimization combined with neural network 

model for inductor is used to generate multiple sets of layouts that provide the right 

amount of target inductance with different values of quality factor and resonant 

frequency. The synthesis process using this method becomes much faster than that using 

EM simulation. 
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A computer aided design method for RF micro-electro-mechanical system (MEMS) 

switches is presented in [91]. Training data characterizing the switch is generated by 

using finite element method simulation. The developed neural network model is then 

used to perform circuit level simulation. This method provides fast design optimization. 

Neural network models have been used in design optimization of antennas [93]-[96]. In 

[93], the input resistance of the antenna is first parameterized by a Gaussian model and 

neural network model is developed to approximate the nonlinear relationship between the 

antenna geometry and model parameters. The neural network model is incorporated with 

a genetic algorithm to optimize the antenna structure. In [96], neural network is used for 

synthesis of microstrip antenna structures. In all cases, the use of neural network models 

speeds up the optimization process compared to the EM optimization method. 

Neural network models have been developed mostly in frequency domain. Time 

domain formulation of neural network has also been presented through recurrent neural 

network (RNN) model in [97] and [98]. Formulation is presented utilizing transient 

responses of the structure to the excitation signals. The training data is generated from 

time domain EM simulator. The RNN model can be incorporated for transient analysis of 

EM structure at a circuit simulation speed. RNN model has also been used for modeling 

interference of internal circuits of electronic devices [99]. Dynamic neural network 

(DNN) has been presented in [70] which describe continuous time domain behavior 

modeling of nonlinear microwave devices. DNN retains or enhances the neural modeling 

speed and accuracy capabilities, and provides additional flexibility in handling diverse 

needs of nonlinear microwave simulations, e.g., time- and frequency-domain 
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applications, single-tone and multitone simulations. Recent developments in dynamic 

modeling techniques shows superior modeling ability and more powerful applications in 

dynamic behavioral modeling [100], [101]. 

Neural network has been utilized for speeding up numerical techniques MoM [102] 

FDTD [103], FEM [104], space mapping [36], [105]. The combined method takes 

advantage of the high fast speed of neural network and performs a subtask of the overall 

computation. In [102], radial basis function neural network is used to fill the coupling 

matrix of the method of moments (MoM). For efficient numerical computation, the 

matrix fill time is considered as the key issue in the method of moment. The inputs of the 

neural networks are the distance between a test and a basis function and the angle 

between the lines connected the centers and a reference line. The outputs are the real and 

imaginary parts of the weighted functions. This method is used into compute the response 

of patch antennas. The result shows that the use of neural network speeds up the 

computation significantly. 

Recently, a new EM-field based neural network technique has been developed as 

described in [106]. Usually neural network models are developed based on S-parameters 

of external input-output ports. If an electromagnetic 3D-structure is decomposed into 

substructures and the substructures are modeled based on the S-parameter, the result of 

the overall circuit simulation using the substructure models becomes inaccurate. The EM-

field based model provides much better accuracy than conventionally developed neural 

network model based on S-parameters of external ports. Also, the proposed neural 

network models for substructures can be reused as a part of different circuit simulations. 
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2.4 Neural Network Modeling for Microwave Filter 

Microwave filters are widely used in satellite and ground based communication systems. 

The full wave EM solvers have been utilized to design these kinds of filters for a long 

time. Usually several simulations are required to meet the filter specifications which 

takes considerable amount of time. In order to achieve first pass success with only minor 

tuning and adjustment in the manufacturing process, precise electromagnetic modeling is 

an essential condition. The design procedure usually involves iterating the design 

parameters until the final filter response is realized. The whole process needs to be 

repeated even with a slight change in any of the design specifications. The modeling time 

increases as the filter order increases. With the increasing complexity of wireless and 

satellite communication hardware, there is a need for faster method to design this kind of 

filters. Artificial neural network (ANN) has been proven to be a fast and effective means 

of modeling complex electromagnetic devices. Neural network modeling techniques for 

EM modeling and optimization have been discussed in the previous Section; this Section 

reviews the neural techniques dealing with microwave filters. 

Waveguide cavity filters are very popular in microwave applications. Several results 

have been reported using neural network techniques to model cavity filters including E-

plane metal-insert filter [107], rectangular waveguide H-plane iris bandpass filter [108]-

[109], dual mode pseudo elliptic filter [17], cylindrical posts in waveguide filter [110], 

combline filter [111], etc. The simplest form of modeling is the direct approach where the 

geometrical parameters are related to its frequency response. Response of a filter is 

sampled at different frequency points to generate the training data. Result shows that 
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ANN can provide accurate design parameters and after learning phase the computational 

cost is lower than the one associated with full wave model analysis [107]. In a similar 

work the performance of filter obtained from the ANN was much better than obtained 

from parametric curve and faster than finite element method (FEM) analysis [108]. 

Simpler structure or lower order filter is feasible to realize the whole model in a 

single neural network model. For higher order filter several assumptions and 

simplifications are required to lower the number of neural network inputs. Filter can be 

modeled by segmentation finite element (SFE) method and using ANN [7]. Filter 

structure was segmented into small regions connected by arbitrary cross section and then 

the smaller sections are analyzed separately. The generalized scattering matrix (GSM) 

was computed by FEM and the response of the complete circuit was obtained by 

connecting the smaller sections in proper order. In general the optimization of microwave 

circuits is time consuming. To attain a circuit response by analytical method is too slow. 

Therefore, ANN based analytical models were used. The method was applied to a three-

cavity filter. The response of the filter rigorously found from SFE was compared with the 

same response obtained from the GSMs of the irises computed from ANN and excellent 

agreement was observed. In similar approach smooth piecewise linear (SPWL) neural 

network model can be utilized for design and optimization of microwave filter [8]. SPWL 

has the advantage of smooth transitions between linear regions through the use of 

logarithm of hyperbolic cosine function. This feature suits well for the inductive iris 

modeling. A rectangular waveguide inductive iris band pass filter was modeled using 

SPWL neural network model. Several multi section Chebyshev band pass filters in 



35 

different bands have been tested and each showed very good agreement with full 3D 

electromagnetic solution. Again using the neural network model speeds up the design 

process significantly. 

Waveguide dual-mode pseudo-elliptic filters are often used in satellite applications 

due to their high Q, compact size and sharp selectivity [112]. Recently neural network 

modeling technique has been applied to design wave-guide dual-mode pseudo-elliptic 

filter [17]. The coupling mechanism for dual mode filters is complex in nature and the 

numbers of variables are quite high. This makes the data generation and neural network 

training an overwhelmingly time-consuming job. Therefore, filter structures were 

decomposed into different modules each representing different coupling mechanism. This 

ensures faster data generation, neural network training and better accuracy. This model 

may be applied to filter with any number of poles as long as the filter structure remains 

the same. Due to the coupling between orthogonal models, GSM of the discontinuity 

junctions in the filter is necessary to characterize most of the modules. Equivalent circuit 

parameters such as coupling values and insertion phase lengths were extracted from EM 

data first. Neural network models were then developed for the circuit parameters instead 

of EM parameters. The method was applied to a four pole filter with 2 transmission 

zeros. The filter was decomposed into three modules: input-output coupling iris, internal 

coupling iris and tuning screw. Neural network models were developed for each module 

and irises and tuning screw dimensions were calculated using the trained neural network 

models. The dimensions found from the neural network models are within 1% of the 

ideal ones. 
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The other popular type of microwave filters is built in planar configuration such as 

microstrip and strip line. Numerous works have been published modeling microwave 

filters using ANN including low pass microstrip step filter [5], coupled microstrip band 

pass filter [24], [113]-[120], microstrip band rejection filter [121], coplanar waveguide 

low pass filter [82], etc. The trained neural networks become fast filter model so that a 

designer can get the parameters quickly by avoiding long EM simulations. Wide 

bandwidth band pass filters were designed using microstrip line coupling at the end [24]. 

Coupling gaps are critical for designing these kinds of filters and the optimization of gaps 

require significant amount of time. To speed up the optimization of coupling gaps ANN 

models were developed and these models were used to design a filter. For a given filter 

specifications, physical parameters were obtained using ANN models. With these 

physical dimensions the filter was analyzed using a circuit simulator. A significant 

improvement in terms of speed has been realized using ANN models. The method can be 

generalized for low-pass, high pass, band pass or band rejection filters using planar 

configuration. A little modification is needed if the structure of the filter is changed from 

microstrip to strip line, but the general process remains the same. ANN models can be 

developed to model the entire filter if the number of variables is kept low. For larger 

dimensions some parameters are kept constant to keep the model simple. 

Multi-layer asymmetric coupled microstrip line has been modeled using ANN [114]. 

The ANN replaces the time-consuming optimization routines to determine the physical 

geometry of multi-conductor multi-layer coupled line sections. ANN models for both 

synthesis and analysis were developed. The methodology was applied to a two layer 
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coupled line filter and compared with segmentation and boundary element method 

(SBEM). Circuit elements were obtained much faster by ANN models than the 

optimization method. Circuit parameters can also be used as modeling parameters for this 

kind of filter. For all these cases ANN models are capable of predicting the dimensions or 

circuit parameters accurately compared to that obtained from the analytical formulas. 

Microstrip filter on PBG structure were also designed using neural network models 

[115]. A new neural network function called sample function neural network (SFNN) 

was employed for the modeling purpose. The PBG structures are periodic structures that 

are characterized by the prohibition of electromagnetic wave propagation at some 

microwave frequencies. A 2 dimensional square lattice consisting of circular holes were 

considered as the modeling problem. Radius of the circle of the periodic holes and 

frequency was input and s-parameters were considered as output of the neural network. 

Regular MLP was unable to converge to right solutions. RBF and wavelet functions 

improved the result but not accurate enough. Due to these reasons a new activation 

function called the sample activation function were used. The result shows that the SFNN 

can produce complex input-output relationship and could model the PBG filters on 

microstrip circuits accurately. 

Neural network has been combined with some other optimization process in order to 

achieve fast filter design parameters. A design technique combining finite-difference-

time domain (FDTD) and neural network was proposed [117]. Two-stage time reduction 

was realized by utilizing an ARMA signal estimation technique to reduce the 

computation time of each FDTD run and then the number of FDTD simulations was 
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decreased using a neural network as a device model. The neural network maps 

geometrical parameters to autoregressive moving-average (ARJVIA) coefficients. The 

trained network was incorporated with an optimization procedure for a microstrip filter 

design and significant time saving was achieved. Different algorithms can be developed 

combining neural network and optimization method for faster and accurate filter solution. 

A Neuro-genetic algorithm was developed for microwave filter [118]. Neural network 

models were combined with genetic algorithms to synthesize millimeter wave devices. 

The method has been used to synthesize low pass and band pass filters in microstrip 

configuration. While the method worked well for low pass filters it showed limited 

accuracy for band pass filter. In order to overcome the problem some modification is 

required in the layout and design space. 

Wavelet neural network (WNN) [120] and radial basis function (RBF) [5] can be 

advantageous for some special applications. Wavelet radical and the entire network 

construction have a reliable theory, which can avoid the fanaticism of network structure 

like back propagation (BP) neural network. Also it can radically avoid the non-linear 

optimization issue such as local most optimized during the network training and have 

strong function study and extend ability. For these qualities WNN was chosen in [120]. 

Microstrip band pass filter was optimized where the geometrical parameters were 

changed to obtain the desired output response. The result was compared with that 

obtained using ADS optimizer. Fast and accurate results were obtained. In a similar work, 

radial basis function neural networks (RBF-NN) were used to model microstrip filter. 
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Segmentation of the structure was employed for a 13 sections microwave step filter. 

Using the RBF-NN shows much faster and better accurate result than full wave analysis. 

Neural network also finds applications in the design of microwave filters consisting of 

dielectric resonator [56]. A rigorous and accurate EM analysis of the device was 

performed with FEM and combined with a fast analytical model. The analytical model 

was derived using segmented EM analysis applying to neural network. The method was 

then applied to dielectric resonator (DR) filters and good agreement between theoretical 

and experimental result was achieved within a few iterations. 

Neural network has been employed to obtain starting point for optimizer used for 

yield prediction algorithm [122]. The yield was computed as a ratio of the number of 

cases passing the specification to the total number of simulations performed. For efficient 

calculation of yield, the choice of starting point is critical. It requires the knowledge of 

final solution, which is not available. Neural network was used to predict this solution 

and then the solution was used as the starting point of the optimization. Different 

structures realizing the same response was used to calculate the yield. Result suggests 

that by using neural network models, computational effort can be reduced significantly. 

2.5 Summary 

In this Chapter, neural network modeling and its use in computer aided design and 

optimization of various applications have been reviewed. Neural network structures have 

been briefly described. The neural network model development and training methods 

have been described summarizing various steps including neural network formulation, 

data generation and processing, model training and testing. After reviewing neural 
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network model development, recent advances of microwave modeling and optimization 

techniques using neural networks have been presented. Following the review of neural 

network modeling in EM applications, the role of neural network in microwave filter 

modeling, optimization and design has also been reviewed. The ANN method has 

provided fast and accurate results and reduced the computational costs associated with a 

time consuming EM solver in the design of microwave filters. 
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Chapter 3: Neural Network Inverse Modeling and 
Applications to Microwave Filter Design 

In this Chapter, one of the major contributions of this thesis is presented. A systematic 

neural network inverse modeling approach is proposed. Various new techniques are 

proposed to develop neural network inverse models. We address the issue of multivalued 

solutions which introduces contradictions in the training data and propose mathematical 

criteria to detect the contradictory data. If the contradictory data exists, the proposed 

method divides data based on derivatives of the input parameters of the model. Several 

inverse submodels are then trained accurately with the divided training data. A method is 

proposed to combine the accurate inverse sub-models and thus obtain the overall accurate 

inverse model. This approach solves an important issue of inverse modeling in neural 

network. Without the data pre-processing and proposed technique, conventional approach 

will yield inaccurate inverse models. Furthermore, a comprehensive algorithm is 

presented to develop the inverse model combining the various techniques. This algorithm 

increases the efficiency by using the techniques in the right order. Another important 

contribution of this thesis is presented in this Chapter. A method is developed to design 

waveguide filters using the inverse neural network models. Waveguide filters are 

designed and fabricated using the proposed inverse approach. The filter dimensions are 
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obtained faster than conventional EM-based design approach and thus inverse approach 

speeds up the design process significantly. 

3.1 Introduction 

In recent years, neural network techniques have been recognized as a powerful tool for 

microwave design and modeling problems [1]-[11]. A neural network trained to model 

original EM problems can be called the forward model where the model inputs are 

physical or geometrical parameters and outputs are electrical parameters. For the design 

purpose, the information is often processed in the reverse direction in order to find the 

geometrical/physical parameters for given values of electrical parameters, which is called 

the inverse problem. There are two methods to solve the inverse problem, i.e., 

optimization method and direct inverse modeling method. In the optimization method, 

the EM simulator or the forward model is evaluated repetitively in order to find the 

optimal solutions of the geometrical parameters that can lead to a good match between 

modeled and specified electrical parameters. An example of such an approach is [123]. 

This method of inverse modeling is also known as synthesis method. 

The formula for the inverse problem, i.e., compute the geometrical parameters 

from given electrical parameters, is difficult to find analytically. Therefore, the neural 

network becomes a logical choice since it can be trained to learn from the data of the 

inverse problem. We define the input neurons of a neural network to be the electrical 

parameters of the modeling problem and the output neurons as the geometrical 
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parameters. Training data for the neural network inverse model can be obtained simply 

by swapping the input and output data used to train the forward model. This method is 

called the direct inverse modeling and an example of this approach is [124]. Once 

training is completed, the direct inverse model can provide inverse solutions immediately 

unlike the optimization method where repetitive forward model evaluations are required. 

Therefore, the direct inverse model is faster than the optimization method using either the 

EM or the neural network forward model. A similar concept has been utilized in neural 

inverse space mapping (NISM) technique where the inverse of the mapping from the fine 

to the coarse model parameter spaces is exploited in a space-mapping algorithm [125]. 

Though the neural network inverse model can provide the solution faster than the 

optimization method, it often encounters the problem of non-uniqueness in the input-

output relationship. It also causes difficulties during training, because the same input 

values to the inverse model will have different values at the output (multivalued 

solutions). Consequently, the neural network inverse model cannot be trained accurately. 

This is why training an inverse model may become more challenging than training a 

forward model. 

This Chapter considers application of neural network inverse modeling 

techniques for microwave filter design. Some results have been reported using neural 

network techniques to model microwave filters including rectangular waveguide iris 

bandpass filter [7] [8] [108], low pass microstrip step filter [5], E-plane metal-insert filter 

[107], coupled microstrip line band pass filter [10], etc. Waveguide dual-mode pseudo-

elliptic filters are often used in satellite applications due to its high Q, compact size, and 
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sharp selectivity [112]. This particular filter holds complex characteristics whose 

conventional design procedure follows an iterative approach, which is time consuming. 

Moreover, the whole process has to be repeated even with a slight change in any of the 

design specifications. The modeling time increases as the filter order increases. Recently 

the neural network modeling technique has been applied to design wave-guide dual-mode 

pseudo-elliptic filter [17]. By applying neural network technique, filter design parameters 

were generated hundreds of times faster than EM-based models while retaining 

comparable accuracy. 

In this Chapter, a new and systematic neural network inverse modeling 

methodology is developed, and the problem of non-uniqueness in inverse modeling is 

formally addressed. The proposed methodology uses a set of novel criteria to detect 

multivalued solutions in training data, and uses adjoint neural network [45] derivative 

information to separate training data into groups, overcoming non-uniqueness problems 

in inverse models in a systematic way. Each group of data is used to train a separate 

inverse sub-model. Such inverse sub-models become more accurate since the individual 

groups of data do not have the problem of multivalued solutions. A complete 

methodology to solve the inverse modeling problem efficiently is proposed by combining 

various techniques including the direct inverse modeling, segmenting the inverse model, 

identifying multivalued solutions, dividing training data that have multivalued solutions, 

and combining separately trained inverse sub-models. A significant step is achieved 

where two actual filters are made following the neural network solutions, and real 
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measurements from the filters are used to compare and validate the proposed neural 

network solutions. 

3.2 Inverse Modeling: Formulation and Proposed Neural Network 

Methods 

3.2.1 Formulation 

Let n and m represent the number of inputs and outputs of the forward model. Let 

x be an H-vector containing the inputs and y be an zw-vector containing the outputs of the 

forward model. Then the forward modeling problem can be expressed as 

y = f(x) (3-i) 

whereJC^X, x2 x3 ... xn]
T,y = [y1 y2 y3 . . . ymf, and /defines the input-output 

relationship. An example of a neural network diagram of a forward model and its 

corresponding inverse model is shown in Figure 3.1. Note that, 2 outputs and 2 inputs of 

the forward model are swapped to the input and output of the inverse model respectively. 

In general, some or all of them can be swapped from input to output or vice versa. If we 

swap more inputs with less outputs of the forward model to formulate the inverse model, 

it might increase the possibility of non-uniqueness (to be described in the next sub-

Section) of input-output relationship of the inverse model. The selection of which 

parameters to be swapped is a problem of specific task and mainly depends on the user. 
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(a) (b) 

Figure 3.1: Example illustrating neural network forward and inverse models, (a) forward 

model (b) inverse model. The inputs x3 andx4 (output^ and ̂ 3) of the forward model are 

swapped to the outputs (inputs) of the inverse model respectively. 

Let us define a sub-set of x and a sub-set of y. These sub-sets of input and output 

are swapped to the output and input respectively in order to form the inverse model. Let 

Ix be defined as an index set containing the indices of inputs of forward model that are 

moved to the output of inverse model, 
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Ix - {i\ if xt becomes output of inverse model}. (3.2) 

Let Iy be the index set containing the indices of outputs of forward model that are moved 

to the input of inverse model, 

/ = {/| if yi becomes input of inverse model}. (3.3) 

Let 3c and j b e vectors of inputs and outputs of the inverse model. The inverse model can 

be defined as 

y = 7(x) (3.4) 

where y includes y{ if i g I and xt if i e Ix; x includes x, if /' <£. Ix and yt if / e / ; and 

/ defines the input-output relationship of the inverse model. For example the inputs x^ 

and X4 of Figure 3.1(a) may represent the iris length and width of a filter, and outputs y2 

andj3 may represent electrical parameter such as coupling parameter and insertion phase. 

To formulate the inverse filter model we swap the iris length and width with coupling 

parameter and insertion phase. For the example in Figure 3.1 the inverse model is 

formulated as 

/ , = { 3 , 4 > (3.5) 
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Iy = {2,3} (3.6) 

_ _ _ _ _ T T 

x = [xi x2 x3 x4 ] = [^ x2 y 2 y 3 ] (3.7) 

_ _ _ _ T T 

y = [y} y2y3] = l>, *3 * 4 ] (3-8) 

After formulation is finished model can be trained with the data. Usually data are 

generated by EM solvers originally in forward way, i.e., given iris length and compute 

coupling parameter. To train a neural network as an inverse model, we swap the 

generated data so that coupling parameter becomes training data for neural network 

inputs and iris length becomes training data for neural network outputs. The neural 

network trained this way is the direct inverse model. 

The direct inverse modeling method is simple, and is suitable when the problem is 

relatively easy, for example, when the original input-output relationship is smooth and 

monotonic, and/or if the numbers of inputs/outputs are small. On the other hand if the 

problem is complicated and models using direct method are not accurate enough, then 

segmentation of training data can be utilized to improve the model accuracy. 

Segmentation of microwave structures has been reported in existing literature such as [7] 

where a large device is segmented into smaller units. The smaller units are modeled 

individually and then combined together to obtain the complete device model. We apply 

the segmentation concepts over the range of model inputs to split data into smaller 

sections. The complexity of input-output relationships affects the amount of data to be 

included during neural network training to capture the device behavior completely. The 
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relationship may contain multiple nonlinear sections, which need dense sampling during 

data generation. Including the entire training data in a single neural network inverse 

model may lower the model accuracy. Therefore we split data into multiple sections each 

covering a smaller range of input parameter space. Neural network models are trained for 

each section of data. A small amount of overlapping data can be reserved between 

adjacent sections so that the connections between neighboring segmented models become 

smooth. 

3.2.2 Non-Uniqueness of Input-Output Relationship in Inverse Model and Proposed 

Solutions 

When the original forward input-output relationship is not monotonic, the non-

uniqueness becomes an inherent problem in the inverse model. In order to solve this 

problem, we start by addressing multivalued solutions in training data as follows: 

If two different input values in the forward model lead to the same value of output then a 

contradiction arises in the training data of the inverse model, because the single input 

value in the inverse model has two different output values. Since we cannot train the 

neural network inverse model to match two different output values simultaneously, the 

training error cannot be reduced to a small value. As a result the trained inverse model 

will not be accurate. For this reason, it is important to detect the existence of multivalued 

solutions, which creates contradictions in training data. 

Detection of multivalued solutions would have been straightforward if the training 

data were generated by deliberately choosing different geometrical dimensions such that 

they lead to the same electrical value. However in practice, the training data are not 
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sampled at exactly those locations. Therefore we need to develop numerical criteria to 

detect the existence of multivalued solutions. 

We assume Ix and Iy contain same amount of indices, and that the indices in Ix (or Iy) are 

in ascending order. Let us define the distance between two samples of training data, 

sample number / and k as 

u(kJ) = J E ( ^ - 3° )2 / (xr - *7* f (3-9) 

where, 3cjmax and x™" are the maximum and minimum value of 3c. respectively as 

determined from training data. We use a superscript to denote the sample index in 

training data. For example, xf-k) and yjk) represent values of 3c. and y. in the £* training 

data respectively. Sample x(k) is in the neighborhood of 3c(/) if u(kJ) < a, where a is a 

user-defined threshold whose value depends on the step size of data sampling. The 

maximum and minimum "slope" between samples within the neighborhood of 3c(/) is 

defined as 

Gi'l = max M 
Z{(yr-y{l))/(yr-yr)r 

(3.10) (/)> / ,—max T{(xr-xr)/(K -K )} 

and 
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G('l = min ^ n i n 
* Y/rF(*> r ( />wrrm a x Tm i nu2 l ; 

Input sample xU) will have multivalued solutions if, within its neighborhood, the slope is 

larger than maximum allowed or the ratio of maximum and minimum slope is larger than 

the maximum allowed slope change. Mathematically, if 

GZ>GM (3.12) 

and 

Gl/GlH>GR (3.13) 

then xU) has multivalued solutions in its neighborhood where GM is the maximum 

allowed slope and GR is the maximum allowed slope change. 

We employ the simple criteria of (3.12) and (3.13) to detect possible multivalued 

solutions. A suggestion for a can be at least twice the average step size of y in training 

data. A reference value for GR can be approximately the inverse of a similarly defined 

"slope" between adjacent samples in the training data of the forward model. The value of 

GM should be greater than 1. In the overall modeling method, conservative choices of a , 

GM and GR (larger ar, smaller GM and GR) lead to more use of the derivative division 

procedure to be described in the next section, while aggressive choices of a , GM and GR 
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lead to early termination of the overall algorithm (or more use of the segmentation 

procedure) when model accuracy is achieved (or not achieved). In this way, the choices 

of a, GM and GR mainly affect the training time of the inverse models, rather than model 

accuracy. The modeling accuracy is determined from segmentation or from the 

derivative division step to be described in the next section. Sample values of or, GM and 

GR are given through an example in Section 3.4.1. 

3.2.3 Proposed Method to Divide Training Data Containing Multivalued Solutions 

If existence of multivalued solutions is detected in training data, we perform data 

preprocessing to divide the data into different groups such that the data in each group do 

not have the problem of multivalued solutions. To do this, we need to develop a method 

to decide which data samples should be moved into which group. We propose to divide 

the overall training data into groups based on derivatives of outputs vs. inputs of the 

forward model. Let us define the derivatives of inputs and outputs that have been 

exchanged to formulate the inverse model, evaluated at each sample, as 

,ieIymdJGlx (3.14) 
x=x(t) 

where k -1,2,3,...,Ns and Ns is the total number of training samples. The entire training 

data should be divided based on the derivative criteria such that training samples 

satisfying 

dx. 



belong to one group and training samples satisfying 

&• >-P (3-16) 
dXj X=XW 

belong to a different group. The value for fl is zero by default. However to produce an 

overlapping connection at the break point between the two groups we can choose a small 

positive value for it. In that case a small amount of data samples whose absolute values of 

derivative are less than /? will belong to both groups. The value for /? other than the 

default suggestion of zero can be chosen as a value slightly larger than the smallest 

absolute value of derivatives of (3.14) for all training samples. Choice of {3 only affects 

the accuracy of the sub-models at the connection region. The model accuracy for the rest 

of the region will remain unaffected. 

This method exploits derivative information to divide the training data into 

groups. Therefore, accurate derivative is an important requirement for this method. 

Computation of derivatives of (3.14) is not a straightforward task since no analytical 

equation is available. We propose to compute the derivatives by exploiting adjoint neural 

network technique [45]. We first train an accurate neural network forward model. After 

training is finished, its adjoint neural network can be used to produce the derivative 
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<P (3.15) 
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information used in (3.15) and (3.16). The computed derivatives are employed to divide 

the training data into multiple smaller groups according to (3.15) and (3.16) using 

different combinations of i and j . Multiple neural networks are then trained with the 

divided data. Each neural network represents a sub-model of the overall inverse model. 

Equations (3.12) and (3.13) play different roles versus Equations (3.15) and (3.16) 

in our overall algorithm to be described in Section 3.3. Equations (3.12) and (3.13) are 

used as simple and quick ways to detect the existence of contradictions in training data. 

But they do not give enough information on how the data should be divided. Equations 

(3.15) and (3.16), which require more computation (i.e., require training forward neural 

model) and produce more information, are used to perform detailed task of dividing 

training data into different groups to solve the multivalued problem. 

3.2.4 Proposed Method to Combine the Inverse Sub-Models 

We need to combine the multiple inverse sub-models to reproduce the overall inverse 

model completely. For this purpose a mechanism is needed to select the right one among 

multiple inverse sub-models for a given input x. Figure 3.2 shows the proposed inverse 

sub-model combining method for a two sub-model system. For convenience of 

explanation, suppose x is a randomly selected sample of training data. Ideally if x 

belongs to a particular inverse sub-model then the output from it should be the most 

accurate one among various inverse sub-models. Conversely the outputs from the other 

inverse sub-models should be less accurate if 3c does not belong to them. However, when 

using the inverse sub-models with general input 3c whose values are not necessarily 

equal to that of any training samples, the value from the sub-models is the unknown 
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parameter to be solved. So we still do not know which inverse sub-model is the most 

accurate one. 

To address this dilemma, we use the forward model to help decide which inverse 

sub-model should be selected. If we supply an output from the correct inverse sub-model 

to an accurate forward model we should be able to obtain the original data input to the 

inverse sub-model. For example, suppose y = f(x) is an accurate forward model. 

Suppose the inputs and outputs of the inverse sub-model are defined such that x - y and 

y - x. If the inverse sub-model y = f(x) is true, then 

f(f(x)) = x (3.17) 

is also true. Conversely, if / ( / ( * ) ) * x then, f(x) is a wrong inverse sub-model. In this 

way we can use a forward model to help determining which inverse sub-model should be 

selected for a particular value of input. In our method inputs is supplied to each inverse 

sub-model and output from them is fed to the accurately trained forward model 

respectively, which generate different y. These outputs are then compared with the input 

data x. The inverse sub-model that produces least error between y and x is selected and 

the output from the corresponding inverse sub-model is chosen as the final output of the 

overall inverse modeling problem. 



56 

y = {ym or y(2) or Both} 

Model Selection Conditions 
Based on Ep and Up 

i 

ym 

k 

Forward 
Model 

y(i) 

, 

Inverse Sub-
Model 1 

(A) 
i i 

1 1 I J 

j ( 2 , 

* 

Forward 
Model 

y ( 2 ) ' 
i 

Inverse Sub-
Model 2 

(A) 

, 1 

I I 

--—-

jjo) y(2) 

Inverse Sub-
Model 1 

(B) 
i , 

Inverse Sub-
Model 2 

(B) 
i , 

X 

Figure 3.2: Diagram of inverse sub-model combining technique after derivative division for 

a two sub-model system. Inverse sub-model 1, and inverse sub-model 2 in set (A) are 

competitively trained version of the inverse sub-models. Inverse sub-model 1 and inverse 

sub-model 2 in set (B) are trained with the divided data based on derivative criteria (3.15) -

(3.16). The input and output of the overall combined model is x and ~y respectively. 
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Let us assume an inverse model is divided into N different inverse sub-models 

according to derivative criteria. The error between the input of the pth inverse sub-model 

and output of the forward model (also called error from inverse-forward sub-model pair) 

is calculated as 

Ep = 1 fr^-xj)2 l{x™-x™f (3.18) 

where, p = 1,2,3,...,N and we have assumed Iy and Ix contain equal number of indices. N 

is the number of sub models. As an example, E\ would be lower than Ei, Ej,... , EN if a 

sample x belongs to the inverse sub-model 1. 

We include another constraint to the inverse sub-model selection criteria. This 

constraint checks for the training range. If an inverse sub-model produces an output that 

is located outside its training range, then the corresponding output is not selected even 

though the error (Ep) of (3.18) is less than that of other inverse sub-models. If the outputs 

of other inverse sub-models are also found outside their training range then we compare 

their magnitude of distances from the boundary of training range. An inverse sub-model 

producing the shortest distance is selected in this case. For sub-model p the distance of a 

particular output outside the training range can be defined as 

y^-yr, jbry}p)>yT 

UlP)=\yr-$P\ fory^p)<yr (3-19) 
0 , otherwise 
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where /e IX , p = 1,2,3,..., N, and >̂ max and y™m are the maximum and minimum values of 

yi respectively obtained from the training data. For any output y if the distance is zero, 

then the output is located inside the training range. The total distance outside the range 

for all the outputs of an inverse sub-model p can be calculated as 

up=Zu'p) (3-2°) 

where ielxand p = 1,2,3,...,N. 

The calculated Ep and Up are used to determine which inverse sub-model should 

be selected for a particular set of input. The inverse sub-model selection criteria can be 

expressed as 

y = y(p), (3.21) 

if (Up = 0) AND (Uq = 0) AND (Ep < Eq), or ((Up ± 0) OR (Uq ± 0)) AND (Up < Uq) for all 

values of q where q = 1,2,3,...,N and q^p. For example, inverse sub-model 1 is 

selected if outputs from all the inverse sub-models are located inside the training range 

and the error produced by the inverse-forward sub-pair 1 is less than the error produced 

by all other pairs, or if the output of any of the inverse sub-model is located outside the 

training range and the distance of the output of inverse sub-model 1 is the least of that of 

all other inverse sub-models. 

In cases when outputs from multiple inverse sub-models remain inside the 

training range (i.e., Up = 0) and at the same time the errors (i.e., Ep) calculated from the 
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corresponding inverse-forward pairs are all smaller than a threshold value (EV), then the 

outputs of those inverse sub-models are valid solutions. As an example suppose we have 

3 inverse sub-models (N= 3). For a particular sample of data if the outputs from inverse 

sub-model 1 and inverse sub-model 2 both fall within the training range (U\ = Ui = 0) 

and the errors E\ and E2 are both less than the threshold error ET, then solutions from 

inverse sub-model 1 and inverse sub-model 2 are both accepted. 

The purpose of the model combining technique is to reproduce the original 

multivalued input-output relationship for the user. Our method is an advance over the 

direct inverse modeling method since the latter produces only an inaccurate result in case 

there are multivalued solutions (i.e., produces a single solution which may not match any 

of the original multi-values). Our method can be used to provide a quick model to 

reproduce multivalued solutions in inverse EM problems. Using the solutions from the 

proposed inverse model (including reproduced multivalued solutions), the user can 

proceed to circuit design. 

3.2.5 Accuracy Enhancement of Sub-Model Combining Method 

Here we describe two ways to further enhance the selection and thus improve the 

accuracy of the overall inverse model. These enhancement techniques are used only for 

some sub regions where model selections are inaccurate. In most cases regularly trained 

inverse sub-models will be accurate with no need of these enhancement techniques. The 

sub regions which need enhancement can be determined by checking the model selection 

using the known divisions in training data. The application of the enhancement 

techniques will incrementally increase model development time. 
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3.2.5.1 Competitively Trained Inverse Sub-Model 

To further improve the inverse sub-model selection accuracy an additional set of 

competitively trained inverse sub-model can be used. These inverse sub-models are 

trained to learn not only what is correct but also what is wrong. Correct data are the data 

that belong only to a particular inverse sub-model. Conversely, incorrect data are the data 

in which 3c belongs to other inverse sub-models and y is deliberately set to zero, so that 

the inverse sub-model is forced to learn wrong values of y for 3c that do not belong to 

this inverse sub-model. The output values of these inverse sub-models are not very 

accurate. But they are reliable to identify if an input belongs to the inverse sub-model or 

not. Therefore, they are used for the inverse sub-model selection purpose only. Once the 

selection has been made the final output is taken from the regularly trained (i.e., not 

competitively trained) inverse sub-model. In Figure 3.2, the inverse sub-models in set (A) 

represent the competitively trained inverse sub-models and set (B) represents regularly 

trained inverse sub-models. 

3.2.5.2 Forward Sub-Model 

The default forward model used in model combining method is trained with the entire set 

of training data. The decision of choosing the right inverse sub-model depends on the 

accuracy of both inverse sub-models and forward models. We can further tighten the 

accuracy of the forward model by training multiple forward sub-models using the same 

groups of data used to train inverse sub-models. These forward sub-models capture the 

same data range as its inverse counterpart and therefore the inverse and forward sub-
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model pairs are capable of producing more accurate decision. In Figure 3.2 the forward 

models are replaced with the forward sub-models. 

3.3 Overall Inverse Modeling Methodology 

The overall methodology of inverse modeling combines all the aspects described in the 

previous section. The inverse model of a microwave device may contain unique or non-

unique behavior over various regions of interest. In the region with unique solutions 

direct segmentation can be applied and training error is expected to be low. On the other 

hand, in the region with non-uniqueness, the model should be divided according to 

derivative. If the overall problem is simple, the methodology will end with a simple 

inverse model directly trained with all data. In complicated cases, the methodology uses 

derivative division and sub-model combining method to increase model accuracy. This 

approach increases the overall efficiency of modeling. The flow diagram of the overall 

inverse modeling approach is presented in Figure 3.3. The overall methodology is 

summarized in the following steps: 

Step 1. Define the inputs and outputs of the model. Detailed formulation can be found in 

Section 3.2.1. Generate data using EM simulator or measurement. Swap the input 

and output data to obtain data for training inverse model. Train and test the 

inverse model. If the model accuracy is satisfied then stop. Results obtained here 

is the direct inverse model. 

Step 2. Segment the training data into smaller sections. If there have been several 

consecutive iterations between Steps 2 and 5, then go to Step 6. 

Step 3. Train and test models individually with segmented data. 
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Step 4. If the accuracy of all the segmented models in Step 3 is satisfied, stop. Else for the 

segments that have not reached accuracy requirements, proceed to the next steps. 

Step 5. Check for multivalued solutions in model's training data using (3.12) and (3.13). 

If none are found then perform further segmentation by going to Step 2. 

Step 6. Train a neural network forward model. 

Step 7. Using the adjoint neural network of the forward model divide the training data 

according to derivative criteria as described in Section 3.2.3. 

Step 8. With the divided data, train necessary sub-models, for example two inverse sub

models. Optionally obtain two competitively trained inverse sub-models and two 

forward sub-models. 

Step 9. Combine all the sub-models that have been trained in Step 8 according to method 

in Section 3.2.4. Test the combined inverse sub-models. If the test accuracy is 

achieved then stop. Else go to Step 7 for further division of data according to 

derivative information in different dimensions, or if all the dimensions are 

exhausted, go to Step 2. 

The algorithm increases efficiency by choosing the right techniques in the right 

order. For simple problems, the algorithm stops immediately after the direct inverse 

modeling technique. In this case no data segmentation or other techniques are used, and 

training time is short. The segmentation and subsequent techniques will be applied only 

when the directly trained model cannot meet accuracy criteria. In this way, more training 

time is needed only with more complexity in the model input-output relationship, such as 

the multivalued relationship. 
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Figure 3.3: Flow diagram of overall inverse modeling methodology consisting of direct, 

segmentation, derivative dividing and model combining techniques. 
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3.4 Examples and Applications to Filter Design 

3.4.1 Example 1: Inverse Spiral Inductor Model 

In this example we illustrate the proposed technique through a spiral inductor modeling 

problem where the input of the forward model is the inner mean diameter ( CD ) of the 

inductor, and the output is the effective quality factor (Qefj)- Figure 3.4(a) shows the 

variation of Qeff with respect to inner diameter [126]. The inverse model of this problem 

is shown in Figure 3.4(b), which shows non-unique input-output relationship since in the 

range from Qef= 47 to Qejf
= 55, a single Qeff value will produce two different CD values. 

We have implemented (3.10), (3.11), (3.12) and (3.13) in NeuroModelerPlus [127] to 

detect the existence of multivalued solutions as described in Section 3.2.2. We supply the 

training data to NeuroModelerPlus and set values of parameters as GM~ 80, GR = 80, and 

a =0.01. The program detects several contradictions in the data. 

In the next step, we divide the training data according to derivative. We trained a 

neural network forward model to learn the data in Figure 3.4(a) and used its adjoint 

neural network to compute the derivatives ^-" . We compared all the values of 

derivatives and the lowest absolute value was found to be 0.018. The next large absolute 

value of derivative was 0.07. Therefore we chose the value of ft = 0.02 which is in 

between 0.018 and 0.07. The training data are divided such that samples satisfying (3.15) 

are divided into group I and samples satisfying (3.16) are divided into group II. Figures 

3.4(c) and 3.4(d) show the plots of two divided groups, which confirm that the individual 
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groups become free of multivalued solutions after dividing the data according to the 

derivative information. 

Two inverse sub-models of the spiral inductor were trained using the divided data 

of Figure 3.4(c) and 3.4(d). The two individual sub-models became very accurate and 

they were combined using the model combining technique. For comparison purpose, a 

separate model was trained using the direct inverse modeling method, which means that 

all the training samples in Figure 3.4(b) were used without any data division to train a 

single inverse model. The results are shown in Figure 3.5. It shows that the model 

obtained from direct inverse modeling method produce inaccurate result because of 

confusions over training data with multivalued solutions. The model trained using the 

proposed methodology delivers accurate solutions that match the data for the entire 

range. Average test error reduced from 13.6% down to 0.05% using proposed techniques 

over the direct inverse modeling method. 
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Figure 3.4: Non-uniqueness of input-output relationship is observed when Qeff vs. CD data 

of a forward spiral inductor model is exchanged to formulate an inverse model, (a) Unique 

relationship between input and output of a forward model, (b) Non-unique relationship of 

input-output of an inverse model obtained from forward model of (a). Training data 

containing multivalued solutions of Figure 3.4(b) are divided into groups according to 

derivative, (c) Group I data with negative derivative, (d) group II data with positive 

derivative. Within each group, the data are free of multivalued solutions, and consequently 

the input-output relationship becomes unique. 
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Figure 3.5: Comparison of inverse model using the proposed methodology and the direct 

inverse modeling method for the spiral inductor example. 

3.4.2 Example 2: Filter Design Approach and Development of Inverse Coupling Iris 

and IO Iris Models 

Neural network modeling techniques are applied to the microwave waveguide filter 

design. The filter design starts from synthesizing the coupling matrix to satisfy ideal 

filter specifications. The EM method for finding physical/geometrical parameters to 

realize the required coupling matrix is an iterative EM optimization procedure. In this 

procedure performs EM analysis (mode-matching or finite element methods) on each 

waveguide junction of the filter to get the generalized scattering matrix (GSM). From 

GSM we extract coupling coefficients. We then modify the design parameters (i.e., the 

dimensions of filter) and re-perform EM analysis iteratively until the required coupling 

coefficients are realized. In our proposed approach we avoid this iterative step and use 

neural network inverse models to directly provide the filter dimensions. 
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In the present work, the filter is decomposed into three different modules each 

representing a separate filter junction. Neural network inverse models of these junctions 

were developed separately using the proposed methodology. The three models are the 

input-output (10) iris, the internal coupling iris, and the tuning screws. Training data for 

neural networks are generated from physical parameters firstly through EM simulation 

(Mode matching method) producing GSM. Coupling values are then obtained from GSM 

through analytical equations. Figure 3.6 demonstrates the filter design approach. More 

detailed information on modeling and design procedure for filter can be found in [17]. 

Physical Parameters of Filter 

10 Iris 
Neural Network 

Model 

Internal Coupling 
Iris Neural 

Network Model 

Tuning Screw 
Neural Network 

Model 

T 
Coupling values 

Coupling Matrix 
Synthesis 

Figure 3.6: Diagram of the filter design approach using the neural network inverse models. 
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In this example, we develop two inverse neural network models for the 

waveguide filter. The first neural network inverse model of the filter structure is 

developed for the internal coupling iris. The inputs and outputs of the internal coupling 

iris forward model are 

x = [CD<D0LvLh]
T (3.22) 

y = [M2iMuPvPh]
T (3.23) 

where Co is the circular cavity diameter, a>0 is the center frequency, M23 and Mi4 are 

coupling values, Lv and Z,/, are the vertical and horizontal coupling slot lengths and Pv and 

Ph are the loading effect of the coupling iris on the two orthogonal modes, respectively. 

The inverse model is formulated as 

y=[x, *4 y* y4]
 T= Vk Lh pvphy (3.24) 

x = [x, x2 yx y2]
T= [CD 0)o M2 3 M 1 4 ] T . (3.25) 

The second inverse model of the filter is the 10 iris model. The input parameters 

of 10 iris inverse model are circular cavity diameter Co, center frequency coo, and the 

coupling value R. The output parameters of the model are the iris length Lr, the loading 

effect of the coupling iris on the two orthogonal modes Pv and Ph, and the phase loading 

on the input rectangular waveguide Pin. The 10 iris forward model is formulated as 

x = [CDcooLr]
T 

(3.26) 
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y = [RP*PkP*Y- (3-27) 

The inverse model is defined as 

y = [xiy2y3y.]T=[LrPvPhPlll]
T (3.28) 

x=[xxx2yxY=[CDG>0R]T. (3.29) 

Training data were generated in the forward way (according to forward model) 

and the data are then reorganized for training inverse model. The entire data was used to 

train the inverse internal coupling iris model. For 10 iris model four different sets of 

training data were generated according to the width of iris using mode-matching method. 

The model for each set was trained and tested separately using the direct inverse 

modeling method. For both the iris models direct training produced good accuracy in 

terms of average and L2 (least squares [2]) errors. However the worst-case errors were 

large. Therefore in the next step the data was segmented into smaller sections. Models for 

these sections were trained separately, which reduced the worst-case error. The final 

model results of the coupling iris model shows that the average error reduced from 0.24% 

to 0.17% and worst case error reduced from 14.2% to 7.2%. The average error for 10 iris 

model reduced from 1.2% to 0.4% and worst case error reduced from 54% to 18.4%. The 

errors for other sets of 10 iris model also reduced similarly. We can improve the accuracy 

further by splitting the data set into more sections and achieve accurate results as 
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required. In this example, our methodology stops with accurate inverse model at Step 4 

without derivative division of data. These models are developed using proposed 

methodology and provide better accuracy than models developed using direct method. 

3.4.3 Example 3: Inverse Tuning Screw Model 

The last neural network inverse model of the filter is developed for tuning screw model. 

This model has complicated input-output relationships requiring the full algorithm to be 

applied. Here we describe this example in detail. The model outputs are the phase shift of 

the horizontal mode across the tuning screw Ph, coupling screw length Lc, and the 

horizontal tuning screw length Z,/,. The input parameters of this model are circular cavity 

diameter Q>, center frequency 0)0, the coupling between the two orthogonal modes in one 

cavity Mu, and the difference between the phase shift of the vertical mode and that of the 

horizontal mode across the tuning screw P. The forward tuning screw model is defined as 

x = [CDcooLhLcf (3.30) 

y = [MnPPj. (3.31) 

The inverse model is formulated as 

y = [y3x3x4]
T=[PhLhLc]

T (3.32) 

* = [*, *2 K y2]
T={.CD 0)0Mn P]T. (3.33) 
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In the initial step the inverse model was trained directly using entire training data. 

The training error was high even with many hidden neurons. Therefore we proceed to 

segment the data into smaller sections. In this example we used the segmentation, which 

corresponds to 2 adjacent samples of frequency coo and 2 adjacent samples of diameter 

Co- Each segment of data was used to train a separate inverse model. Some of the 

segments produced accurate models with error less than 1% while others were still 

inaccurate. 

The segments that could not reach the desired accuracy were checked for the 

existence of multivalued solutions individually. The method to check the existence of 

multivalued solutions using (3.10), (3.11), (3.12) and (3.13) as described in Section 3.2.2 

has been implemented in the NeuroModelerPlus [127] software. We use this program to 

detect the existence of multivalued solutions in training data. For this example, 

neighborhood size a =0.01, maximum slope GM =80, and maximum slope change GR = 

80 were chosen. NeuroModelerPlus suggests that the data contain multivalued solutions. 

Therefore, we need to proceed to train a neural network forward model and apply the 

derivative division technique to divide the data. 

To compute the derivative we trained a neural network as forward tuning screw 

model. Then derivatives were computed using adjoint neural network model through 

dP 
NeuroModelerPlus. Considering /? = 0 and applying the derivative to (3.15) and 

dLh 

(3.16), we divided the data into group I and group II respectively. Two inverse sub

models were trained using group I and group II data. As in Step 8 of the methodology we 
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trained two forward sub-models using data of group I and group II. The equations for 

error criteria E\ and Ei, distance criteria U\ and Uj, and model selection can be obtained 

using (3.18), (3.20), and (3.21) respectively. 

The entire process was done using NeuroModelerPlus. The segments that failed to 

reach good accuracy before became more than 99% accurate after derivative division and 

model combining technique were applied. The process was continued until all data were 

captured. A few of the sub-models needed the accuracy enhancement techniques to select 

the right models and thus reach the desired accuracy. The result of the inverse model 

using proposed methodology is compared with direct inverse method in Table 3.1, 

showing the average, L2 and worst-case errors between model and test data. The table 

demonstrates that the proposed methodology produces significantly better result than the 

direct method. 

Figure 3.7 shows the plot of phase (P) for various horizontal screw lengths (Z,/,), 

which defines the forward model relationship. The two curves in the figure represent 

forward training data at two different frequencies. The forward relationship is unique 

which means that there are no multivalued solutions. Figures 3.8(a) and 3.8(b) show the 

outputs of two inverse models trained using direct and proposed methodology where the 

output and input are Lh and P respectively for two different frequencies. The data of the 

two plots represent the same data as that in Figure 3.7 except the input and output are 

swapped. The inverse training data in both plots of Figure 3.8(a) and 3.8(b) contain 

multivalued solutions and it is clear from the two plots that the inverse model trained 

using direct method cannot match the data whereas the inverse model using proposed 
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methodology produce the output Lh very accurately for the entire range. To demonstrate 

the variation of multivalued problem at different cavity diameter Q> we show two more 

plots in Figure 3.8(c) and 3.8(d). They correspond to two different diameters at the same 

frequency. Figure 3.8(c) contains multivalued data whereas Figure 3.8(d) does not 

contain any multivalued data. The plots also compare the outputs of the proposed method 

and direct method. From Figure 3.8(d) we can see that for single valued case, both 

methods produce acceptable result whereas in multivalued case (Figure 3.8(c)) only the 

proposed model can produce accurate result. In reality it is not known beforehand which 

region contains multivalued data and which region does not. This is why the proposed 

algorithm is useful to automatically detect the regions that contain multivalued data and 

apply the appropriate techniques in that region to improve accuracy. In this way, model 

development can be performed more systematically by computer. 

Table 3.1: Comparison of model test errors between direct and proposed methods for 

tuning screw model 

Neural network inverse 

Modeling Method 

Direct neural model 

Proposed neural model 

Model test error (%) 

Average 

3.85 

0.40 

L2 

7.51 

0.59 

Worst case 

94.25 

5.10 
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Figure 3.7: Original data showing variation of phase angle (F) with respect to horizontal 

screw length (Lh) describing unique relationship of forward tuning screw model. 

As an additional demonstration of the usefulness of derivative division we applied 

the same derivative as that described earlier in this section to the entire training data and 

divided the data into two groups (containing 28000 and 6000 samples respectively) 

according to (3.15) and (3.16). The training errors of the individual inverse sub-models 

are compared with that of the direct inverse model in Figure 3.9, which shows that 

derivative division technique reduces the training error significantly. The test errors are 

similar as training error in this example. The training epoch in the figure is defined as one 

iteration of training when all training data have been used to make an update of neural 

network weights [1]. 
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Figure 3.8: Comparison of output (Lh) of inverse tuning screw model trained using direct 

and proposed methods at two different frequencies (a) 0)o= 10.8 GHz, CD = 1.11 inch (b) 

O)0= 12.5 GHz, CD = 1.11 inch. It is evident that this inverse model has non-unique outputs. 

The proposed method produced more accurate inverse model than that of direct inverse 

method. Inverse data are plotted for two different diameters (c) 0)0= 11.85GHz, CD = 1.09 

and (d) O)o = 11.85 and CD = 0.95. Figure 3.8(c) contains multivalued data whereas 3.8(d) 

does not contain any multivalued data. This demonstrates the necessity of automatic 

algorithms to detect and handle multivalued scenarios in different regions of the modeling 

problem. 
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Figure 3.9: Training error of inverse tuning screw model following direct inverse modeling 

approach and proposed derivative division approach. The training errors of both the 

inverse sub-models are lower than that of direct inverse model. 

3.4.4 Example 4: A 4-pole Filter Design for Device Level Verification Using the 

Three Developed Inverse Models 

In this example we use the neural network inverse models that were developed in 

Examples 2 and 3 to design a 4-pole filter with 2 transmission zeros. Compared to the 

example in [17] which shows the simulation results only, the present example describes 

new progress, where the filter results are used to fabricate an actual filter and real 

measurement data are used to validate the neural network solutions. 
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The layout of a 4-pole filter is similar to that in [17]. The filter center frequency is 

11.06 GHz, bandwidth is 58 MHz and cavity diameter is chosen to be 1.17". The 

normalized ideal coupling values are 

M = 

Ri-

0 

0.86 

0 

-0.278 

= fl2=1.07 

0.86 0 

0 0.82 

0.82 0 

0 0.86 

-0.278 

0 

0.86 

0 

(3.34) 

The trained neural network inverse models developed in Examples 2 and 3 are 

used to calculate irises and tuning screw dimensions. The filter is manufactured and then 

tuned by adjusting irises and tuning screws to match the ideal response. Figure 3.10 

compares the measured and the ideal filter response. Dimensions are listed in Table 3.2. 

Very good correlation can be seen between the initial dimensions provided by the neural 

network inverse models and the measured final dimensions of the fine tuned filter. 
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Figure 3.10: Comparison of the ideal 4-pole filter response with the measured filter 

response after tuning. The dimensions of the measured filter were obtained from neural 

network inverse models. 
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Table 3.2: Comparison of dimensions of the 4-pole filter obtained by the neural network 

inverse model and measurement 

Filter design variables 

10 irises 

M23 iris 

M14 iris 

Mi 1/M44 tuning screws 

M22/M33 tuning screws 

M12/M34 coupling screws 

Cavity length 

Neural model 

(inch) 

0.405 

0.299 

0.212 

0.045 

0.133 

0.111 

1.865 

Measurement 

(inch) 

0.405 

0.297 

0.216 

0.005 

0.135 

0.115 

1.864 

Difference 

(inch) 

0 

-0.002 

0.004 

-0.040 

0.002 

0.004 

-0.001 

3.4.5 Example 5: A 6-pole Filter Design for Device Level Verification of Proposed 

Methods 

In this example, we design a 6-pole waveguide filter using the proposed methodology. 

The specification of this 6-pole filter is different from that of Example 4. The filter center 

frequency is 12.155 GHz, bandwidth is 64 MHz and cavity diameter is chosen to be 

1.072". This filter is higher in order and more complex in nature than that of Example 4. 

This filter uses an additional iris named slot iris. For this reason in addition to the neural 
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models of Examples 2, and 3, we developed another inverse model for slot iris. The 

inputs of the slot iris model are cavity diameter Co, center frequency coo and coupling M 

and the outputs are iris length L, vertical phase Pv and horizontal phase Ph. This model 

and the other three neural network inverse models developed in Examples 2 and 3 were 

used to design a filter. This filter is fabricated and measured for device level verification. 

The normalized ideal coupling values are 

R\=R2 = \Sni 

0 
0.855 

0 

-0.16 

0 

0 

0.855 
0 

0.719 

0 

0 

0 

0 
0.719 

0 

0.558 

0 

0 

-0.16 
0 

0.558 

0 

0.614 

0 

0 
0 

0 

0.614 

0 

0.87 

0 
0 

0 

0 

0.87 

0 

After obtaining the filter dimensions from the inverse neural network models we 

manufactured the filter and tuned it by adjusting irises and tuning screws to match the 

ideal response. The picture of the fabricated filter is shown in Figure 3.11. Figure 3.12 

presents the response of the tuned filter and compares with the ideal one showing a 

perfect match between each other. The dimensions of the tuned filter are measured and 

compared with the dimensions obtained from the neural network inverse models in Table 

3.3, along with EM design results. From Table 3.3 we see that the neural network 

dimensions match the measurement dimensions very well. The quality of the solutions 

from the inverse neural networks is similar to that from the EM design, both being 



82 

excellent starting points for final tuning of the filter. The biggest error of screw 

dimensions, common for both the inverse neural network solution and the EM design, is 

observed in cavity 2, which is caused by the manufacturing error. The cavity length was 

manufactured short by 0.003" and that error affected the screw dimensions. In other 

words this error was compensated by tuning. 

Figure 3.11: Picture of the 6-pole waveguide filter designed and fabricated using the 

proposed neural network method. 
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Figure 3.12: Comparison of the 6-pole filter response with ideal filter response. The filter 

was designed, fabricated, tuned and then measured to obtain the dimensions. 
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Table 3.3: Comparison of dimensions obtained by the EM model, the neural network 

inverse models and the measurement of the tuned 6-pole filter 

Filter Dimensions 

IO irises 

M23 iris 

M14 iris 

M45 iris 

Cavity 1 length 

Tuning screw 

Coupling screw 

Cavity 2 length 

Tuning screw 

Coupling screw 

Cavity 3 length 

Tuning screw 

Coupling screw 

EM model 

(inch) 

0.352 

0.273 

0.167 

0.261 

1.690 

0.079 

0.097 

1.709 

0.055 

0.083 

1.692 

0.067 

0.098 

Neural model 

(inch) 

0.351 

0.274 

0.170 

0.261 

1.691 

0.076 

0.097 

1.709 

0.045 

0.082 

1.692 

0.076 

0.097 

Measurement 

(inch) 

0.358 

0.277 

0.187 

0.262 

1.690 

0.085 

0.104 

1.706 

0.109 

0.085 

1.692 

0.078 

0.120 
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The advantage of using the trained neural network inverse models is also realized 

in terms of time compared to EM models. An EM simulator can be used for synthesis, 

which requires typically 10 to 15 iterations to generate inverse model dimensions. 

Comparisons of time to obtain the dimensions using the EM and the trained neural 

network models are listed in Table 3.4. It shows that the time required by the neural 

network inverse models are negligible compared to EM models. 

Table 3.4: Comparison of time to obtain the dimensions by neural network inverse models 

and EM models 

Filter design approach 

EM 

Neural network 

Model evaluation time (s) 

10 iris 

15 

0.14E-3 

Coupling iris 

120 

0.1 E-3 

Tuning screw 

240 

1.3E-3 

3.5 Additional Discussion on Examples 

In this Chapter, the three-layer multilayer perceptron neural network structure was used 

for each neural network model and quasi-Newton training algorithm was used to train the 

neural network models. Testing data are used after training the model to verify the 

generalization ability of these models. Automatic model generation algorithm of 

NeuroModelerPlus [127] was used to develop these models, which automatically train 

the model until model training, and testing accuracy is satisfied. The training error and 
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test errors are generally similar because sufficient training data was used in the examples. 

The coupling value in this work is formulated as coupling bandwidth since they 

are the product of normalized coupling values and bandwidth. In this way bandwidth is 

no longer needed as a model input, help reducing training data and increasing model 

accuracy. 

The tuning time is approximately the same for both the EM and the neural 

network design. Even though the EM method gives the best solution of a filter, physical 

machining process cannot guarantee 100% accurate dimension. Therefore after 

manufacturing the filter tuning is required. The amount of time spent on tuning also 

depends on how accurate the dimensions are. If the dimensions are far different from 

their perfect values, then tuning time will increase. The neural network method provides 

approximately the same dimension as the EM method. They both provide excellent 

starting points for tuning. As a result the tuning time is relatively short and is the same for 

both the EM and neural network methods. Consequently the tuning time does not alter 

the comparison between the EM and neural network method. 

The training time for the direct inverse tuning screw model is approximately 6 

minutes. In the proposed algorithm if we perform segmentation it will add 28.5 seconds, 

and if multivalued solutions are detected in a segment, it adds another 7.5 seconds for a 

forward model for a small segment containing 200 samples. The training time for the 

complete inverse tuning screw model using the proposed methodology is approximately 

5.5 hours. For coupling iris the direct inverse model containing 37000 samples takes 26 

minutes to train. The proposed method divides the model into 4 smaller segments, each 
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containing approximately 9000 samples, and takes 10 additional minutes per segment. 

The time to train a direct 10 iris inverse model containing 125000 data requires 2.5 hours. 

The training time using proposed methodology is 6 hours including the time for training 

segmented models. The training time for these models were obtained using 

NeuroModelerPlus parallel-automated model generation algorithm [127] on an Intel 

Quad core processor at 2.4GHz. The training time for proposed inverse models is longer 

than that of the direct inverse models. However, once the models are trained, the 

proposed model is very fast for the designer, providing solutions nearly instantly. 

The technique is useful for highly repeated design tasks such as designing filters 

of different orders and different specifications. The technique is not suitable if the inverse 

model is for purpose of only one or a few particular designs, because the model training 

time will make the technique cost-ineffective. Therefore the technique should be applied 

to inverse tasks, which will be re-used frequently. In such case the benefit of using the 

models far out-weight the cost of training because of four reasons: (a) Training is a one

time investment, and the benefit of the model increases when the model is used over and 

over again. For example, the two different filters in the Examples use the same set of iris 

and tuning screw models, (b) Conventional EM-design is part of the design cycle while 

neural network training is outside design cycle, (c) Circuit design requires much human 

involvement, while neural network training is a machine-based computational task, (d) 

Neural network training can be done by a model developer and the trained model can be 

used by multiple designers. The neural network approach cuts expensive design time by 

shifting much burden to off-line computer-based neural network training [2]. An even 
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more significant benefit of the proposed technique is the new feasibility of interactive 

design and what-if analysis using the instant solutions of inverse neural networks, 

substantially enhancing design flexibility and efficiency. The use of inverse models to 

find the design variables is also advantageous over optimization using a fast neural 

network forward model. Because, optimization may suffer from convergence problems in 

a complex design optimization task. Also, it still requires many evaluations of the 

forward model. 

3.6 Summary 

In this Chapter, two major contributions of the thesis have been presented. Efficient 

neural network modeling techniques have been presented and applied to microwave filter 

modeling and design. The inverse modeling technique has been formulated and non-

uniqueness of input-output relationship has been addressed. Methods to identify 

multivalued solutions and divide training data have been proposed for training inverse 

models. Data of inverse model have been divided based on derivatives of forward model 

and then been used separately to train more accurate inverse sub-models. A method to 

correctly combine the inverse sub-models has been presented. The inverse models 

developed using the proposed techniques have become more accurate than that using the 

direct method. A design approach using the inverse models has been proposed. The 

proposed methodology has been applied to waveguide filter modeling and design. Very 

good correlation has been found between neural network predicted dimensions and that 

of perfectly tuned filters. This modeling approach has been proven useful for fast 

solution to inverse problems in microwave design. 
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Chapter 4: High Dimensional Neural Network Techniques 
and Application to Microwave Filter Modeling 

In this Chapter, another major contribution of the thesis is presented. We propose an 

effective method for developing high dimensional neural network model for microwave 

filters. This novel method is suitable for developing neural network models for 

microwave structures that have many design variables. A structure decomposition 

approach is proposed to divide the high dimensional problem into several low 

dimensional subproblems. Formulation of the submodels is proposed in such a way that 

the neural network models can be trained to learn geometrical parameter to equivalent 

circuit parameter or S-parameter depending on the complexity of the behaviour of the 

structure. Neural network submodels for the substructures are then developed 

conveniently. A method is then proposed to combine the submodels with equivalent 

circuit model which produces an approximate solution of the overall microwave 

structure. An additional neural network is formulated to map the approximate solution to 

the accurate solution. The overall high dimensional model is obtained by combining the 

neural network submodels, equivalent circuit model, and neural network mapping model. 

An algorithm to develop the high dimensional modeling efficiently is proposed. The 

proposed modeling approach is validated through high dimensional filter modeling 
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example which shows that the proposed modeling approach is advantageous of producing 

high dimensional model otherwise impractical to obtain using conventional neural 

network approach. 

4.1 Introduction 

Due to the increased complexity and variety of microwave structures, the number of 

design variables per structure is on the rise. In order to develop an accurate neural 

network model that can represent EM behavior of filters over a range of values of 

geometrical variables, we need to provide EM data at sufficiently sampled points in the 

space of geometrical variables [1], [2]. The amount of data required increases very fast 

with the number of input variables of the model. For this reason, developing a neural 

network model that has many input variables becomes challenging as data generation 

becomes too expensive. Therefore, we need an effective method to develop accurate 

neural network high dimensional models without requiring massive data. 

Various advanced neural network structures have been investigated for 

microwave modeling such as knowledge-based neural network [13], [14] for simplifying 

input-output relationship. It reduces the cost of neural network training for highly 

nonlinear input-output modeling problems. However, it does not have the mechanism to 

address the challenge of high dimensional modeling problems directly. Modular neural 

network is an interesting technique which has the potential to address high dimensional 

modeling problem because of neural network decomposition. It has been investigated 

within artificial neural network community for applications such as face detection [128], 
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[129], voice recognition [130], pattern recognition [131], [132], directional relay 

algorithm for power transmission line [133], problem simplification [134], etc. This 

technique decomposes a complex neural network into several simple sub-neural network 

modules. The modular neural network technique has been used to improve the learning 

capability of neural networks. However, the existing modular neural network method is 

not directly suitable for high dimensional neural network modeling of microwave filters, 

because it has not been formulated to accommodate the knowledge of microwave filter 

formulas. Another problem with the existing neural network decomposition is the 

absence of connections between neural network decomposition and microwave filter 

decomposition. 

Recently, microwave filter has been modeled and designed using neural network 

techniques [17]. The main objective of [17] is to produce neural network inverse model 

of filter components so that we can avoid repetitive EM model evaluation for fast design. 

Neural network inverse submodels produce approximate values of the filter dimensions 

from a given coupling matrix, which is used as a starting point of the filter design. In this 

Chapter, we propose a new method to obtain a complete model as accurate as EM model 

for an entire filter with many input variables. We propose a new formulation to integrate 

neural network decomposition with filter structure decomposition and then incorporate 

circuit knowledge to obtain a complete filter model. We start with decomposing an 

overall filter structure into substructures, which reduces the number of input variables per 

submodel. As a result, data generation for the submodels becomes inexpensive. This 

allows us to develop neural network submodels conveniently. The developed neural 
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network submodels are then incorporated with empirical/equivalent circuit model to 

obtain the response of the overall filter. However, decomposition causes the submodels to 

lose exact details of the overall filter and when combined with empirical/equivalent 

circuit model, they only produce an approximate solution of the overall filter. For this 

reason, an additional neural network model is trained to map the approximate solution to 

the accurate EM solution. 

Data generation of an overall filter is expensive. Conventional neural network 

method requires many samples of an overall filter during training to achieve good 

accuracy, whereas the proposed method requires only a few samples of the overall filter 

to achieve the same. For this reason, the proposed method becomes significantly less 

expensive than the conventional method. The new method is used to develop complex 

filter models that hold many input variables. Results show that using the proposed 

method, we can develop accurate high dimensional neural network models in inexpensive 

way. The evaluation time of the proposed neural network model is faster than that of the 

EM model. This makes the proposed method effective and useful for design optimization 

where many geometrical design variables need to be changed and EM behavior need to 

be evaluated repetitively. 

4.2 Proposed High Dimensional Modeling Approach 

4.2.1 Problem Statement 

The main objective is to obtain fast parametric models for filters that hold many design 
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variables which are mainly geometrical parameters. Let us assumex = [x, x2 x3 ... x„] to 

be an «-vector containing all the input variables of a model, e.g., iris length, cavity 

length, bandwidth etc. for a filter. Let >> = [}>i y2 y^ • • • y„] be an m-vector containing 

output parameters such as S-parameter of the filter. A conventional neural network model 

for the problem is defined as 

y = f(x,w) (4.1) 

where / defines the input-output relationship and w is a neural network internal weight 

vector. In this approach, we use a multilayer-perceptron or a radial-basis-function neural 

network [2] to represent the entire function of (4.1), with JC represented by input neurons, 

and y represented by output neurons. This conventional approach is suitable for 

developing simple filter models where the number of input variables is small. On the 

other hand, when a filter model has many input variables, massive amount of data are 

required for neural network model training to achieve good accuracy. This massive data 

generation and model training become too expensive and impractical. To overcome this 

limitation, we propose to use the decomposition approach to simplify the high 

dimensional problem into a set of small subproblems. Let/i to fN represent Nsub simple 

subfunctions which define the input-output relationships of a set of simple functions 

representing various partial information of/(.) of (4.1). Each of the subfunctions is 

defined by small number of input variables and the input-output relationship becomes 
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simpler than the overall high dimensional function. In this way, cost of data generation 

and model development is reduced. However, the definition of partial information or the 

formulation of neural network submodels will not be effective unless we combine filter 

decomposition concept with neural network decomposition. Furthermore, the question of 

how to recombine the submodels to form the final overall filter model and recover the 

missing information between subproblems must be answered for the neural network 

decomposition. 

4.2.2 Neural Network Submodels 

We formulate neural network decomposition together with filter decomposition. A filter 

with many design variables is decomposed into several substructures each representing a 

specific part of the filter. Neural network submodels are then developed to represent each 

substructure. Let us assume that a filter is decomposed into Nsub types of substructures. 

Let x. be a vector containing the design variables of the zth substructure and z. be a 

vector containing the output parameters of the ith substructure. As an example, the input 

vector x. contains geometrical parameters such as length and width of an iris and the 

output vector z. contains electrical parameters such as coupling coefficients of the iris. A 

neural network submodel for the substructure is defined as 

z^Mx^) (4.2) 

where / defines the geometrical to electrical relationship of the zth submodel, wt is a 
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vector containing neural network weight parameters for the ith submodel, and / = 

1,2,3,.. .JVsub. The vector jc. is a subset of the overall input vectors and is expressed as 

xj czx 

* , = £ * (4.3) 

where Qt is a selection matrix containing Is and Os in order to pick corresponding inputs 

of submodel i from the overall input vector JC. 

In order to formulate meaningful submodels for filter applications, we need to 

combine filter decomposition concepts with the submodel of (4.2) and (4.3). In 

microwave waveguide filters, the electrical couplings between various sections of the 

filter is dominantly determined by the physical/geometrical parameters of the 

corresponding parts of the filter structure, and slightly affected by geometrical parameters 

of other sections [17], [135]. Based on this concept, we use the (?, matrix to select the 

geometrical parameters of the relevant part of the filter ignoring other parts, and use z, to 

represent the electrical coupling between the selected parts of the filter. 

Data for each submodel is generated using an EM simulator and neural network 

submodels are then trained. Let us assume Nf to be the number of training samples 

required to develop neural network submodel i. The submodel is developed by 

optimizing internal weight vector w,- to minimize the error between outputs and training 

data. The training error of submodel / is expressed as 
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£;=|j|(/(^H/f)f (4.4) 

where vector i* is the &th sample of the training data for input neurons of the z'th 

submodel which contains the values of geometrical parameters of the ith substructure, and 

vector df is the kth sample of the training data for output neurons which contains the EM 

solution of the ith substructure. Data generation for submodels becomes less expensive 

than that for the overall filter model. Because, the submodels contain fewer input 

variables than the overall filter model and the input-output relationships of the submodels 

become simpler than that of the overall filter model. 

4.2.3 Integration of Neural Network Submodels with Empirical/Equivalent Circuit 

Model 

The neural network submodels should be recombined to form the overall filter model. 

Here, we formulate an approach where a filter empirical/equivalent circuit model is used 

to obtain the solution of the overall filter by using the outputs from the neural network 

submodels. Some of the neural network submodels may be used multiple times as the 

same junction may appear several times in the overall model. For example, in a four pole 

H-plane filter there are three internal irises. We can develop one model of internal iris 

and use it three times. Because, the iris submodel is trained with a range of values of 

length, different iris submodels can be represented with the same neural network iris 

submodel with different values of xi. Multiple uses of submodels become a big advantage 
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of the proposed method. In this way, we can obtain all the submodels needed for an 

overall filter model by training only a few neural network submodels. Let N0 be the 

number of neural network submodels needed to form the overall filter model. The 

equivalent circuit model is expressed in terms of the outputs of the neural network 

submodels as 

ya=fq(^Z2,:.,zNo) (4.5) 

where y" is a vector containing approximate values of the outputs of the overall filter, fq 

represents the empirical/equivalent circuit function, and z\ to zN are electrical parameters 

obtained from N0 submodels. 

The type of operation in (4.5) is simple and insignificant in terms of 

computational cost. Thus, an approximate solution of the overall filter is obtained by 

combining neural network submodels and empirical/equivalent circuit model. 

4.2.4 Neural Network Mapping Model for Accuracy Improvement 

The outputs from the neural network submodels provide values of the electrical 

parameters (e.g., coupling matrix for a filter), which are approximate since effects of high 

order modes are lost due to decomposition of the overall filter. Thus, the solution 

obtained from the empirical/equivalent circuit model is also approximate. Here, we 

propose an additional neural network model, called neural network mapping model, to 

map the approximate solution to the accurate EM solution of the overall filter. Samples of 

the overall filter are generated to obtain the training data for the mapping model. Based 
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on the concept of prior-knowledge input [14], we formulate the inputs of the mapping 

model using the approximate solution ya, and the input variables of the overall filter, x. 

The outputs are the accurate solution of the overall filter y that corresponds to JC. Thus, 

the neural network mapping model is defined as 

y = fM(x>ya>wM) (4-6) 

where /M defines the input-output relationship of the mapping model and wM is a vector 

containing neural network internal weight parameters. Let us assume that we needA^ 

samples of the overall filter to train the mapping model accurately. The neural network 

mapping model is developed by minimizing the error between EM data and neural 

network output by optimizing neural network internal weight parameters. The training 

error of the mapping model is expressed as 

N | 

(4.7) 

where Dk is the kth sample of training data for output neurons and which is the EM 

solution of the overall filter. 

The mapping function in (4.6) becomes simple since it is defined with an 

approximate solution. For this reason, the neural network mapping model can be 

developed accurately with a few samples of the overall filter. In this way, the number of 

expensive EM simulation of the overall filter is reduced. As a result, data generation and 
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model training in the proposed method become feasible. The mapping model can be a 

single model or a set of models each representing an individual output parameter of the 

overall model. 

4.2.5 Overall Modeling Structure 

An accurate high dimensional model representing the overall filter is constructed by 

combining the neural network submodels, circuit model and neural network mapping 

model. The diagram of the overall high dimensional modeling structure is presented in 

Figure 4.1. 

The neural network mapping model as defined in (4.6) can be expressed in terms 

of equivalent circuit model of (4.5) as 

y = /M (x,fq{zx,Z2,-,zNo),wM). (4.8) 

We can further express (4.8) in terms of neural network submodels defined in (4.2) as 

y = fu [X, / , { / , (*1 >W1 )>f2 (*2 .">2 ),-JNo {XK ,WNo )},H>„ J. (4.9) 

Substituting the relationship of (4.3) in (4.9) yields 

y = fu ( * / , { / , ( a ^ W i K ^ , ^ ) , - . / ^ {QN0X,WNO)},WM^ , (4.10) 
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Figure 4.1: Diagram of the proposed high dimensional modeling structure. 

which is equivalent to 

y = fM{x>Wo) (4.11) 

where w0 is a vector containing neural network internal weight parameters of the high 
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dimensional neural network model. In (4.10), the vectors w\ to wN contain weight 

parameters of neural network submodels and vector % contains weight parameters of 

neural network mapping model. These vectors are optimized during neural network 

training of submodels and mapping model. The vector % is optimized after the 

optimization of the vectors w\ to wN . When the overall high dimensional model is 

constructed combining the trained neural network submodels and mapping model, the 

vectors w\ to wN and % all together become equivalent to the vector w0 of (4.11). 

The relationship of (4.11) is equivalent to that of (4.1) except (4.11) is a 

combination of several simple submodels each with few input variables, whereas (4.1) is 

a single complicated model with many input variables. The vector w of (4.1) is equivalent 

to the vector w0 of (4.11). The difference is that the vector w0 is optimized step by step 

through neural network submodels and mapping model training. Thus, in the proposed 

method, combination of several low dimensional submodels, circuit model, and neural 

network mapping model produce the overall high dimensional model. 

In the proposed method, a few expensive data of the overall filter are needed for 

the neural network mapping model as explained before. On the other hand, in the 

conventional method, many expensive data are required to achieve reasonable accuracy 

because of two reasons: i) the model is a single function of many input variables as 

defined in (4.1), and ii) the relationship of (4.1), which relates geometrical to circuit 

parameters directly, is complicated. 

Let t0 represent data generation time per sample of an overall filter. Let 
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Nc represent the number of samples of data of the overall filter required for the neural 

network model in the conventional approach. The cost of data generation in the 

conventional method is expressed as 

Tc=t0xNc. (4.12) 

Let tj represent data generation time per sample for submodel i, i = 1,2,3,...,Nsub. As 

defined before, we assume N. and NM represent the number of samples of data required 

to develop neural network submodel / and mapping model, respectively. The cost of data 

generation in the proposed method is expressed as 

Tp=t0xNM+htixN;) (4.13) 

where i = 1,2,..., Nsub and Nsub is the number of types of substructures decomposed from 

an overall structure as defined before in Section 4.2.2. Data generation time per sample of 

the overall filter is much more expensive than that of a submodel, i.e., t0 ~> ti. Also as 

explained before, the mapping function becomes simple since it is defined with an 

approximate solution. Thus, the proposed method requires much less data of the overall 

filter, i.e., NM <s: Nc. For these reasons, the data generation cost of the proposed method 

(Tp) becomes less than that of the conventional method [Tc), i.e., 
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Tp<z.Tc. (4.14) 

Training time increases with the number of model input variables, number of 

hidden neurons and number of training data. The number of input variables for 

submodels is low. The input-output function is also simple which translates into low 

number of hidden neurons. For these reasons, training time for submodel becomes short. 

The mapping function is simple as explained before and since NM «c Nc, the training 

time of the mapping model is also short. As a result, the total model training time of the 

proposed method becomes much less than that of the conventional method, i.e., 

Yp <^TC (4.15) 

where Tp and Tc represent model training time of the proposed and the conventional 

method. Combining (4.14) and (4.15) yields 

TP+YP«TC+TC. (4.16) 

This describes that the total time for data generation and model training of the proposed 

method is much less than those of the conventional method. 
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4.3 Algorithm for Proposed High Dimensional Model Development 

We describe an overall high dimensional modeling algorithm. The flow diagram of the 

algorithm is presented in Figure 4.2. 

The steps are described as follows: 

Step 1. Identify the parts of an overall filter that can be used as substructures. For a 

waveguide filter, discontinuities can be decomposed into substructures. 

Decompose the overall filter into substructures. 

Step 2. Generate training data of the decomposed substructures using EM simulations. 

Standard sampling approach can be employed for this purpose. 

Step 3. Train and test neural network submodels for all the decomposed substructures. 

Step 4. If the submodels are accurate, go to the next Step. Else, generate some more 

data of the substructures by sampling intermediate points using EM 

simulation, add those to the existing data, and go to the Step 3. 

Step 5. Generate a few data of the overall filter using EM simulation. Sweep the input 

variables (x) and obtain corresponding output solutions (y) of the overall filter. 

Step 6. Combine neural network submodels and empirical/equivalent circuit model. 

Step 7. Supply the samples of the input variables (x) to the combined neural network 

submodels and empirical/equivalent circuit model to obtain samples of 

approximate solution ( y") of the overall filter. 

Step 8. Using the concept of prior knowledge input [14], assemble training data for 

the mapping model. Use the samples of JC and y" of Step 7 as the data for the 

input neurons. Use the samples of y that corresponds to the samples of x as the 
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data for the output neurons. Train neural network mapping model using some 

of the assembled data. Test the mapping model with the rest of the data. If 

accuracy is satisfied, go to the next Step. Else, generate a few more data of the 

overall filter, add those to the existing data of the overall filter and go to Step 

7. 

Step 9. Combine neural network submodels, empirical/equivalent circuit model, and 

neural network mapping model as described in Section 4.2.5 to obtain the 

overall model of the filter. 
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Figure 4.2: Flow diagram of the proposed high dimensional neural network modeling 

approach. 
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4.4 Modeling Examples 

4.4.1 Illustration of the Proposed Modeling Techniques for an H-Plane Filter 

We illustrate the proposed modeling method through a 4-pole H-plane filter model 

development. The diagram of the filter is shown in Figure 4.3. The filter model has eight 

variables as inputs which include five geometrical variables: iris widths W\, W2, and W^, 

cavity lengths Lfi and Lb2, and three electrical variables: bandwidth B, center frequency 

O)0, and frequency a>. The filter outputs are S-parameters Su and Sn- Thus, the input and 

output vector of the filter model is 

x = [WlW2W3LblLb2Ba>0a>Y (4.17) 

y = [Su SnJ (4.18) 

We first decompose the waveguide filter into two types (Nsub = 2) of 

substructures: input-output iris and internal coupling iris. We will develop two neural 

network submodels of the two substructures in the next Step. Each submodel contains 

two input variables: width of iris Wand center frequency (00. We use coupling and phase 

length as the output parameters of the submodels [17]. Thus, the input and output vectors 

of the submodels are 

zt =[Mf Pff (4.20) 
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where i = {1, 2}, Mfand ^"represent approximate values of coupling parameter and 

phase length of the ith submodel. Notice that the number of input variables of each 

submodel as expressed in (4.19) is less than that of the overall model as expressed in 

(4.17). 

Figure 4.3: Diagram of a 4-pole H-plane filter. The filter model holds eight input variables 

including five geometrical dimensions, bandwidth, center frequency, and sweeping 

frequency. 

In this Step, we develop two neural network submodels for the two types of irises. 

We generate training data by simulating the substructures using EM simulator based on 

mode-matching method. The S-parameters are then used to calculate the coupling values 

and phase lengths following the same steps and equations presented in [17]. We generate 
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35751 samples which cover a large range of iris width and center frequency for each 

submodel. Data generation time per sample for each of the submodels is 0.6 s which is 

inexpensive as the input-output relationships are simple and the submodels hold only two 

input variables each. Training time for each submodel is less than 1 minute. The average 

errors of the submodels are less than 1%. Automatic model generation module of 

NeuroModelerPlus [127] is used to develop the two neural network submodels. 

Following the Step 5 of the modeling algorithm in Section 4.3, we generate data 

of the overall filter using EM simulator. EM data are generated simulating 46 different 

filters. In the next Step, we combine the neural network submodels and filter equivalent 

circuit model as shown in Figure 4.4 to obtain the approximate S-parameter of the filter. 

Note that the input-output iris model is used twice and the internal coupling iris model is 

used three times to represent the overall 4-pole filter, i.e., N0 = 5. In other words, 5 

submodels required in the filter are obtained by training only 2 submodels. The neural 

network submodels produce approximate coupling matrix and subsequently, circuit 

model generates approximate S-parameters of the 4-pole filter using the following 

equation [135]: 

S"n=\ + 2jR;[Xl-jR°+M"\\ 

Sa
n=-2j4Rm[M-jR"+M°] 

- i 

(4.21) 

in which X = -£• 
y0)o CO j 

, g is the filter order and g = 4 in this case, / is a gxg identity 

matrix, Af is the gxg approximate coupling matrix, R° is a gxg matrix with all entries 
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zero except [j?a] =R" and [i?a] =R^, R" and i^are approximate values of the 

filter's input and output coupling parameters, respectively. 

In Step 7, we supply the geometrical values of 46 filters used in Step 5 to the 

combined neural network submodels and filter empirical/equivalent model and obtain 

approximate S-parameter by sweeping frequency from 10.95 GHz to 13.05 GHz with 1 

MHz step. The center frequency is held constant at 12 GHz and bandwidth is swept from 

50 MHz to 500 MHz with 10 MHz step. The model outputs at this stage are 

J" =[>,", S?2]
T (4.22) 

where the superscript "a" denotes that the values are approximate. 

As described in Step 8 of the modeling algorithm in Section 4.3, we assemble 

training data for the input neurons of the mapping model using the input samples JC of 

Step 5 and approximate output samples, ya obtained in Step 7 of the 46 filters. The 

training data for the output neurons are the accurate S-parameter of the 46 filters 

generated using EM simulation in Step 5. These data are then used to train and test neural 

network mapping model, which maps the approximate S-parameter to the accurate S-

parameter. Four different sets of training and testing data as shown in Table 4.1 are used 

to develop four mapping models. In Set 1, we use data of 23 filters for training and data 

of 23 other filters for testing. Training samples are reduced and testing samples are 

increased in the subsequent sets. The training error of the mapping models are less than 
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0.5%. 

After the mapping model is trained, we construct the complete model of a 4-pole 

filter using neural network submodels, circuit model and mapping model in 

NeuroModelerPlus as shown in Figure 4.4. The model is then used for testing purpose. 

For comparison, we develop four neural network models following conventional method 

and using the same four sets of data used in the proposed method. In conventional 

method neural network model is trained to learn the complicated relationship between 

geometrical variables and S-parameter directly. The result is summarized in Table 4.1, 

which shows that the proposed method produces more accurate result than the 

conventional method. The amount of data is not enough to produce the eight dimensional 

parametric model of H-plane filter in the conventional method. On the other hand, the 

proposed method converts the overall function into a set of simple subfunctions and thus 

is able to produce the accurate model with those limited training data. 
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Figure 4.4: High dimensional modeling structure for the 4-Pole H-plane filter. Two neural 

network submodels: input-output iris model (IO iris) and coupling iris model (Co iris) are 

developed decomposing the filter. Five submodels required by the overall filter as shown in 

this figure are obtained by training only 2 neural network submodels. Equivalent circuit 

model of a filter are used to obtain the approximate S-parameter. A neural network 

mapping model is then used to obtain the accurate S-parameter of the 4-pole H-plane filter. 
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Table 4.1: Comparison of test errors of 4-poIe H-plane filter models developed using 

conventional and proposed high dimensional modeling approach 

Data Set 

no. 

1 

2 

3 

4 

No. of filter 

geometries used 

Train 

23 

13 

6 

3 

Test 

23 

33 

40 

43 

Modeling method 

Conventional 

Proposed 

Conventional 

Proposed 

Conventional 

Proposed 

Conventional 

Proposed 

Model testing error 

(%) 

Least square 

error 

2.60 

0.48 

2.26 

0.55 

2.40 

2.10 

25 

18 

Worst case 

error 

41 

8.6 

45 

9.2 

45 

25 

212 

55 

In Figure 4.5, we compare approximate S-parameter of an H-plane filter with its 

accurate S-parameter. The approximate solution obtained from the neural network 

submodels and empirical/equivalent circuit model combined is fairly close to the accurate 

EM solution. For this reason, the input-output relationship of the mapping model 

becomes simpler than the original modeling relationship between geometrical variables 

and S-parameters. Figure 4.6 shows 4-pole filter responses from conventional neural 

network model, proposed model and EM simulation of two different geometrical 

configurations. In both cases the proposed method produces more accurate result than 

conventional method. 
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Figure 4.5: Comparison of approximate solution with EM- solution of a 4-pole H-plane 

filter. The approximate solution is obtained without using the mapping model of the 

proposed method. The similarity between the solutions confirms that a simple mapping 

using a few training data of overall filter can map the ya to accurate EM solution. Filter 

geometry: Lbl = 0.54", Lb2 = 0.60", Wx = 0.37", W2 = 0.23", W3 = 0.21", and O)0 = 12GHz. 
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Figure 4.6: Comparison of S-parameter of conventional neural network and proposed 

model of a 4-pole H-plane filter, (a) Filter geometry 1: Lbl = 0.52", Lb2 = 0.58", Wx = 0.38", 

W2 = 0.25", Wj, = 0.22", Q)o = 11.8 GHz, (b) Filter geometry 2: Lbl = 0.54", Lb2 = 0.60", Wx = 

0.37", W2 = 0.23", W3 = 0.21", G)0= 12GHz. Output of the conventional model is not 

accurate, because the amount of data used for training is not enough for the conventional 

method. However, the same data is enough for the proposed method. 
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4.4.2 Development of a Side-Coupled Circular Waveguide Dual-Mode Filter Model 

with the Proposed High Dimensional Modeling Technique 

We apply the proposed high dimensional modeling method to develop a neural network 

model of a complex filter known as side-coupled circular waveguide dual-mode filter 

[136], [137]. Figure 4.7 shows a physical diagram of the filter. Unlike the conventional 

longitudinal end-coupled configuration, the filter input-output coupling and coupling 

between the circular cavities are realized at the sides of the circular cavities. This type of 

filter offers significant performance improvement and finds its application in the satellite 

multiplexers with extremely stringent mass, size, and thermal requirements. However, the 

design and simulation becomes more difficult due to the structural complexity [137]. 

Figure 4.7: Diagram of a side-coupled circular waveguide dual-mode filter. 
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The filter contains 15 design variables including 12 geometrical parameters, 

bandwidth, center frequency, and frequency. By using conventional neural network 

approach to represent this 15-dimensional problem, i.e., 15 input neurons, data generation 

and neural network training would be prohibitive. Here we apply the proposed neural 

network decomposition method to simplify the high-dimensional modeling problem into 

a set of low-dimensional modeling problems. As will be shown in the following, for such 

complex filters, responses based on submodels alone are not satisfactory. Instead of direct 

mapping of S-parameters of EM simulator and the neural network model, circuit model 

based on coupling matrix is adopted as the modeling objective. In doing so, the difficulty 

in the alignment or mapping of full EM and neural network model responses is 

significantly reduced, enabling the accurate modeling of complex filters with minimum 

number of full EM simulations. Once the accurate coupling matrix is achieved, a circuit 

simulator can be used to obtain the accurate S-parameter for any frequency range. 

Thus, the input and output vectors of the model are 

x = [Lrl Lr2 Lnbl L22bl Ll2bl L2J Ly4 L,162 L22b2 Lnb2 Lbl Lb2 B coo 03\ (4.23) 

and 

y = [R{ R2 Mu M22 M33 M^ Mn M23 M34 MUJ, (4.24) 

respectively. In (4.23), Lr\ and Lr2 represent lengths of input iris and output iris, 

respectively, Lubi, L?ib\, and Lnb\ represent lengths of three screws of cavity 1, LUb2, 
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Liibi, and Lubi represent three screws of cavity 2, Z23 represents length of the sequential 

coupling iris, Lu represents length of cross coupling iris, L\,\ and Lyi represent lengths of 

cavity 1 and cavity 2, respectively, B represents bandwidth, coo represents center 

frequency, and CO represents frequency. In (4.24), R\ and R2 represent input and output 

coupling bandwidth, Mn to M44 are self coupling bandwidths, and Mn, M23, M34, and Mi4 

represent sequential and cross-coupling bandwidths. 

In the first step, we decompose the filter into three types of substructures (Nsub -

3), named as input-output iris, internal coupling iris, and coupling and tuning screw [17], 

for which three neural network submodels will be developed. The inputs of the input-

output iris model are iris length Lr and coo. The outputs are coupling bandwidth R and 

phase Pv representing loading effect of internal coupling iris. The inputs of the internal 

coupling iris model are lengths of the sequential coupling iris £23, cross coupling iris Z14, 

and (00, and outputs are sequential coupling M23, cross coupling Mu, and phases Ph and 

Pv. Phases Ph and Pv are the loading effect of the internal coupling irises on the two 

orthogonal modes, respectively. The inputs of coupling and tuning screw model are screw 

lengths L\\,L,22, and Ln andwo. The outputs are coupling bandwidth My for / ^j, Pv, and 

Ph. Note that the number of input variables of each substructure is much less than that of 

the overall filter. 

Next, we combine neural network decomposition with the side-coupled filter 

decomposition scheme. Following the Step 2 of the modeling algorithm, we generate 

training data to develop neural network submodels for each of the substructures. Since 
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each of the substructures has few design variables, for example input-output iris has only 

two variables; we can generate many data in a short time. This allows us to develop very 

accurate submodel. Each substructure is simulated using EM simulator based on mode-

matching method as described in [136]. The filter input-output couplings are obtained 

using the group delay method and the inter-resonator couplings are calculated using 

eigenvalue calculation [135]. We generate 423 samples of data for input-output iris 

model and the model testing error is 0.5%. We also generate 4930 data samples to 

develop the internal coupling iris model and less than 0.2% average testing error is 

achieved for this model. For coupling and tuning screw model, we generate 36015 

samples of data and average model testing error is 0.51%. Training times of the three 

submodels are less than 1 minute, approximately 3 minutes, and 2 hours, respectively. 

The submodels are trained using automatic model generation module of 

NeuroModelerPlus [127]. 

In Step 5, full EM data are generated by simulating the entire side-coupled filter 

with 64 different combinations of geometrical values. The bandwidth and center 

frequency are varied from 27 MHz to 54 MHz and 11GHz to 11.7 GHz, respectively. As 

mentioned earlier, instead of using the S-parameters generated using EM simulator 

directly, coupling parameters are used as the modeling objectives. We extract 64 coupling 

values using the S-parameter extraction technique as presented in [138]. 

In the next Step, we combine the neural network submodels to represent the filter 

structure. Both input-output iris model and coupling and tuning screw model are used 

twice and internal coupling iris model is used once to represent the filter, i.e., N0 = 5. The 
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neural network submodels are used to produce cross-couplings and empirical models are 

used to compute self-couplings. 

As described in Step 7 of the modeling algorithm in Section 4.3, we produce 

approximate coupling values using the same samples of geometrical parameters of Step 

5. Following the procedure as described in Step 8, we assemble training data of mapping 

model. Since individual coupling parameters are a function of specific geometrical 

dimensions rather than a function of all the dimensions, we produce a separate mapping 

model for each of them. Thus, 10 mapping models for the 10 coupling parameters as 

described in (4.24) are developed. The mapping models are defined as 

MJ=fM{xj,M],wM) (4.25) 

where Mj represents the / h coupling parameter, MJ represents the fh approximate 

coupling parameter obtained from neural network submodel, 5:. is a subset of x, j = 

1,2,3,...,10. Four different sets of EM data of the overall filter as listed in Table 4.2 are 

used to develop four sets of mapping models. In Set 1, data from 44 filter geometries are 

used for training and data from 20 other filter geometries are used for testing. The 

number of filter geometries is reduced for training in the subsequent three sets and listed 

in Table 4.2. Training time of the 10 neural network mapping models are less than 5 

minutes. 

We construct an accurate model of the side coupled filter by connecting the 10 
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neural network mapping models with the submodels and empirical models used to 

produce approximate coupling matrix. The overall model is then tested using the test data 

as listed in Table 4.2. For comparison, four neural network models are also trained using 

the same four data sets in the conventional method, which relates geometrical variables to 

the coupling matrix directly. 

Table 4.2: Comparison of test error of side-coupled circular waveguide dual-mode filter 

models developed with conventional and proposed high dimensional modeling approach 

Data Set 

no. 

1 

2 

3 

4 

No. of filter 

geometries used 

Train 

44 

32 

16 

8 

Test 

20 

32 

32 

32 

Modeling method 

Conventional 

Proposed 

Conventional 

Proposed 

Conventional 

Proposed 

Conventional 

Proposed 

Model testing error (%) 

Average 

error 

18.3 

1.60 

23.5 

2.40 

18.7 

5.3 

22.1 

5.7 

Worst case 

error 

227 

8.5 

184 

15.8 

49.5 

28.9 

45.2 

33.5 

Table 4.2 compares the model error between the two methods, which shows that 

the proposed method is much more accurate than the conventional method for all data 

sets. By using the proposed method, we can produce good accuracy with limited amount 

of data, because mapping function becomes simple after obtaining approximate couplings 
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from submodels (trained with inexpensive data) and empirical circuit model. On the 

other hand, the conventional method is inaccurate, because the amount of training data is 

insufficient to produce a 15-dimensional side-coupled filter model. If we were to improve 

the accuracy of the conventional method, we would have to use lot more data which 

would be expensive and difficult to generate. 

In Figure 4.8, we plot responses of two different filter configurations obtained 

from the proposed model. It shows that the model can be used to obtain responses for 

various filter geometries. 
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Figure 4.8: Reflection coefficients of two different side-coupled circular waveguide dual-

mode filters obtained using the proposed model. Geometry 1: B = 27 MHz, O)0= 11.627 

GHz; Geometry 2: B = 35 MHz, 0)o = 11.627 GHz. 
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Figure 4.9 shows the effectiveness of mapping model. The approximate filter 

response, which is generated from the approximate coupling matrix without using 

proposed mapping models, is not satisfactory. The mapping models then provide accurate 

iplings which leads to the response very close to the accurate EM response. cou 
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Figure 4.9: Reflection coefficient of a side-coupled circular waveguide dual-mode filter with 

B = 54 MHz, Q)o= 11.627 GHz showing the effectiveness of the neural network mapping in 

the coupling parameter space. 

Figure 4.10 shows a plot of average model test error vs. the number of filter 

geometry used for model training. The plot shows that the model test error of the 

proposed method is low and decreases consistently with the number of filter used for 

training. On the other hand, the error of the conventional method stays high at 
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approximately 20%. To reduce the error of the conventional method, we need to use 

massive training data. 
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Figure 4.10: Comparison of average model test error vs. the number of filter geometry used 

for model training in conventional and proposed method of the side-coupled circular 

waveguide dual-mode filter. 

In Table 4.3, we list model evaluation time of two commonly used EM modeling 

methods and compare with the evaluation time of the proposed high dimensional neural 

network modeling method. Full EM simulation of the entire filter needs approximately 6 

minutes using mode-matching based EM simulator [136] and 45 minutes using finite-

element based EM simulator such as HFSS [139]. The comparison clearly shows that the 

proposed method is significantly faster than the EM methods enabling fast design and 

optimization. 

Q 

• Conventional 

• Proposed 
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Table 4.3: Comparison of CPU time of EM and neural network model of a side-coupled 

circular waveguide dual-mode filter 

Modeling Method 

Finite element method 

Mode matching method 

Proposed method 

Time/model evaluation 

45 min 

6 min 

0.006 s 

In order to develop an accurate model, e.g., less than 2% of model testing error, 

using the conventional method, we need to sample sufficiently the specified range for all 

input variables. For example, if we sample 3 values for each of the 10 geometrical 

variables, 7 values for coo and 4 values for B, we need total Nc =31 0x7x4 = 1.65xl06 

samples of the overall filter. Using the fastest EM simulation method, i.e., mode 

matching method, the data generation time per sample of the overall filter is, t0 = 6 min. 

The total data generation time for this 15-dimensional neural network model of the 

conventional method using (4.12) is estimated to be, 

r =6minxl.65xl06 = 19 years, (4.26) 

which is too expensive. The model training time(re) using the massive training data 

would also be too expensive. 

We now calculate data generation time of the proposed method. Data generation 
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time per sample of input-output iris, internal coupling iris, and coupling and tuning screw 

substructures are t\ = 0.6 s, t2 = 5.6 s, and t^ = 6.9 s, respectively. To cover the same 

range of the input geometrical space that is used in this example, we need 

N* = 48 samples of input-output iris, N% =192 samples of internal coupling iris, and 

JVj = 288 samples of coupling and tuning screw substructures. In order to achieve less 

than 2% of model testing error using the proposed method, we also need approximately 

40 samples of the overall filter for the training of mapping model, i.e., NM = 40. The total 

data generation time of the proposed method using (4.13) is calculated to be, 

Tp=t0xNM+'t(tixN*) 

Tp = 6x40min+(0.6x48+5.0xl92+6.9x288)s (4.27) 

Tp = 4.8 hours. 

The model training time(r/>) of three submodels and 10 mapping models all together is 

less than 10 minutes and is therefore, insignificant. Thus, an accurate neural network 

model of the side-coupled filter which is very expensive to develop using the 

conventional neural network method becomes feasible using the proposed method. 



127 

4.5 Summary 

In this Chapter, another major contribution of the thesis has been presented. We have 

proposed an effective neural network modeling technique for filters that hold many 

design variables. It is impractical to develop a neural network model for such structures 

in conventional neural network approach. We have proposed a new formulation to 

integrate neural network decomposition with filter structure decomposition and then 

incorporate circuit knowledge to obtain a complete filter model. The filter structure has 

been decomposed into substructures to reduce the number of variables per submodel. 

Neural network submodels have then been developed for each of the substructures. 

Empirical/equivalent circuit models have been combined with neural network submodels 

to produce an approximate solution of the filter. Another neural network model has then 

been trained to map approximate solution to the accurate solution of the filter. The result 

has shown that the proposed method can be used to produce high dimensional models 

with few full EM training data, which are usually expensive to generate, compared to 

conventional neural network technique. The method has been very useful for developing 

neural network models of microwave filters that have many design variables. The 

developed neural network models have become very useful for fast design optimization 

of those filters. 
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Chapter 5: Conclusion and Future Work 

5.1 Conclusion 

This thesis has presented advanced techniques for neural network based modeling and 

design of RF/microwave circuits. These techniques have been developed aiming to 

enhance the present state-of the art microwave computer aided design to a new high 

level. First contribution towards the goal has been made by proposing neural network 

inverse modeling techniques to solve inverse EM problems. The inverse approach is an 

unconventional modeling approach which is useful for simplifying repetitive design 

procedure. The formulation of the neural network inverse modeling technique has been 

presented. Non-uniqueness of model input-output relationship has been addressed with 

methods to identify multivalued solutions and divide training data for training inverse 

models. Data of inverse model have been proposed to divide based on derivatives of 

forward model and then have been used separately to train more accurate inverse 

submodels. Once the neural submodels are trained, they need to be combined to form the 

complete model. We propose a method to correctly combine the inverse sub-models 

based on error verification of inverse forward pair as well as the distance of outputs 

outside the training range. Additional techniques to enhance the accuracy of the model 

combine are presented. A comprehensive modeling algorithm utilizing various techniques 
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has been presented. This algorithm has been found useful for efficient model 

development. The inverse models developed using the proposed techniques are more 

accurate than that using the direct method. 

Furthermore, an inverse design approach using the proposed inverse models has 

been developed. This approach avoids the need for repetitive model evaluation. The 

inverse models replace the repetitive loop from the design cycle. In order to validate the 

techniques, the proposed methodology has been applied to waveguide filter modeling. 

Results and comparisons show that the proposed method produces much accurate inverse 

model than conventionally developed neural network. We have also presented design of 

4-pole and 6-pole waveguide filters using the developed inverse approach to verify 

device level simulation and validate the proposed approach. The 6-pole filter has been 

fabricated, and dimensions of the tuned filter have been measured for verifications. Very 

good correlation has been found between neural network predicted dimensions and that 

of the perfectly tuned filters. 

Another major contribution has been made by proposing a method to solve high 

dimensional modeling problem. We have proposed an effective neural network modeling 

technique for filters that hold many design variables. It was impractical to develop a high 

dimensional neural network model in conventional neural network approach because of 

massive cost of data generation and model development. We have proposed a new 

formulation to integrate neural network decomposition with filter structure 

decomposition and then incorporate circuit knowledge to obtain a complete filter model. 

The filter structure has been decomposed into substructures, which reduced the number 
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of variables per submodel. Neural network submodels have been developed for each of 

the substructures. Empirical/equivalent circuit models have been combined with neural 

network submodels to produce an approximate solution of the filter. In order to improve 

the accuracy, we have proposed to use another neural network model to map approximate 

solution to the accurate solution of the filter. The neural network sub-models, 

empirical/circuit model and neural mapping model have been combined to form the 

overall accurate high dimensional model. The proposed modeling approach has been used 

to develop complex filter models. The result has shown that the proposed method can be 

used to produce high dimensional models with few full EM training data, which are 

usually expensive to generate, compared to conventional neural network technique. The 

proposed method has allowed us to develop high dimensional neural network models 

conveniently unlike the conventional method which became too expensive. 

The proposed techniques have advanced the computer aided design of microwave 

structures facilitating engineers to explore design and development conveniently. The 

developed models have become accurate representation of RF/microwave structures. The 

techniques have been useful for design and optimization of high dimensional models 

relaxing the computational cost of EM based models. 

5.2 Future Work 

Neural network has been established as a powerful alternative for RF/microwave 

modeling and it has been increasingly becoming more popular for solving complex EM 

problems. The CAD techniques using neural networks reduce the cost of design and 
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optimization by achieving EM design accuracy without computation expense of EM 

based model. As the complexity of problems in the RF/microwave area will continue to 

increase, we will need further improvement and enhancements in neural network 

modeling techniques. 

This thesis has presented advanced neural network based modeling techniques. 

These techniques have the potential to be extended to more complex and broader areas of 

applications. An important direction for future research would be to extend the inverse 

modeling approach to other filter modeling applications. As an example, microstrip filters 

will be considered to design in the inverse approach. Circuit parameters of a microstrip 

filters will be extracted. Inverse neural network models will then be developed where the 

circuit parameters will be considered as inputs of the neural network and lengths and gaps 

and other dimensions as outputs of the neural network inverse model. The inverse model 

will then provide the design parameters which are the geometrical parameters of the filter 

for a given electrical parameters. This will avoid the repetitive model evaluations and will 

generate a filter configuration quickly. 

Another important direction for future research of the proposed techniques will be 

to apply the high dimensional approach to solve high dimensional inverse modeling 

problems. The high dimensional inverse model would significantly improve the design 

and development time. Finding the optimum values of design parameters might be 

challenging for a high dimensional model. Developing an inverse model would reduce 

the complexity and provide the solution quickly. The techniques can be applied to a 

complete structure or a part of the structure to enhance the design cycle time. The 
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decomposition of structure might not be possible for all structure. In that case equivalent 

circuit parameter can be extracted from the structure. Combining an empirical formula 

will produce a close result. The neural network mapping model then can developed for 

accuracy improvement. 

Another important direction for future research would be to extend the proposed 

filter modeling techniques to develop model for multiplexers in the microwave and 

millimeter frequency range. The purpose of such model would be to use the multiplexer 

model for system level simulation where several waveguide structures are connected. The 

multiplexer model would provide significant speed for simulation, optimization of a 

complete system. The input output of the model has to be formulated in accordance with 

the requirements of the system. The waveguide filter with higher dimension and higher 

frequency range is also would be an important direction to apply the high dimensional 

modeling with the inverse approach. 

In conclusion, the complexity of microwave design will continue to increase and 

better modeling solutions will be required for fast and efficient computer aided design. 

The neural network modeling techniques proposed in this thesis have contributed to the 

effort to make the microwave computer aided design more efficient. More research in the 

outlined directions would make the effort stronger and thus would make the microwave 

CAD more attractive and powerful for solving challenging design and optimization task 

in the future. 
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