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Abstract—Neural networks are useful for developing fast and
accurate parametric model of electromagnetic (EM) structures.
However, existing neural-network techniques are not suitable
for developing models that have many input variables because
data generation and model training become too expensive. In
this paper, we propose an efficient neural-network method for
EM behavior modeling of microwave filters that have many input
variables. The decomposition approach is used to simplify the
overall high-dimensional neural-network modeling problem into a
set of low-dimensional sub-neural-network problems. By incorpo-
rating the knowledge of filter decomposition with neural-network
decomposition, we formulate a set of neural-network submodels
to learn filter subproblems. A new method to combine the sub-
models with a filter empirical/equivalent model is developed. An
additional neural-network mapping model is formulated with
the neural-network submodels and empirical/equivalent model to
produce the final overall filter model. An -plane waveguide filter
model and a side-coupled circular waveguide dual-mode filter
model are developed using the proposed method. The result shows
that with a limited amount of data, the proposed method can
produce a much more accurate high-dimensional model compared
to the conventional neural-network method and the resulting
model is much faster than an EM model.

Index Terms—Computer-aided design (CAD), high-dimensional
parametric modeling, microwave filter, neural network, optimiza-
tion, simulation.

I. INTRODUCTION

N EURAL networks have been recognized as useful alter-
natives for device modeling where a mathematical model

is not available or time-consuming simulation is required. They
can be utilized to model multidimensional nonlinear relation-
ships. The evaluation time of a neural-network model is also
fast. For these reasons, neural networks have been used for var-
ious modeling and design applications [1], [2] including pas-
sive microwave structures [3], [4], electromagnetic (EM) com-
puter-aided design (CAD) [5], [6], transistors [7], amplifiers [8],
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antennas [9], waveguide filters [10]–[12], microwave optimiza-
tion [13], [14], library of models [15], etc. Neural networks have
not only been used for developing microwave device models,
but also have been used in optimization processes where the
neural models are combined with full-wave simulation tools
[16]–[18]. The general idea of neural-network-based CAD and
optimization is that we develop neural-network models for EM
structures and incorporate the models in circuit simulators. This
allows circuit-level simulation speed with EM-level accuracy.

In this paper, we focus on neural-network-based modeling
of microwave filters. Accurate model is essential for the first
pass design success. Conventional EM modeling method is the
first option to obtain an accurate model. However, the model
evaluation time of this method is long, especially when repet-
itive model evaluations are required. During design optimiza-
tion, values of geometrical variables are required to be changed
many times and each time a complete reevaluation of the model
is required. For this reason, the EM model becomes too expen-
sive. An alternative to the EM model is a neural-network model
whose inputs are geometrical variables [1]–[3], [12], [19]–[24].
The neural-network model can provide solutions quickly for
various values of geometrical input variables.

Due to increasing complexity and variety of microwave struc-
tures, 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 suf-
ficiently 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, de-
veloping a neural-network model that has many input variables
becomes challenging as data generation becomes too expen-
sive. Therefore, we need an effective method to develop accu-
rate high-dimensional neural-network models without requiring
massive data.

Various advanced neural-network structures have been inves-
tigated for microwave modeling such as knowledge-based neural
networks [25], [26] 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 mod-
eling 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 the artificial neural-network com-
munity for applications such as face detection [27], [28], voice
recognition [29], pattern recognition [30], [31], directional relay
algorithm for power transmission line [32], problem simplifica-
tion [33], etc. The modular concept has also been investigated for
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microwave optimization such as dielectric resonator filters [34],
microstrip corporate feeds [35], power amplifiers [36], semicon-
ductorprocesscharacterization[37],antennas[38],etc.Thistech-
nique decomposes a complex neural network into several simple
sub-neural-network modules. The modular neural-network tech-
nique has been used to improve the learning capability of neural
networks.However, theexistingmodularneural-networkmethod
isnotdirectlysuitableforhigh-dimensionalneural-networkmod-
eling of microwave filters because it has not been formulated to
accommodate the knowledge of microwave filter formulas. An-
other problem with the existing neural-network decomposition
is the absence of connections between neural-network decompo-
sition and microwave filter decomposition.

Recently, microwave filters have been modeled and designed
using neural-network techniques [11]. In [11], we decomposed
the filter structures into substructures and then developed in-
verse submodels for the substructures. The inputs of the inverse
submodels are coupling parameters and outputs are geometrical
parameters. These submodels produce filter dimensions from
given coupling values. The main objective of [11] was to produce
neural-network inverse models of filter components. The advan-
tage of the method is that we can obtain filter dimensions for a
given coupling matrix without repetitive EM model evaluation.

In this paper, we propose a new method to obtain a complete
forward model for filters that have many geometrical variables.
We decompose a filter structure into substructures and develop
forward submodels. The inputs of the submodels are geomet-
rical dimensions and outputs are coupling parameters. These
submodels are combined with filter equivalent-circuit model to
produce an approximate solution of the entire filter. A mapping
model is trained and used to make the high-dimensional model
as accurate as the EM model. The main objective is to develop
a high-dimensional neural-network model, which is too expen-
sive to develop using a conventional neural-network approach.
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-net-
work models in an 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 vari-
ables need to be changed and EM behavior needs to be evalu-
ated repetitively.

II. PROPOSED HIGH-DIMENSIONAL MODELING APPROACH

A. Problem Statement

The main objective is to obtain fast parametric models for
filters that hold many design variables, which are mainly ge-
ometrical parameters. Let us assume
to be an -vector containing all the input variables of a model,
e.g., iris length, cavity length, bandwidth, etc. for a filter. Let

be an -vector containing output pa-
rameters such as an -parameter of the filter. A conventional
neural-network model for the problem is defined as

(1)

where defines the input–output relationship and is a neural-
network internal weight vector. In this approach, we use a multi-
layer perceptron or a radial-basis-function neural network [2] to
represent the entire function of (1) with represented by input
neurons and 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, a 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 limita-
tion, we propose to use the decomposition approach to simplify
the high-dimensional problem into a set of small subproblems.
Let from to represent simple subfunctions, which de-
fine the input–output relationships of a set of simple functions
representing various partial information of of (1). Each
of the subfunctions is defined by small number of input vari-
ables and the input–output relationship becomes 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 the
filter decomposition concept with neural-network decomposi-
tion. Furthermore, the question of how to recombine the sub-
models to form the final overall filter model and recover the
missing information between subproblems must be answered
for the neural-network decomposition.

B. Neural-Network Submodel and Filter Decomposition

We formulate neural-network decomposition together with
filter decomposition. A filter with many design variables is de-
composed into several substructures, each representing a spe-
cific part of the filter. Neural-network submodels are then devel-
oped to represent the substructures. Let us assume that a filter
is decomposed into types of substructures. Let be a vector
containing the design variables of the th substructure and be
a vector containing the output parameters of the th substructure.
As an example, the input vector contains geometrical param-
eters such as length and width of an iris, and the output vector

contains electrical parameters such as coupling coefficients
of the iris. A neural-network submodel for the substructure is
defined as

(2)

where defines the geometrical to electrical relationship of the
th submodel, is a vector containing neural-network weight

parameters for the th submodel, and . The
vector is a subset of the overall input vector and is expressed
as

(3)

where is a selection matrix containing 1’s and 0’s in order to
pick corresponding inputs of submodel from the overall input
vector .
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In order to formulate meaningful submodels for filter appli-
cations, we need to combine the filter decomposition concepts
with the submodel of (2) and (3). In microwave waveguide fil-
ters, the electrical couplings between various sections of the
filter is dominantly determined by the physical/geometrical pa-
rameters of the corresponding parts of the filter structure, and
slightly affected by the geometrical parameters of other sections
[10], [39]. Based on this concept, we use the matrix to se-
lect the geometrical parameters of the relevant part of the filter
ignoring other parts, and use to represent the electrical cou-
pling 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

to be the number of training samples required to develop
the neural-network submodel . The submodel is developed by
optimizing the internal weight vector to minimize the error
between outputs and training data. The training error of sub-
model is expressed as

(4)

where vector is the th sample of the training data for input
neurons of the th submodel, which contains the values of geo-
metrical parameters of the th substructure, and vector is the

th sample of the training data for output neurons, which con-
tains the EM solution of the th 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.

C. 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 ob-
tain 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 -plane filter there are three internal irises.
We can develop one model of the internal iris and use it three
times. Since 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 . Multiple uses of submodels become a big advantage
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 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

(5)

where is a vector containing approximate values of the out-
puts of the overall filter, represents the empirical/equiva-
lent-circuit function, and to are electrical parameters ob-
tained from submodels.

The type of operation in (5) is simple and insignificant in
terms of computational cost. Thus, an approximate model of
the overall filter is obtained by combining the neural-network
submodels and the empirical/equivalent-circuit model.

D. Neural-Network Mapping Model

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-net-
work model, called the 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 on the
concept of prior-knowledge input [26], we formulate the inputs
of the mapping model using the approximate solution , and
the input variables of the overall filter, . The outputs are the
accurate solution of the overall filter that corresponds to .
Thus, the neural-network mapping model is defined as

(6)

where defines the input–output relationship of the map-
ping model and is a vector containing neural-network in-
ternal weight parameters. Let us assume that we need sam-
ples 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 opti-
mizing neural-network internal weight parameters. The training
error of the mapping model is expressed as

(7)

where is the th sample of training data for the output neu-
rons and which is the EM solution of the overall filter.

The mapping model works well even though the number of
its inputs is higher than the original number of inputs because
the input–output relationship (mapping task) of the mapping
model becomes simple since an approximate solution is placed
as a part of the model’s inputs. This makes the optimization of
the neural-network internal weight parameters straightforward
during training of the mapping model. For this reason, the map-
ping model can be developed accurately with a few samples of
the overall filter. In this way, the number of expensive EM simu-
lation of the overall filter is reduced. As a result, data generation
and 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.
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Fig. 1. Diagram of the proposed high-dimensional modeling structure.

E. 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 struc-
ture is presented in Fig. 1.

The neural-network mapping model, as defined in (6), can be
expressed in terms of the equivalent-circuit model of (5) as

(8)

We can further express (8) in terms of the neural-network sub-
models defined in (2) as

(9)

Substituting the relationship of (3) in (9) yields

(10)

which is equivalent to

(11)

where is a vector containing neural-network internal weight
parameters of the high-dimensional neural-network model.
In (10), the vectors to contain weight parameters of
the neural-network submodels and the vector contains
weight parameters of the neural-network mapping model.
These vectors are optimized during neural-network training of
the submodels and the mapping model. The vector is op-
timized after the optimization of the vectors to . When
the overall high-dimensional model is constructed combining
the trained neural-network submodels and mapping model, the
vectors to and all together become equivalent to
the vector of (11).

The relationship of (11) is equivalent to that of (1), except
(11) is a combination of several simple submodels each with
few input variables, whereas (1) is a single complicated model
with many input variables. The vector of (1) is equivalent to
the vector of (11). The difference is that the vector is opti-
mized step by step through neural-network submodels and map-
ping model training. Thus, in the proposed method, a combina-
tion of several low-dimensional submodels, circuit model, and
neural-network mapping model produces the overall high-di-
mensional model.

In the proposed method, a few expensive data of the overall
filter are needed for the neural-network mapping model, as ex-
plained earlier. On the other hand, in the conventional method,
many expensive data are required to achieve a reasonable accu-
racy because of two reasons, which are: 1) the model is a single
function of many input variables as defined in (1) and 2) the re-
lationship of (1), which relates geometrical to circuit parameters
directly, is complicated.

Let represent data generation time per sample of an overall
filter. Let represent the number of samples of data of the
overall filter required for the neural-network model in the con-
ventional approach. The cost of data generation in the conven-
tional method is expressed as

(12)

Let represent data generation time per sample for submodel .
As defined before, we assume and 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

(13)

where and is the number of types of substruc-
tures decomposed from an overall structure, as defined earlier
in Section II-B. Data generation time per sample of the overall
filter is much more expensive than that of a submodel, i.e.,

. The proposed method requires much less data of the overall
filter, i.e., . For these reasons, the data generation
cost of the proposed method becomes less than that of
the conventional method , i.e., . 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 a low number of hidden neu-
rons. For these reasons, the training time for the submodel be-
comes short. Thus, the total model training time of the proposed
method becomes much less than that of the conventional
method , i.e., . The relationship of the total model
generation cost of the proposed and the conventional method is
expressed as

(14)

This describes how 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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Fig. 2. Flow diagram of the proposed high-dimensional neural-network mod-
eling approach.

III. ALGORITHM FOR PROPOSED HIGH-DIMENSIONAL

MODEL DEVELOPMENT

We describe an overall high-dimensional modeling algo-
rithm. The flow diagram of the algorithm is presented in Fig. 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, discontinu-
ities can be decomposed into substructures. Decom-
pose the overall filter into substructures.

Step 2) Generate training data of the decomposed substruc-
tures using EM simulations. Standard sampling ap-
proach 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 Step 5). 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 and obtain
corresponding output solutions of the overall
filter.

Fig. 3. Diagram of a four-pole�-plane filter. The filter model holds eight input
variables including five geometrical dimensions, bandwidth, center frequency,
and frequency.

Step 6) Combine the neural-network submodels and the em-
pirical/equivalent-circuit model.

Step 7) Supply the samples of the input variables to
the combined neural-network submodels and em-
pirical/equivalent-circuit model to obtain samples of
approximate solution of the overall filter.

Step 8) Using the concept of prior knowledge input [26], as-
semble training data for the mapping model. Use
the samples of and of Step 7) as the data for
the input neurons. Use the samples of that corre-
sponds to the samples of as the data for the output
neurons. Train the neural-network mapping model
using some of the assembled data. Test the mapping
model with the rest of the data. If accuracy is satis-
fied, go to Step 9). 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 the neural-network submodels, empirical/
equivalent-circuit model, and neural-network map-
ping model, as described in Section II-E, to obtain
the overall model of the filter.

IV. EXAMPLES

A. Proposed Modeling Technique for -Plane Filters

We illustrate the proposed modeling method through a four-
pole -plane filter model development. The diagram of the filter
is shown in Fig. 3. The filter model has eight variables as inputs,
which include five geometrical variables: iris widths , ,
and , cavity lengths and , and three electrical vari-
ables: bandwidth , center frequency , and frequency . The
filter outputs are -parameters and . Thus, the input and
output vector of the filter model is

(15)

(16)

We first decompose the waveguide filter into two types
of substructures: input–output iris and internal coupling iris.

We will develop two neural-network submodels of the two sub-
structures in the next step. Each submodel contains two input
variables: width of iris and center frequency . We use
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coupling and phase length as the output parameters of the sub-
models [10]. Thus, the input and output vectors of the sub-
models are

(17)

(18)

where , , and represent approximate values
of coupling parameter and phase length of the th submodel.
Notice that the number of input variables of each submodel,
as expressed in (17), is less than that of the overall model, as
expressed in (15).

In this step, we develop two neural-network submodels for
the two types of irises. We generate training data by simulating
the substructures using an EM simulator based on the mode-
matching method. Each substructure is composed of a rectan-
gular iris and connecting waveguide sections. It can be rigor-
ously analyzed since it only contains two rectangular-to-rectan-
gular waveguide junctions [40]. The -parameters are then used
to calculate the coupling values and phase lengths following the
same steps and equations presented in [10]. For example, the
equivalent circuit for the internal coupling iris is an impedance
inverter having a shunt reactance and series reactance
and insertion phase length on each arm (see [39, Fig. 14.18]).
The following equations relate the -parameter from EM sim-
ulation to circuit parameters [39]:

(19)

where is the impedance value of the inverter and is the
insertion phase length. The coupling value is then obtained by
multiplying by a factor of , where and
are the free-space and guided wavelength.

We generate 35 751 samples, which cover a large range of
iris width and center frequency for each submodel. A standard
data generation scheme is followed where iris width is
held constant and the center frequency was varied over a
pre-specified range. Next we assign a new value for and vary

over the pre-specified range. This process is continued until
the range of is covered. 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 min. The average errors of the submodels are less
than 1%. Automatic model generation module of NeuroMod-
elerPlus [41] is used to develop the two neural-network sub-
models.

Following Step 5) of the modeling algorithm in Section III,
we generate data of the overall filter using an 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 Fig. 4, to obtain the ap-
proximate -parameter of the filter. By comparing Fig. 3 with

Fig. 4. High-dimensional modeling structure for the four-pole �-plane filter.
Two neural-network submodels: input–output iris model (IO iris) and internal
coupling iris model (Co iris) are developed decomposing the filter. Five sub-
models required by the overall filter, as shown in this figure, are obtained by
training only two neural-network submodels. An equivalent-circuit model of a
filter are used to obtain the approximate �-parameter. A neural-network map-
ping model is then used to obtain the accurate �-parameter of the four-pole
�-plane filter.

Fig. 4, we can see that the input–output iris model is used to
represent the irises at the input and output ports of the four-pole
filter of Fig. 4. The three internal coupling irises of Fig. 4 are rep-
resented by the internal coupling iris model. Thus, the two types
of neural-network submodels are concatenated to represent the
four-pole filter. The IO iris 1 produces and IO iris 2 produces

. The three coupling iris models produce , , and
. These coupling parameters are then used for producing

approximate -parameters of the four-pole filter using the filter
equivalent-circuit equation of (20). Note that the input–output
iris model is used twice and the internal coupling iris model
is used three times to represent the overall four-pole filter, i.e.,

. In other words, the five submodels required in the filter
are obtained by training only two submodels. The neural-net-
work submodels produce approximate coupling matrix and sub-
sequently, the circuit model generates approximate -parame-
ters of the four-pole filter using the following equation [39]:

(20)

in which , is the filter order,
and in this case, is a identity matrix, is the

approximate coupling matrix, is a matrix with
all entries zero, except and , and
and are approximate values of the filter’s input and output
coupling parameters, respectively.

In Step 7), we supply the geometrical values of the 46 filters
used in Step 5) to the combined neural-network submodels and
filter empirical/equivalent model and obtain approximate -pa-
rameter by sweeping frequency from 10.95 to 13.05 GHz with
a 1-MHz step. The center frequency is held constant at 12 GHz
and bandwidth is swept from 50 to 500 MHz with a 10-MHz
step. The model outputs at this stage are
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TABLE I
COMPARISON OF TEST ERRORS OF FOUR-POLE �-PLANE FILTER

MODELS DEVELOPED USING CONVENTIONAL AND PROPOSED

HIGH-DIMENSIONAL MODELING APPROACH

(21)

where the superscript denotes that the values are approximate.
As described in Step 8) of the modeling algorithm in

Section III, we assemble training data for the input neurons
of the mapping model using the input samples of Step 5)
and approximate output samples, obtained in Step 7) of
the 46 filters. The training data for the output neurons are the
accurate -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

-parameter to the accurate -parameter. Four different sets
of training and testing data, as shown in Table I, 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 0.5%.

After the mapping model is trained, we construct the com-
plete model of a four-pole filter using the neural-network
submodels, circuit model, and mapping model in NeuroModel-
erPlus, as shown in Fig. 4. The model is then used for testing
purposes. For comparison, we develop four neural-network
models following the conventional method and using the same
four sets of data used in the proposed method. In the conven-
tional method, the neural-network model is trained to learn the
complicated relationship between geometrical variables and

-parameter directly. The results are summarized in Table I,
which show that the proposed method produces a more accurate
result than the conventional method. The amount of data is not
enough to produce the 8-D parametric model of the -plane
filter in the conventional method. On the other hand, the pro-
posed method converts the overall model into a set of simple
submodels, and thus is able to produce the accurate model with
those limited training data. The error of Table I is calculated
using the least square error method [1]. The error is calculated
taking the normalized differences between the magnitudes of
the -parameter (real and imaginary parts) of the neural-net-
work model and the magnitudes of the -parameter (real and

Fig. 5. Comparison of approximate solution with accurate EM solution of a
four-pole�-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 � to accurate EM solution. Filter geometry: � � ���� cm, � �

���� cm,� � ���	 cm,� � ���
 cm, � � ���� cm, and � � ��GHz.

imaginary parts) of EM simulation. The worst case error is the
worst error among all the test structures of a particular data set.

In Fig. 5, we compare the approximate -parameter of an
-plane filter with its accurate -parameter. The approximate

solution obtained from the neural-network submodels and em-
pirical/equivalent-circuit model combined is fairly close to the
accurate EM solution. For this reason, the input–output relation-
ship of the mapping model becomes simpler than the original
modeling relationship between geometrical variables and -pa-
rameters. Fig. 6 shows four-pole filter responses from the con-
ventional neural-network model, proposed model and EM simu-
lation of two different geometrical configurations. In both cases,
the proposed method produces a more accurate result than the
conventional method.

B. Proposed Modeling Technique for Side-Coupled Filters

We apply the proposed high-dimensional modeling method
to develop a neural-network model of a complex filter known
as a side-coupled circular waveguide dual-mode filter [42],
[43]. Fig. 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 applications in the satellite multiplexers with extremely
stringent mass, size, and thermal requirements. However, the
design and simulation becomes more difficult due to the struc-
tural complexity [43].

The filter contains 15 design variables including 12 geomet-
rical parameters, bandwidth, center frequency, and frequency.
By using a conventional neural-network approach to represent
this 15-D 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-dimen-
sional 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 -parameters
of the EM simulator and neural-network model, a circuit model
based on the coupling matrix is adopted as the modeling objec-
tive. In doing so, the difficulty in the alignment or mapping of
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Fig. 6. Comparison of �-parameter of conventional neural network and
proposed model of a four-pole �-plane filter. (a) Filter geometry 1:
� � ���� cm, � � ���� cm, � � ���� cm, � � ��		 cm,
� � ��
	 cm, and � � ���� GHz. (b) Filter geometry 2: � � ���� cm,
� � ��
� cm, � � ���� cm, � � ��
� cm, � � ��
� cm, and
� � �� GHz. 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.

full EM and neural-network model responses is significantly re-
duced, enabling the accurate modeling of complex filters with
a minimum number of full EM simulations. Once the accurate
coupling matrix is achieved, a circuit simulator can be used to
obtain the accurate -parameter for any frequency range.

Thus, the input and output vectors of the model are, respec-
tively,

(22)

and

(23)

In (22), and represent lengths of input iris and output
iris, respectively, , , and represent lengths of
three screws of cavity 1, , , and represent three
screws of cavity 2, represents the length of the sequential
coupling iris, represents the length of the cross-coupling
iris, and represent the lengths of cavity 1 and cavity 2,
respectively, represents bandwidth, represents the center
frequency, and represents the frequency. In (23), and
represent input and output coupling bandwidth, to
are self-coupling bandwidths, and , , , and
represent sequential and cross-coupling bandwidths.

In the first step, we decompose the filter into three types of
substructures , called the input–output iris, internal
coupling iris, and coupling and tuning screw [10] for which
three neural-network submodels will be developed. The inputs

Fig. 7. Diagram of a side-coupled filter showing various dimensional variables
of the filter. (a) Perspective view, (b) side view, and (c) top view of a side-coupled
circular waveguide dual-mode filter.

of the input–output iris model are iris length and . The out-
puts are coupling bandwidth and phase representing the
loading effect of the internal coupling iris. The inputs of the in-
ternal coupling iris model are lengths of the sequential coupling
iris , cross coupling iris and , and outputs are sequen-
tial coupling , cross coupling , and phases and .
Phases and 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 , ,
and and . The outputs are coupling bandwidth for

, , and . 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 Step 2) of
the modeling algorithm, we generate training data to develop
neural-network submodels for each of the substructures. Since
each of the substructures has few design variables, e.g., the
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 [42]. For
example, the substructure representing the input iris is com-
posed of a rectangular-to-rectangular waveguide junction and a
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circular-to-rectangular side-coupled waveguide T-junction. The
rigorous mode-matching technique for simulating circular to
multiple off-center rectangular side-coupled waveguide T-junc-
tions presented in [42] is used for analyzing this structure. The
filter input–output couplings are obtained using the group-delay
method and the inter-resonator couplings are calculated using
eigenvalue calculation [39]. We generate 423 samples of data
for the 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 the coupling and tuning
screw model, we generate 36 015 samples of data and average
model testing error is 0.51%. Training times of the three sub-
models are less than 1 min, approximately 3 min, and 2 h,
respectively. The submodels are trained using the automatic
model generation module of NeuroModelerPlus [41].

In Step 5), full EM data are generated by simulating the en-
tire side-coupled filter with 64 different combinations of geo-
metrical values. The bandwidth and center frequency are varied
from 27 to 54 MHz and 11 to 11.7 GHz, respectively. As men-
tioned earlier, instead of using the -parameters generated using
the EM simulator directly, coupling parameters are used as the
modeling objectives. We extract 64 coupling values using the

-parameter extraction technique, as presented in [44].
In Step 6), we combine the neural-network submodels to rep-

resent the filter structure. Both the input–output iris model and
coupling and tuning screw model are used twice and the in-
ternal coupling iris model is used once to represent the filter,
i.e., . The neural-network submodels are used to pro-
duce cross-couplings and empirical models are used to compute
self-couplings.

As described in Step 7) of the modeling algorithm in
Section III, 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 the 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, ten mapping models for the ten
coupling parameters, as described in (23), are developed. The
mapping models are defined as

(24)

where represents the th coupling parameter, rep-
resents the th approximate coupling parameter obtained
from the neural-network submodel, is a subset of ,

. Four different sets of EM data of the overall
filter, as listed in Table II, 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 II.
Training time of the ten neural-network mapping models are
less than 5 min.

We construct an accurate model of the side coupled filter by
connecting the ten neural-network mapping models with the

TABLE II
COMPARISON OF TEST ERRORS OF SIDE-COUPLED CIRCULAR WAVEGUIDE

DUAL-MODE FILTER MODELS DEVELOPED WITH CONVENTIONAL AND

PROPOSED HIGH-DIMENSIONAL MODELING APPROACH

submodels and empirical models used to produce an approxi-
mate coupling matrix. The overall model is then tested using the
test data, as listed in Table II. For comparison, four neural-net-
work models are also trained using the same four data sets in
the conventional method, which relates geometrical variables to
the coupling matrix directly. The average errors of Table II are
calculated taking the differences between the magnitudes of the

-parameter (real and imaginary part) from the neural networks
and the magnitudes of the -parameter (real and imaginary part)
of the EM simulation. The worst case error is obtained by se-
lecting the worst average error among all data of respective test
data set.

Table II compares the model error between the two methods,
which shows that the proposed method is much more accu-
rate than the conventional method for all data sets. By using
the proposed method, we can produce good accuracy with a
limited amount of data because the mapping function becomes
simple after obtaining approximate couplings from submodels
(trained with inexpensive data) and the empirical circuit model.
On the other hand, the conventional method is inaccurate be-
cause the amount of training data is insufficient to produce a
15-D side-coupled filter model. If we were to improve the ac-
curacy of the conventional method, we would have to use a lot
more data, which would be expensive and difficult to generate.

In Fig. 8, we plot responses of two different filter configura-
tions obtained from the proposed model. It shows that the model
can be used to obtain responses for various filter geometries.

Fig. 9 shows the effectiveness of the mapping model. The
approximate filter response, which is generated from the ap-
proximate coupling matrix without using the proposed mapping
models, is not satisfactory. The mapping models then provide
accurate couplings, which leads to the response very close to
the accurate EM response.

Fig. 10 shows a plot of the average model test error versus
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 filters used for
training. On the other hand, the error of the conventional method
stays high at approximately 20%. To reduce the error of the
conventional method, we need to use massive training data.
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Fig. 8. Reflection coefficients of two different side-coupled circular wave-
guide dual-mode filters obtained using the proposed model. Geometry 1:
� � ����� cm, � � ����� cm, � � ����� cm, � � ����� cm,
� � ���	� cm,� � ���	�cm,� � ���	�cm,� � ����
 cm,
� � ���	� cm, � � ���� cm, � � ����� cm, � � ����� cm,
� � �� MHz, � � ������ GHz. Geometry 2: � � ����� cm,
� � ����	cm,� � �����cm,� � ���	�cm,� � ����	cm,
� � �����cm,� � �����cm,� � �����cm,� � �����cm,
� � ����� cm, � � ����� cm, � � ����� cm, � � 	
 MHz,
� � ������ GHz.

Fig. 9. Reflection coefficient of a side-coupled circular waveguide dual-mode
filter with � � 
� MHz, � � ������ GHz showing the effectiveness of the
neural-network mapping in the coupling parameter space.

Fig. 10. Comparison of average model test error versus 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 III, we list the model evaluation time of two com-
monly used EM modeling methods and compare it with the eval-
uation time of the proposed high-dimensional neural-network
modeling method. Full EM simulation of the entire filter needs
approximately 6 min using a mode-matching-based EM simu-
lator [42] and 45 min using a finite-element-based EM simulator
such as the High Frequency Structure Simulator (HFSS) [45].
The comparison clearly shows that the proposed method is sig-
nificantly faster than the EM methods, enabling fast design and
optimization.

TABLE III
COMPARISON OF CPU TIME OF EM AND NEURAL-NETWORK MODEL

OF A SIDE-COUPLED CIRCULAR WAVEGUIDE DUAL-MODE FILTER

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 three values for each of the ten ge-
ometrical variables, seven values for , and four values for ,
we need a total samples of the
overall filter. The data generation time per sample of the overall
filter is min. The total data generation time for this 15-D
neural-network model of the conventional method using (12) is
estimated to be min years, which is
too expensive. The model training time using the massive
training data would also be too expensive.

We now calculate data generation time of the proposed
method. Data generation time per sample of input–output iris,
internal coupling iris, and coupling and tuning screw substruc-
tures are s, s, and s, respectively.
To cover the same range of the input geometrical space that
is used in this example, we need samples of the
input–output iris, samples of the internal coupling
iris, and samples of the coupling and tuning screw
substructures. In order to achieve less than 2% of model testing
error using the proposed method, we also need approximately

samples of the overall filter for the training of the
mapping model. The total data generation time of the proposed
method using (13) is calculated to be

min s

h (25)

The model training time of three submodels and ten map-
ping models all together is less than 10 min 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.

It is worth mentioning that the methodology is not limited to
waveguide filters. It can be readily applied to other types of fil-
ters such as coaxial cavity, dielectric, and planar circuit filters.
Take the well-known capacitive-gap coupled microstrip filter as
an example [39]. Neural-network submodels will be developed
to model capacitive gaps, which can be represented by admit-
tance inverters. The capacitive discontinuity can be simulated
using a method-of-moment-based EM simulator and the sim-
ulation results are then related to parameters of the equivalent
circuit, i.e., an admittance inverter. Development of the com-
plete filter model follows the general steps and flow diagram
in Section III. Therefore, the implementation for each type of
filter will only differ in how the overall filter is decomposed,
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the EM method suitable for the type of structure, and the empir-
ical/equivalent model of choice.

V. CONCLUSION

We have proposed an effective neural-network modeling
technique for filters that hold many design variables. It is im-
practical to develop a neural-network model for such structures
in the conventional neural-network approach. We propose a
new formulation to integrate neural-network decomposition
with filter structure decomposition and then incorporate cir-
cuit knowledge to obtain a complete filter model. The filter
structure is decomposed into substructures, which reduces the
number of variables per submodel. Neural-network submodels
are then developed for each of the substructures. Empir-
ical/equivalent-circuit models are combined with neural-net-
work submodels to produce an approximate solution of the
filter. Another neural-network model is then trained to map
approximate solution to the accurate solution of the filter. The
result shows 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 the conventional
neural-network technique. The method is very useful for de-
veloping neural-network models of microwave filters that have
many design variables. The developed neural-network models
become very useful for fast design optimization of those filters.
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