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Abstract ─ To evaluate the overall anechoic 
chamber performance it is necessary to determine 
reflectivity of the absorbers. As manufacturer 
specifications usually give only information about 
frequency dependent reflection coefficient at 
normal incidence of EM waves, a time-consuming 
electromagnetic analysis is necessary to calculate 
the reflection coefficient at off-normal incident 
angles. In this paper, an efficient alternative 
approach to obtain the reflection coefficient at off-
normal incidence is proposed. It is based on 
artificial neural networks trained to model the 
absorber reflectivity dependence on the frequency 
and incident angle of horizontally and vertically 
polarized electromagnetic waves. The model has 
been developed for pyramidal absorbers at low 
microwave frequencies (0.4 GHz–1 GHz). 
 
Index Terms ─ Artificial neural networks, 
incident angle, microwave pyramidal absorber, 
reflectivity. 

 
I. INTRODUCTION 

The internal appearance of a radio frequency 
(RF) anechoic chamber, where measurements of 
antenna radiation patterns, electromagnetic 
compatibility (EMC) and radar cross section 
(RCS) are performed, is covered with a radiation 
absorber material (RAM). In an anechoic chamber, 
the transmitter is located at one end of the 
chamber and the receiver is located at the opposite 
end, called quite zone or test region. Generally, 
electromagnetic waves in the chamber propagate 
in all directions. Reflections from the walls, floor 
and ceiling affect the complex wave front at the 
receiver. The total electromagnetic field in this 

region is equal to the sum of the direct and 
reflected EM waves between the source of EM 
energy and the device under test. The RAM is 
specifically designed and shaped to absorb the 
incident RF radiation in the test region to avoid 
measurement errors. Various parameters that 
affect performance of a microwave absorber 
include shape, volume, dimensions, and material 
properties. Research in the field of radiation 
absorber material has been mostly focused on the 
development of absorbers with good performance 
in term of reflection at normal incidence of EM 
waves, reduced scattering in broad range of 
incident angles, greater bandwidth and reduced 
thickness [1-4]. The final objectives of such 
research have been to provide cost savings in the 
process of the construction of an anechoic 
chamber, and to improve its overall performance. 

In the manufacturer specifications of a 
microwave pyramidal absorber, the most 
commonly used type of microwave absorbers, 
information about frequency dependent reflection 
coefficient at normal incidence of EM waves can 
be found. Absorber characteristics when incident 
angles deviate from normal are usually unknown. 
In practice, microwave absorber should offer 
favorable properties at off-normal incidence as 
well. Since these data are not available due to 
practical limitations of the test fixtures to measure 
the RF absorber reflectivity, simulations 
employing EM solvers are successfully used to 
determine the absorber performance [1-2]. A 
potential disadvantage of EM simulations is that 
they are computationally intensive for large 
structures such as a microwave pyramidal absorber 
used at frequencies below 1 GHz. Besides EM 
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models, a number of numerical models are 
developed to optimize absorber dimensions and 
material parameters [3, 5-11].  

In this work, we suggest an application of 
artificial neural networks (ANNs) in the evaluation 
of microwave pyramidal absorber performance. 
ANNs are very convenient as a modeling tool 
since they have the ability to learn from the 
presented data, and therefore, they are especially 
useful for problems not fully mathematically 
described. In other words, ANNs are able to map 
dependence between two datasets. The learning 
process is an optimization procedure through 
which parameters of the ANN are optimized in 
order to have the ANN outputs as close as possible 
to the desired target values. Compared to standard 
data fitting/interpolation technique, e.g. 
polynomial interpolation, ANNs have greater 
capability of fitting a nonlinear and complex 
dependency, especially in the cases where 
increasing the order of the used polynomials does 
not change fitting accuracy. Owing to the 
mentioned advantages ANNs have been efficiently 
applied in a wide range of modeling problems. 
There are many publications reporting the results 
of applications of the neural networks in the 
microwave area, referring to both passive and 
active microwave devices and circuits [13-21]. 
The idea presented in this paper is to replace 
cumbersome EM calculations requested for 
determining the reflectivity by an efficient neural 
model, i.e. to train an ANN to model reflectivity of 
an absorber against polarization, frequency, and 
incident angle. As it is shown in the paper, the 
developed ANN models are able to give accurate 
results providing significant time savings. The 
paper is organized as follows. In Sections II and 
III, the theoretical background on microwave 
absorbers as well as on artificial neural networks is 
given. The proposed approach is described in 
Section IV, followed by the numerical results 
given in Section V. The last section contains the 
concluding remarks. 

 
II. MICROWAVE PYRAMIDAL 

ABSORBERS 
Depending on the electromagnetic absorbing 

mechanism, dielectric and magnetic absorbers are 
commonly used for lining the internal appearance 
of the anechoic chamber. Hybrid absorbers, that 

combine both the magnetic and dielectric 
absorbers, can also be found in some anechoic 
chambers. 

Dielectric absorbers are usually made of 
carbon impregnated polyurethane foam. Generally, 
the primary loss mechanism is the conversion of 
RF energy into heat, although most radiation 
absorber materials do not get very warm when 
they are illuminated by EM waves [4]. 
Performance of dielectric absorbers is a function 
of frequency-dependent electrical characteristics 
of the material such as relative permittivity ( rε ) 
and loss tangent (tan δ). In reality, losses in the 
dielectric are directly determined by the 
concentration of carbon particles in the material. 
Microwave absorbers using dielectric losses are 
electrically conductive in most cases. Dielectric 
absorbers are usually shaped into pyramids and 
wedges [1-11]. A number of such elements are 
fastened to the square base made of the same 
absorbing material. Elements are typically 
bounded to the metallic surfaces of the internal 
chamber walls, mostly by the adhesive glue of low 
relative dielectric constant.  

The cross-section of a pyramidal absorber 
linearly increases towards the chamber wall 
having a function of impedance transformer. The 
propagation of an EM wave with normal incidence 
to the wall can be modeled as propagation across 
an equivalent transmission line of characteristic 
impedance of 377 Ω (free-space impedance). In 
order to achieve the optimal matching condition, 
the transmission line is loaded with the same 
impedance (metal wall covered by the absorber).  

 

The reflectivity behavior versus frequency 
depends on the height of a particular pyramid, 
with larger pieces giving better absorption 
performance at lower frequencies. Consequently, 
the selection of pyramidal absorber for lining the 
internal appearance of the anechoic chamber 
varies depending on the lowest operating 
frequency. For specific applications like EMC 
measurements, or applications with weight 
restrictions, pyramidal absorbers employing high 
pyramids are required [6-7]. Generally, a 
pyramidal absorber has good performance in 
attenuating the reflections of electromagnetic 
waves when the height of pyramids is greater than 
the wavelength of EM waves. When an EM wave 
illuminates the absorber surface, it can be 
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reflected, scattered at pyramid tips, or absorbed. 
At the lower frequencies, when the pyramids 
height becomes smaller compared to the 
wavelength of EM waves, performance of the 
pyramidal absorber rapidly deteriorates. Since the 
absorber dissipates only a part of the incident EM 
wave energy, reflections from metal walls are 
significantly higher than the absorption and 
scattering at pyramid tips.  

If the geometry of an anechoic chamber is 
designed in such a way that the EM wave from the 
transmitter reaches the receiver after several 
reflections from the walls, floor and ceiling, the 
EM wave is attenuated enough, and does not affect 
the measurement accuracy.  

To determine the reflection coefficient of a 
microwave pyramidal absorber sample using a 3D 
EM solver, in the first step, the radar cross section 
(RCS) of reference metallic reflector must be 
calculated. The RCS is a far field parameter that 
determines the scattering properties of a specific 
target. It represents a complex parameter 
depending on the incident wave, i.e. depending on 
the polarization, propagation angle, operation 
frequency of the incident wave and the target itself 
(geometry, material characteristics). A perfect 
electric rectangular conductor has theoretical RCS 
value that can be expressed as a function of the 
operating frequency as follows 

,4
2

22
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πσ WL=                          (1) 

where σ is radar cross section (m²), L is the length 
of metal reflector (m), W is the width of metal 
reflector (m), λ is the wavelength of the 
electromagnetic wave (m). Normalized value in 
dB can be written as 
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and represents a reference value when the 
reflection of the pyramidal absorber is determined. 
After the RCS of a metallic reflector is obtained, a 
microwave absorber in the form of an array of 
pyramids is placed on the metal surface. RCS of 
the structure is then calculated. The reflection 
coefficient of the pyramidal absorber is 
determined as the difference between the RCS 
values of metallic reference and pyramidal 
absorber sample. In the case of normal incidence 
of the EM wave on the absorber surface, the RCS 

is calculated in the same direction, normal to the 
plane in which the metallic reflector is placed. 
However, if the incident angle of EM wave is off-
normal (e.g. θ), the RCS is taken from the 
direction –θ [2].  
 
III. ARTIFICIAL NEURAL NETWORKS 

For the purpose of developing a neural model 
of a microwave pyramidal absorber standard 
multilayer ANNs can be exploited. A multilayer 
perceptron (MLP) neural network is shown in Fig. 
1 [13]. An MLP ANN is built up of a number of 
elementary processing units, called neurons, which 
is organized into layers (an input layer, an output 
layer as well as several hidden layers). Every 
neuron in each layer is connected to all neurons 
from the adjacent layer but no connections are 
permitted between the neurons belonging to the 
same layer. Each neuron is characterized by an 
activation function and its bias, and each 
connection between two neurons by a weight 
factor. 

 

 
 
Fig. 1. Multilayer perceptron neural network. 

 
Input signals propagate gradually from the 

input layer through the hidden layers up to the 
output layer. The output of the l-th layer can be 
written as 

),( 1 llLl BYWFY += −                 (3)              

where lY  and 1−lY  are outputs of l-th and (l-1)-th 
layer, respectively, lW is a weight matrix between 
(l-1)-th and l-th layer and lB  is a bias matrix 
between (l-1)-th and l-th layer. Function F is the 
activation function of each neuron and, it is linear 
for input and output layer and sigmoid (tan-sig in 
the particular case) for hidden layers [13]. With 
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one or two hidden layers, ANNs can approximate 
virtually any input-output mapping. 

A neural network is trained to learn 
relationship between sets of input-output data that 
are characteristics of the structure under 
consideration. The most known training procedure 
is the back propagation algorithm and its 
modifications such as quasy-Newton or 
Levenberg-Marquardt algorithms [13]. The back 
propagation algorithm can be described shortly as 
follows: after the input vectors are presented to the 
input neurons, the output vectors are computed. 
These output vectors are then compared with 
desired values and errors are determined. Error 
derivatives are then calculated and summed up for 
each weight and bias until whole training set has 
been presented to the network. The error 
derivatives are used to update the weights and 
biases for neurons in the model. The training 
process continues until errors are lower than the 
prescribed values or until the maximum number of 
epochs (epoch - the whole training set processing) 
is reached. Once trained, the network provides fast 
response for different input vectors, even for those 
not included in the training set (generalization 
capability, which is the most important feature of 
ANNs).  

Having in mind that the most sensitive region 
of the typical neuron transfer functions is in the 
narrow range ([-1, 1] in the case of the tan-sigmoid 
function), to avoid saturation of neurons the input 
and output data are scaled from the original range 
to the normalized range [-1, 1]. Therefore the 
ANN response is normalized and has to be de-
normalized to obtain the final output values. 
Normalization and de-normalization are done as 
described in [13]. 

To determine accuracy of an ANN model, 
average test error (ATE [%]), worst-case error 
(WCE [%]), and correlation coefficient, r, between 
the reference and the data simulated by the ANN 
are calculated, [13].  

The Pearson product-moment correlation 
coefficient r is defined by: 

( )( )
( ) ( )∑ ∑
∑

−−

−−
=
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r ,            (4)                        

where ix  represents the reference value, iy is the 

ANN computed value, x is the reference sample 

mean, and y  is the ANN sample mean. The 
correlation coefficient is an indicator how the 
modeled values match the reference ones. If a 
correlation coefficient is close to one that means 
that MLP ANN has an excellent predictive ability, 
whereas a coefficient close to zero indicates poor 
performance of the network. 

Since computing of the trained ANN response 
can be done practically instantaneously due to 
performing only basic mathematical operations 
and calculating elementary functions, neural 
models are much faster than the computatively 
intensive and time-consuming EM models. This 
ability qualifies them as very suitable to be applied 
in the area of modeling of different EM structures, 
as it is shown in this paper for the case of the 
microwave absorbers modeling. 

 
IV. PROPOSED MODEL 

As mentioned in Section II, determination of 
the reflectivity of microwave pyramidal absorbers 
in 3D EM solvers takes a lot of time. In order to 
make the time needed for the reflectivity 
calculation shorter, here a microwave pyramidal 
absorber model based on ANNs is proposed.  

 It consists of two ANNs trained to model 
dependence of the absorber reflection coefficient 
on the frequency and incident angle of the 
horizontally and vertically polarized EM wave 
illuminating the absorber. According to this, each 
ANN has two neurons in the input layer 
corresponding to the frequency and the incident 
angle and only one neuron in the output layer 
corresponding to the reflectivity of the modeled 
absorber at the desired polarization, Fig. 2. 

 

 
 
Fig. 2. Proposed ANN model. 
 

The data used to train the ANN are values of 
the reflection coefficient obtained in a 3D EM 
solver for certain number of input combinations. 
Since the number of hidden neurons cannot be a 
priori known, it should be determined during the 
training process. Namely, ANNs with a different 
number of hidden neurons are trained and 
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compared, and according to the test statistics, the 
best structure for the considered case is found. 
After the completed training and evaluation, the 
trained ANN can be used for fast calculating the 
reflectivity of the modeled absorber without using 
a 3D EM solver. It is important to note that 
reflectivity can be determined accurately for any 
input value belonging to the same range as the 
inputs used in the training process. 

 
V. NUMERICAL RESULTS 

The proposed model has been developed for 
an absorber sample of 6x6 pyramids aimed for use 
in an anechoic chamber at low microwave 
frequencies (0.4 GHz – 1 GHz).  

 

 
 
Fig. 3. Analyzed sample of the microwave 
pyramidal absorber (a=330 mm, b=900 mm, 
c=210 mm). 

 
It is supposed that the absorber is made of 

carbon impregnated polyurethane foam whose 
complex relative permittivity is frequency 
dependent. At the frequency of 0.4 GHz it has a 
value of 1.28 – j 0.16 which gradually decreases to 
1.1 - j 0.1 at 1 GHz [3]. The training and test data 
for ANN models are obtained using the full-wave 
electromagnetic solver WIPL-D [22]. ANNs for 
both horizontally and vertically polarized EM 
illuminating waves have been developed and 
validated independently. In both cases, the training 
data consisted of the training samples referring to 
the incidence angles from 0° to 90°, in steps of 
10°. For each angle, the absorber reflection 
coefficient has been determined by EM 
simulations in the frequency range of 0.4 GHz -  
1 GHz with a step of 0.1 GHz. Further, ANNs 
with a different number of hidden layers have been 
trained and tested. After intensive 
experimentation, it has been found that the 
following ANNs provided the best test statistics: 
for vertically polarized EM waves an ANN having 

two hidden layers with 15 neurons in each of 
them, and for horizontally polarized EM waves an 
ANN with two hidden layers having 20 neurons 
each. For the chosen ANNs, the Pearson product-
moment correlation coefficient calculated for the 
case of the simulation of the reflectivity for the 
training inputs has value of 0.9999 for verically 
polarized EM waves, and 0.9998 for horizontally 
polarized EM waves. 

To illustrate accuracy of the proposed model, 
i.e. to show how much the ANNs have learned the 
training data and how much are capable to 
generalize, in Figs. 4 and 5 there is the reflectivity 
plotted against the incidence angle. Figure 4 refers 
to the training frequencies (0.4GHz, 0.8 GHz, and 
1 GHz), whereas Fig. 5 refers to the frequency not 
used for the training (0.85 GHz).  
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Fig. 4. Reflectivity performance of the microwave 
pyramidal absorber at training frequencies 
for (a) vertically and (b) horizontally polarized 
EM waves. 
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Fig. 5. Reflectivity performance of the microwave 
pyramidal absorber at test frequency f=0.85 GHz 
for vertically polarized EM waves. 
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Fig. 6. Reflectivity performance of the microwave 
pyramidal absorber for different incident angles of 
EM waves. 

 
In addition, the reflectivity versus frequency 

for both polarizations and different incidence 
angles is plotted in Fig. 6. 

Lines represent the reflectivity simulated by 
the ANN models, whereas the symbols refer to the 
reference data obtained by the EM solver. Circles 
correspond to the training values of the incidence 
angles and triangles correspond to the values of 
the incident angle not used for the network 
training. 

A good agreement of the simulated and the 
reference values for both training and test samples 
confirm the ability of the ANN model to simulate 
accurately the absorber reflectivity for different 
inputs. As an additional illustration, in order to 

compare the reflectivity simulated by the EM 
solver with the one obtained by the ANN model, 
in Fig. 7. There are reflectivity values used for the 
training purposes calculated by the EM solver and 
the reflection coefficient simulated by the ANN 
model in steps of 0.01 GHz for the frequency, and 
1° for the incident angle. The plots confirm that 
the ANN model calculates the reflectivity with the 
same accuracy as the EM solver. 

Using the ANN model instead of the EM 
solver significant time savings can be provided. 
For example, to calculate the reflectivity for one 
input combination (one frequency point at a fixed 
incident angle) in WIPL-D, the simulation time 
 was 0.5 minutes at 0.4 GHz, and 25 minutes at  
1 GHz. Simulations were performed at a Pentium 
dual-core computer (2 GHz CPU with 4GB RAM 
memory). With further increasing of the operating 
frequency, the EM solver needs more time to 
calculate reflectivity since the structure of the 
absorber sample becomes electrically larger. On 
the other side, ANN trained to predict the 
reflectivity of the absorber can determine the 
reflectivity for a given input combination in a 
matter of second, independently of the operating 
frequency. 
 

VI. CONCLUSION 
In this paper, modeling of microwave 

pyramidal absorber utilizing artificial neural 
networks (ANNs) is reported. An ANN model has 
been developed to estimate absorber performance 
at different incident angles of electromagnetic 
waves and operating frequencies, for vertical as 
well as horizontal polarization. For model 
development, the reflectivity calculated by the EM 
solver has been used. As illustrated, the 
reflectivity calculated by the ANN model is very 
close to the reference reflectivity obtained by the 
EM solver. Once trained ANN model calculates 
the reflectivity directly, outside the EM solver, not 
by subtracting RCSs of the metallic reflector and 
the pyramidal absorber sample as it is usually done 
in 3D EM solvers, consequently saving the 
simulation time while maintaining the accuracy as 
illustrated in the presented example. 

The ANN model simulates reflectivity in a 
matter of seconds independently of the operating 
frequency, which is its advantage over the EM 
solvers where simulation time depends on the 
frequency and is order of tens of minutes.  
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Therefore, a new design methodology that is 
both accurate and fast at the same time can be an 
alternative solution to time-consuming simulations 
using full-wave electromagnetic solvers. 
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Fig. 7. Reflectivity performance of the microwave 
pyramidal absorber (a) training samples calculated 
by the full-wave EM solver (b) simulated by the 
ANN model. 
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