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Abstract – In this paper, we propose a deep-learning-
based neural network namely, a convolutional neural
network (CNN) for predicting frequency response of
a microwave filter as a function of its extrapolated
coupling parameters. Thus, in this paper, coupling prop-
erties of a microwave filter comprise its design space.
This space characterizes the filter’s frequency response
in complex domain. Moreover, we propose a CNN-
based method to extrapolate the response in frequency.
Thereby, excessive simulations and long computational
time can be avoided as opposed to electromagnetic (EM)
solvers. The training of the proposed CNN is based on
a circuit model. In order to exhibit the robustness of
the new technique, it is applied on 5- and 8-pole filters
and compared with a shallow neural network namely,
radial basis function neural network (RBFNN). The
results reveal that the CNN can achieve extrapolation in
both design space and frequency for microwave filters
with high accuracy and speed. For a 5-pole filter, the
percentage root mean square error (RMSE) between
ideal and predicted response of CNN is found to be
0.28% and 0.09% for design space exploration (DSE)
and frequency extrapolation (FE), respectively. For an
8-pole filter, the percentage RMSE of CNN is found to
be 0.38% and 0.11% for DSE and FE, respectively.

Index Terms – Convolutional neural network (CNN),
coupling matrix, deep learning, microwave filters, radial
basis function neural network (RBFNN).

I. INTRODUCTION
Microwave filters are widely used in all types of

electronic systems [1, 2]. Tuning of microwave filters
is an inevitable process in the design procedure of
microwave filters. For the case of coupled resonator
filters, either computing S-parameters for a given cou-
pling matrix or extracting the coupling matrix from
the required S-parameters is a crucial problem. Solving
either problem becomes extremely difficult since it is a

highly nonlinear problem [3, 4]. Classical methods dealt
with problem need to be repeated for many iterations
in different conditions [5, 6]. Consequently, the process
of filter design suffers from the time-consuming and
complicated parameters extraction.

Some conventional (shallow or non-deep) Neural
network (NN) techniques were developed for microwave
filter modeling [7–12]. However, these techniques are
not suitable for high-dimensional problems because data
generation and model training become too complicated.
Deep learning (DL)-based methods were also proposed
for microwave filter design and modeling [13, 14].
However, in these methods, the training data is generated
using full-wave electromagnetic (EM) model through
simulation or measurement which becomes impractical
when large training data is needed. Therefore, collection
of training data using EM-based models to cover
input/output parameter range over the interested fre-
quency band can be an overwhelmingly time-consuming
task. Different from EM models, circuit models can
be used to introduce fast accurate models for different
electronic designs. They are usually straightforward to
build, and fast to evaluate. In [15], a convolutional neural
network (CNN) [16, 17], a variant of deep network
framework, is used to extract the coupling matrix of
ideal (target) S-parameters based on a circuit model.
The CNN first extracts the features of S-parameters by
using convolution layers and pooling layers, which are
then mapped to the coupling matrix by full connection
and output layers.

Microwave filters can be designed by using EM
solvers to obtain their frequency responses. While a
full-wave EM simulation is accurate, it solves complex
equations iteratively to compute the frequency response
of the structure. This makes the simulation utilize a high
amount of computational resource and time because
of the high dimensionality of input space. Given a
frequency response of the filter for a certain input design,
it is often necessary to have information about out-of-
bound design space response. In a traditional way, it

Submitted On: January 22, 2025
Accepted On: January 25, 2026 1054-4887 © ACES

https://doi.org/10.13052/2025.ACES.J.401201



SALLAM, WANG: SPACE AND FREQUENCY EXTRAPOLATION FOR DEEP LEARNING DESIGN OF COUPLING MATRIX 1146

may be required to perform EM simulations again. This
makes design space exploration (DSE) of microwave
filters indispensable.

Initial DSE techniques involved statistically derived
design-of-experiment (DoE) analysis [18, 19]. How-
ever, these methods do not cope well with the increas-
ing dimensionality and nonlinearity of design spaces
[20, 21]. To address these limitations, evolutionary algo-
rithms for DSE were developed [22, 23]. The advantage
with evolutionary techniques is that they made no
assumptions about the nature of the design space. How-
ever, they often require a large number of function eval-
uations and convergence rates are problem-dependent
leading to long computation times [24, 25]. In [26], the
authors provide a machine learning (ML)-based archi-
tecture that accomplishes DSE with high accuracy for
microwave and RF components. However, this architec-
ture requires long training and execution times compared
to DL-based techniques.

In most scenarios, only band-limited data is
available because broadband data might be compu-
tationally expensive to be simulated or measured.
Therefore, extrapolation along the frequency axis or
frequency extrapolation (FE) becomes a compelling
concept because it enables us to estimate the frequency
response over a larger range without performing extra
measurements or simulations. Although FE has been
discussed in the past [27–36], these approaches only deal
with responses with few resonant frequencies and fail to
deal with responses having multiple resonant peaks and
dips. Knowledge-based NNs are used in [37] to provide
extrapolated results for the design space parameters for
microwave modeling and design. While this approach
works for DSE, it may not be applicable to FE. In [38],
a Hilbert-based long short-term memory recurrent neu-
ral networks (HilbertNet) architecture is proposed to
extrapolate the frequency response of EM structures.
The problem with HilbertNet is that it consumes a long
training time, besides it becomes less confident with
less training data and in predictions where the frequency
points are far off from the cutoff frequency.

DL-based approaches [39] overcome several of
the aforementioned challenges: they can be applied
to predict complex responses covering much larger
design spaces, and it can predict output response in
far less computational time, in either training or exe-
cution, than traditional methods. In this paper, the DL-
based approach used in [15], namely CNN, is extended
to accomplish extrapolation in both DSE and FE for
microwave filters. To validate the effectiveness of the
proposed CNN, it is applied on 5- and 8-pole microwave
filters. The proposed CNN model is able to predict
the frequency response in either DSE or FE with high
accuracy and speed (in both training and execution)

compared with a radial basis function neural network
(RBFNN) [40–43] which is a shallow (non-deep) NN.

II. CNN FOR CIRCUIT MODEL-BASED
DSE AND FE

The circuit model-based equation that relate the
coupling matrix M and filter S-parameters is given
by [44]:

S11 = 1+2 jR1[γI− jR+M]−1
11

S21 =−2 j
√

R1R2[γI− jR+M]−1
N1 , (1)

where γ = ( f0/BW )(( f/ f0)− ( f0/ f )), f , f0, and BW
are the frequency, filter center frequency, and filter
bandwidth, respectively, N is the filter order, I is N ×N
identity matrix, M is the N × N symmetric coupling
matrix, R is a N × N matrix with all entries are zero
except [R]11 = R1 and [R]NN = R2, and R1 and R2
are the filter’s input and output coupling parameters,
respectively, as shown in Fig. 1 [44].

Fig. 1. Equivalent circuit of an N-coupled resonator
filter.

A. Design space exploration
The CNN model for DSE, shown in Fig. 2 (a),

uses forward mapping. The input of the CNN is the
vector of nonzero coupling parameters Mnz. The output
of the CNN is the required vectors |S11| and |S21|, rep-
resenting the scalar magnitudes of the two S-parameters
at RDSE frequency points in the full frequency range
of interest. Therefore, the total number of outputs is
2RDSE . In the case of DSE, the number of the frequency
points RDSE = 2001.

In order to generate the training and validation data
of CNN, we assume a training space for every ideal
nonzero coupling parameter. Here, the assumed training
space is composed of two ranges: [Mideal

nz −1.5,Mideal
nz −

0.5] and [Mideal
nz + 0.5,Mideal

nz + 1.5], where Mideal
nz is

the vector of ideal nonzero coupling parameters. 1.5
and 0.5 are two vectors of the same length as Mideal

nz
and whose all elements are 1.5 and 0.5, respectively.
We then use 12500 (10000 for training and 2500 for
validation) uniformly distributed random samples in this
space for coupling parameters. For each sample of cou-
pling parameters, (1) is used to obtain the corresponding
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Fig. 2. Circuit model-based CNN for coupling matrix
extraction: (a) design space exploration (DSE) and
(b) frequency extrapolation (FE).

S-parameters. In this way, we can get the training
and validation data for the DSE model. Once trained,
the frequency response of an input coupling tuple is
predicted, which is beyond the bounds of the training
space, namely, the extrapolation coupling tuple. In this
case, the extrapolation coupling tuple is the vector of
ideal nonzero coupling parameters Mideal

nz . Then, the
predicted frequency response is compared to the ideal
one. The accuracy of the predicted frequency response
for the extrapolated coupling tuple is a measure of the
generalization capability of the network.

B. Frequency extrapolation
Extrapolating the frequency response is important

since designers need to determine if there are any reso-
nances in proximity to the simulated (or measured) data
which are bandlimited. The CNN model for FE, shown
in Fig. 2 (b), uses what so called inverse mapping. In
contrast with DSE model, the input of the FE model
is the vectors |S11| and |S21| at RFE frequency points
along only a half of the frequency range of interest. The
model is trained along the first half of the frequency
range while extrapolated (tested) along the second half.
In either case, RFE is 1001 frequency points, thus the
total input is 2RFE = 2002. The output of the CNN is
the vector of nonzero coupling parameters Mnz.

In order to generate the training and validation data
of CNN, we assume a tolerance of ±0.5 for every
ideal nonzero coupling parameter. We then use 12500
(10000 for training and 2500 for validation) uniformly
distributed random samples in this range for coupling
parameters. For each sample of coupling parameters,
(1) is used to obtain the corresponding S-parameters

along the training frequency range. By swapping the data
of coupling parameters and S-parameters, we can get
the training and validation data for the FE model. The
trained CNN is tested by the ideal set of S-parameters
(corresponding to the ideal Mnz) along the extrapolated
frequency range. Then, the extrapolated (predicted) fre-
quency response is compared to the ideal one. It should
be noted that the layouts for DSE and FE, shown in
Figs. 2 (a) and (b), have proved their efficacy [26]. This
also will be seen throughout the results in the paper.

III. PROPOSED STRUCTURES
A. RBFNN model

RBFNN is a special three-layer feedforward net-
work, which consists of an input layer, an output layer,
and a single hidden layer as shown in Fig. 3. In the
hidden layer, the nonlinear functions are usually consid-
ered to be Gaussian functions of appropriately chosen
means and variance. The weights from the hidden to the
output layer are determined by considering a supervised
learning procedure. Assume that the input, hidden, and
the output layers have J, K, P nodes, respectively. The
network output vector is given by

wp =
K

∑
k=1

ωp,ke
− ∥z−ck∥

2

σ2
k (p = 1, . . . ,P), (2)

where z = [z1 z2 . . . zJ ] is the input vector, ck and σk
are the center vector and the standard deviation (spread
parameter) of the kth Gaussian function, respectively,
and {ωp,k; p = 1, . . . ,P;k = 1, . . . ,K} is the weight from
the kth hidden node to pth output node.

Fig. 3. Architecture of the RBFNN.

B. CNN model
CNNs have one or more convolutional and pooling

layers to learn the discriminative features from the input
data. After all the convolutional and pooling layers, these
learned features are then aggregated to the vectors by the
fully connected layers for the regression task [45]. After
many simulation trials, it is found that the CNN struc-
tures for DSE and FE which provide the best accuracy
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Table 1: Proposed CNN structures for DSE and FE
Layer Size Nodes Stride Padding Activation

FE DSE FE DSE FE DSE FE DSE FE DSE
Input (Image) − 1×2×1001 = 2002 1×1×Length{Mnz}= Length{Mnz} − − −

Conv1

2×2

3×3 8 64 1

same

ReLU
MaxPool1 2×2 − 2 −

Conv2 3×3 16 128 1 ReLU
MaxPool2 2×2 − 2 −

Conv3 3×3 32 256 1 ReLU
MaxPool3 2×2 − 2 −

50% Dropout
FC − 50 500 − − ELU

Output − Length{Mnz} 4002 − − Linear

and ensure optimal network performance are detailed
in Table 1. There are three convolutional (Conv) layers
and three maximum pooling (MaxPool) layers. The
number of feature maps at each convolutional layer is
as twice as the previous layer. Each convolutional layer
is followed by a pooling layer to reduce the dimension
of network parameters. All convolutional layers have
a stride of 1 and ‘same’ padding. All pooling layers
have a size of 2 × 2, stride 2, and ‘same’ padding.
After the sequence of convolutional and pooling layers,
there is a single fully connected (FC) layer followed
by the output layer. In order to avoid overfitting during
training, a dropout operation with a rate of 50% is used
at the end of the convolutional and pooling layers. The
activation functions used in the convolutional layers and
the fully connected layer are rectified linear unit (ReLU)
and exponential linear unit (ELU), respectively. Since
this is a regression problem instead of a classification
problem, no activation is used at the output layer (linear
activation).

For DSE structure, the input vector is first reshaped
into a 1× 1×Length{Mnz} input image. The first con-
volutional layer comprises of 64 feature maps. There
are 128 and 256 feature maps in the second and third
layers, respectively. The size of the feature map in each
convolutional layer is fixed at 3× 3. The FC layer has
500 nodes. The output layer has 2RDSE = 4002 nodes.

The FE model is used to predict the frequency
response over only half of the frequency range of inter-
est. Its structure is simpler than that of the DSE, as
shown in Table 1. First, its total 2002 inputs are reshaped
into a 1×2×1001 input image. The three convolutional
layers have 8, 16, and 32 feature maps, respectively. The
size of the feature map in any convolutional layer is fixed
at 2× 2. The FC layer has 50 nodes. The output layer
has a number of nodes equals the number of nonzero
coupling parameters. It should be noted that RBFNN
has the same number of inputs and output as the CNN
except it cannot accept an image or 2D input. Therefore,
the input vector in this case is 1D.

IV. EXAMPLES
To verify the performance of the CNN-based DSE

and FE models, they are applied on 5- and 8-pole
microwave filters. The Adam (adaptive momentum)
optimization algorithm [46] is used to update the net-
work weights and the loss function used for this network
is the mean squared error. The initial value of the
learning rate is 0.001. During the training, the learning
rate is decreased by a rate of 0.1 each 40% of number of
epochs. The batch size is 40 and number of epochs is 10.
To further verify the performance of the CNN, it is com-
pared to that of the RBFNN. In all examples, the filter’s
input and output coupling parameters are assumed to be
equal, i.e., R1 = R2. The CNN is implemented (trained,
validated, tested) using MATLAB R2024a using Deep
Learning Toolbox. The RBFNN is trained using the
training function “newrb” in the same toolbox, in which
a hidden node is added each epoch (iteration) until a
target mean square error (MSE) is reached.

A. 5-pole filter
In this example, we use the proposed CNN to

develop DSE and FE models for a 5-pole dielectric
resonator filter with a 3.4 GHz center frequency and a 54
MHz bandwidth [44]. The nonzero coupling parameters
are Mnz = [R1 M12 M14 M23 M34 M45]

T with their
ideal values Mideal

nz = [1.1330,0.8660,−0.2520,0.7920,
0.5950,0.9010]T .

Figure 4 shows the DSE predicted frequency
responses of CNN and RBFNN compared to the ideal
one. As can be seen, there is a perfect agreement
between the ideal and CNN responses compared with
the RBFNN response, that is, owing to the capability
of CNN to extract the hidden features in the input
data, automatically. On the other hand, because the
RBFNN is shallow, it cannot strengthen the network
training process by reconstructing the input coupling
parameters. The used shallow RBFNN, has only one
hidden layer with 200 neurons, cannot represent this
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Fig. 4. DSE responses of a 5-pole filter: (a) return loss
and (b) insertion loss.

high-dimensional input-output relationship effectively.
Our proposed CNN modeling technique is suitable for
this high-dimensional modeling problem. The training
and validation losses of CNN for DSE are found to be
0.0358 and 0.0319, respectively.

Figure 5 shows the corresponding FE responses.
As shown, the CNN and RBFNN are trained only on
the first half of the response to extrapolate the second
half. As can be seen, the extrapolated CNN response
exactly follows the ideal one compared to RBFNN
which is away from accuracy. In general, conventional
shallow NNs cannot extrapolate. This is because they are
meant to create a mapping from the input function space

S

Fig. 5. FE responses of a 5-pole filter: (a) return loss and
(b) insertion loss.

to output function space. Given an input testing point
way beyond the training range, the network is highly
prone to errors depending on whether it is overfitting or
underfitting the data. The training and validation losses
of CNN for FE are found to be 0.3030 and 0.2914,
respectively.

B. 8-pole filter
The second example involves the DSE and FE of

an 8-pole elliptic-function filter with 30 MHz bandwidth
centered at 3 GHz [47]. The nonzero couplings are R1,
M12, M23, M27, M34, M36, M45, M56, M67, M78. However,
the coupling matrix of this filter is dual-symmetrical
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Fig. 6. DSE responses of an 8-pole filter: (a) return loss
and (b) insertion loss.

meaning that it is symmetrical with respect to its anti-
diagonal as well as its diagonal [48]. Therefore, M12 =
M78, M23 = M67, and M34 = M56. Consequently, the out-
put of NNs is Mnz = [R1 M12 M23 M27 M34 M36 M45]

T .
The ideal values are

Mideal
nz =

[
1.2420, 0.9380, 0.6310, −0.0180,

0.5760, 0.0660, 0.5190

]T

The predicted DSE and FE S-parameters by both
NNs along with the ideal ones are shown in Figs. 6
and 7, respectively. As shown in Figs. 6 (a) and 7 (a),
the CNN captures all the resonant peaks and dips

Fig. 7. FE responses of an 8-pole filter: (a) return loss
and (b) insertion loss.

along passband with very high accuracy in contrast
with RBFNN. In general, there is excellent correlation
between the ideal and CNN responses, compared to
RBFNN. The RBFNN architecture fails to learn the
frequency response because of a lack of learning data
dependencies. This shows that CNN architecture allows
for parameter sharing and exploitation of spatial depen-
dencies in data to learn a complex frequency response.
We conclude that the CNN is much more accurate than
the RBFNN for DSE and FE of microwave filters. The
CNN training and validation losses for DSE are found to
be 0.0227 and 0.0169, while they are 0.2843 and 0.2913
for FE, respectively.
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Table 2: Percentage RMSE, training, and execution times of CNN and RBFNN for DSE and FE for 5- and 8-pole
filters

NN 5-Pole Filter 8-Pole Filter
Training Time Execution Time RMSE (%) Training Time Execution Time RMSE (%)

DSE
CNN 6.2 min 0.05 s 0.28 6.35 min 0.06 s 0.38

RBFNN 2.9 h (200
hidden neurons)

1.4 s 14.72 7.1 h (400
hidden

neurons)

1.7 s 16.85

FE
CNN 34 s 0.04 s 0.09 35 s 0.05 s 0.11

RBFNN 1.8 h (150
hidden neurons)

0.14 s 13.8 3.2 h (350
hidden

neurons)

0.19 s 15.81

Table 2 shows the training and execution times as
well as the percentage root mean square error (RMSE)
between ideal and predicted responses by NNs for DSE
and FE for 5- and 8-pole filters. Table 2 also shows
the number of hidden neurons in the hidden layer of
RBFNN for each response. It can be seen that the CNN
modeling for either DSE or FE is with much higher
accuracy and much shorter training and execution times
than the RBFNN modeling. As mentioned earlier, the
RBFNN is a shallow type NN (only has one hidden layer
whatever the number of hidden neurons used). That is
why it takes much longer training time when dealing
with high-dimensional problems (like the present one).
On the other hand, the DL-based CNN can retrieve
features from data with high dimensions with much
shorter training and execution times due to its sparse
connectivity and shared weights enabling CNNs to have
small numbers of parameters.

Since FE structure, in general, is simpler than the
DSE structure, it has less error and shorter training and
execution times than those of DSE. Also, compared to a
5-pole filter, the 8-pole filter has higher error and higher
training and execution times whether for DSE or FE,
because it has a more complex frequency response than
that of a 5-pole filter.

For CNN, the training data generation times of a
5-pole filter for DSE and FE are 2.4 min and 1.6 min,
respectively. For an 8-pole filter, they are 2.7 min and
2.1 min, respectively. This indicates that the full time
required to achieve a result from a trained CNN net-
work for either filter (including the dataset generation)
is still very small compared with the time required
to achieve the same result in a classical way using
direct models. Moreover, our proposed circuit model-
based CNN can provide extrapolation results instantly
(its execution time is a fraction of a second as shown
in Table 2), while the classical full-wave EM model-
based methods can take hours to do that by repetitively

simulating/measuring the filter during optimization iter-
ations. Although a large training dataset may be required
for network training, it can be implemented offline. After
training, it can be used online (in the execution phase)
for DSE and FE of microwave filters. In other words,
the network training (including the dataset generation)
is done only once after that the network can be used as
a real-time design space and frequency extrapolator for
microwave filters.

V. CONCLUSION
A circuit model-based CNN is proposed for design

space and frequency extrapolation of microwave filters.
In this paper, the coupling parameters of microwave fil-
ter constitute its design space. The CNN-based approach
is used to predict the frequency response as a function
of the coupling properties. The results show that the
proposed CNN method can be used reliably to perform
the DSE and FE for microwave filters. Compared to the
shallow neural network, the deep-learning-based CNN
is much more accurate and faster whether in training
or execution. Unlike the full-wave EM model-based
methods, our proposed CNN model does not need to
simulate and/or measure the filter iteratively, therefore
saving much computational time and resources. For a
5-pole filter, the training time of CNN is found to be
6.2 min and 34 s for DSE and FE, respectively. For
an 8-pole filter, the training time of CNN is found to
be 6.35 min and 35 s for DSE and FE, respectively.
In general, the execution time of CNN is a fraction
of second. The CNN training and validation losses are
found to be comparable indicating that CNN is not
overtrained. Once the CNN model is developed (trained
and validated), it can be utilized as an instant design
space and frequency extrapolator for microwave filters
for similar tasks, i.e., it can be used for design space and
frequency extrapolation for any N-pole filter.
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