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 Two important features of the points in the LiDAR point clouds are the spatial and the color 
features. The spatial feature is mostly used in the point cloud processing field due to its 3D 
informative and distinctive characteristic. The local geometric difference derived from the 
spatial features of the points is usually benefited by graph-based point cloud segmentation 
methods, because the geometric features of the local point groups are highly distinctive. In this 
paper, we use both the geometric and color differences of the adjacent local point groups at 
the impact rates 0.3, 0.5, and 0.7 and cooperate the Euclidean and the vector color differences 
within several averaging techniques for the color difference. The difference forms have been 
tested within a graph-based segmentation method on four point cloud segmentation datasets, 
two indoor and two outdoor, using their spatial and color information. The geometric mean as 
an averaging techniques increases the segmentation success for the all datasets except one 
outdoor when the color differences are used in the segmentation at the impact rate 0.3, while 
the harmonic mean increases the success for the all datasets the successes except the other 
outdoor at the same impact rate. According to the test results, the cooperating of the Euclidean 
and vector angular color difference measurements can considerable increase the 
segmentation success on the point clouds with color information in a high quality. 

 
 
 
 

1. INTRODUCTION  
 
Point clouds are 3D spatial and usually colored data 

obtained with light detection and ranging systems 
(LiDAR) (Strom et al., 2010). Because the points in a 
LiDAR point cloud inherently come as high amount and 
unorganized, to extract meaningful information from the 
data is a challenging problem (Li et al., 2017). The point 
cloud segmentation, which groups the points to reduce 
the data to be processed and extract new features, is an 
intermediate stage through the process of extracting 
meaningful information (Barnea and Filin, 2013). 

Graph-based segmentation methods are widely 
preferred to segment the data for the segmentation 
process in both the image and point cloud processing 
fields. An efficient graph-based method (EGS) proposed 
for 2D image segmentation in (Felzenszwalb and 
Huttenlocher, 2004) is a widespread segmentation 
method due to the fastness and segmentation success. In 
this method, the nearby vertices (elements) are assumed 

to be connected by weighted edges. The weight values 
are weighted considering the differences in the color 
values between pixels for the 2D image segmentation 
process. Because the structures of 3D point clouds are 
unorganized unlike 2D images, it is difficult to process 3D 
point clouds. To deal with this problem, the points are 
usually grouped into regular 3D volumes (voxels) by the 
octree organization (Su et al., 2016; Xu et al., 2017). In 
this way, the edges are assumed between the adjacent 
voxels. 

On the other hand, it is an advantage for the point 
cloud processing field that LiDAR data has 3D spatial 
features. The 3D feature provides geometrical features 
which are more distinctive according to the color feature. 
Therefore, most graph-based point cloud segmentation 
methods use the local surface orientation difference for 
weighting the connections instead of color difference (Vo 
et al., 2015; Xu et al., 2018a). The other reason for the 
preference of geometrical differences is that the color 
feature is usually misleading because the color 

https://dergipark.org.tr/en/pub/ijeg
https://orcid.org/0000-0003-2980-9666
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information of the points is sensitive to the brightness 
varying according to the light and the reflectiveness 
varying according to the materials of objects (Xu et al., 
2018a). Another problem is that some spatially adjacent 
objects have similar colors. Nevertheless, some methods 
allow users to use color information with an adjustable 
influence rate, while some use color information at a 
certain rate (Papon et al., 2013; Strom et al., 2010; Zhu et 
al., 2017). 

The quality of the color information of point clouds 
varies and quite affects the success of the segmentation 
stage if the color information is used at the rate that is 
higher than 0. In this work, we enforce to increases the 
segmentation success by using the color information 
more efficiently. In this reason, we focus on the local 
color differences methods between two adjacent 
elements in the RGB (red, green, and blue) color space. In 
the literature, the Euclidean distance is widely used for 
the color difference between the two elements (Aijazi et 
al., 2013; Bassier et al., 2017; Dutta et al., 2014; Papon et 
al., 2013; Strom et al., 2010). On the other hand, Chen et 
al. 2019 use the spectral angle as color difference in their 
study. In this work, we use the vector angular difference 
and cooperate with the Euclidean distance in some 
forms. The tested cooperation forms consist of the 
arithmetic, geometric and harmonic means of the two 
measurements. 

Through our experiments, two indoor coarse and 
two outdoor fine point cloud segmentation datasets that 
include the RGB (red, green, and blue) color information 
of the points and reference segments. The color 
measures have been tested on the method EGS at the 
intervals 0.3, 0.5, and 0.7. The graphical results for two 
datasets are shown in the experimental results. As a 
quantitative segmentation evaluation, the Accuracy 
success measurement (Polak et al., 2009) has been used 
by looking at the compatibility between the result and 
reference segments after pairing them mutually one-to-
one. According to the Accuracy values, the cooperated 
color difference measurements increases the 
segmentation success at the influence rate 0.3 for nearly 
all of the tested datasets. 

The main contribution of this study is to present a 
new approach on the color distance measure for color 
informed point cloud segmentation. The result show that 
the cooperating of the Euclidean and vector angular 
differences by averaging as geometric and harmonic can 
significantly increases the segmentation success when 
the color information is a high quality in point clouds. 

 

2. METHOD 
 

2.1. Voxelization 
 

Voxels are equal-sized 3D cubic volumes and of 
regular/organized data structures (Lohmann, 1998). For 
the voxel organization, the octree data structure has been 
used in this study like many studies in the literature. The 
octree organization is performed through dividing the 
volumes into eight equal-sized sub-volumes by starting 
from the sup-volume that covers all points in the point 
cloud and specified according to the desired voxel size 
until the sub-volumes reach the intended voxel size. The 

voxel size refers to the length of an edge of the voxels. 
Through the voxelization process, the points are 
appointed into the voxels according to spatial 
coordinates. 

 

2.2. EGS Segmentation Method 
 

Felzenszwalb and Huttenlocher, 2004 proposed a 
new segmentation method, named as “Efficient Graph-
Based Method” (EGS), in 2004. The method runs 
successfully on 2D images in an effectively short time. 
The method regards the data elements (pixels for 2D 
images) as vertices and the connection between the 
adjacent vertices as edges. The edges are weighted with 
the Euclidean distance between the color vectors of the 
two vertices that are ends of the edges. In Fig. (1), the 
stages of the segmentation is presented. 

According to the method, at first, each element is 
seen as a segment and has a unique segment label. The 
edges are sorted in ascending order according to their 
weight values. Beginning from the smallest edges, the 
edges are considered to remove from the graph with 
respect to the criterion in Eq. (1). If the weight value 
𝑤(𝑢, 𝑣) of the edge between the vertices 𝑢 and 𝑣 meets 
the criteria, the edge is removed from the graph. 
Otherwise, the segments at the ends of the edge are 
involved in the same segments, and the elements in the 
two segments are labeled with the same segment label. If 
the segment labels are already the same, the edge is not 
evaluated by the criterion and directly removed. In Eq. 
(1), 𝐼𝑛𝑡(𝑢) and 𝐼𝑛𝑡(𝑣) are the longest edge in the 
segments 𝑆𝑢 and 𝑆𝑣, respectively. |𝑆𝑢| and |𝑆𝑣| refer to the 
number of elements in the segments 𝑆𝑢 and 𝑆𝑣, 
respectively. The parameter 𝑘 determines the degree of 
segmentation (under-segmentation or over-
segmentation).  
 

𝒘(𝒖, 𝒗) > 𝒎𝒊𝒏 (𝑰𝒏𝒕(𝒖) +
𝒌

|𝑺𝒖|
, 𝑰𝒏𝒕(𝒗) +

𝒌

|𝑺𝒗|
) (1) 

 
 
2.3 Geometric Difference 
 

The most used feature of the point groups in the 
voxels is the surface normals (Rabbani et al., 2006). The 
normal vectors give the inclination of the local 3D 
surfaces and the PCA (Principal Component Analyses) 
method is the most used technique to obtain it (Lari and 
Habib, 2014). The angle between the normals of two 
adjacent voxels is one of the basic geometric differences. 

The normalized form 𝒅𝒖𝒗̃ of the vector 𝒅𝒖𝒗 between the 
spatial centers 𝑿𝒖 and 𝑿𝒗 of two-point groups is a way to 
estimate the orientation through two adjacent local 
surfaces (Stein et al., 2014; Verdoja et al., 2017; Xu et al., 

2018a). The angles  𝛼𝑢 and 𝛼𝑣 between the vector 𝒅𝒖𝒗̃ 
and the normals 𝒏𝒖̃ and 𝒏𝒗̃ used widely to measure a 
geometric difference from the two local surfaces. As the 
geometric difference 𝐷𝑢𝑣

𝐺  in this work, we have used the 
formula in Eq. (2). 
 

𝑫𝒖𝒗
𝑮 =

𝜶𝒖 + 𝜶𝒗
𝟐

 (2) 
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The angles 𝜷𝒖 and 𝜷𝒗 in Fig. 2 (a) and Fig. 2 (b) are 

the acute angles between the normals and the vector 𝒅𝒖𝒗̃, 
namely, the angles can be in the range 0-90o. The angles 
𝜶𝒖 and 𝜶𝒗 are obtained by subtracting the angles 𝜷𝒖 and 
𝜷𝒗 from 90o. 
 
2.4 Color Difference 
 

LiDAR systems can integrate the spatial and color 
information about the scanned surfaces. In this way, the 
points in a point cloud save the values of both the 
coordinate and color vectors. The color information 
exists generally as RGB values. Each RGB color vector 
denotes a vector in the RGB color space. 

In the graph-based segmentation methods, the 
Euclidean distance between two color vectors is the most 
used measurement technique to measure the 
similarity/dissimilarity. To weight the edges between 
the vertices (voxels) with the Euclidean distance in point 
clouds, the mean RGB color values (𝑢𝑅, 𝑢𝐺  and 𝑢𝐵) of the 
points in the voxel 𝑢 are used. The Euclidean distance 
𝐸𝑢𝑣
𝑅𝐺𝐵 for color differences between the adjacent voxels 𝑢 

and 𝑣 can be calculated with Eq. (3) and seen in Fig. 3. 
 

𝑬𝒖𝒗
𝑹𝑮𝑩 = √(𝒖𝑹 − 𝒗𝑹)𝟐 + (𝒖𝑮 − 𝒗𝑮)𝟐 + (𝒖𝑩 − 𝒗𝑩)𝟐 (3) 

 

The vector angular difference is another distance 
measurement technique between two vectors as seen in 
Fig. 3. The angular difference 𝐴̂𝑢𝑣

𝑅𝐺𝐵 between two color 
vectors 𝒖𝑹𝑮𝑩 and 𝒗𝑹𝑮𝑩 can be in the range 0-.90o. The 
greater the angular difference, the greater the color tone 
difference. If the angular difference is small but the 
vector length difference is high between two RGB color 
vectors, their color tone is similar but color 
lightness/darkness is different.  This case allows the 
varying brightness over the surfaces to be ignored in the 
color-supported segmentation process. 

In this work, the values of the scaled Euclidean and 
vector angular differences, and their different 
cooperated forms in Table 1 are tested, with the different 
influence rates, to weight values of edges. To evaluate 
both the color differences within the equal range, the 
calculated Euclidean distance 𝑬𝑹𝑮𝑩 are scaled to the 
range 0-90 like the vector angular difference 𝑨̂𝑹𝑮𝑩 and 
the geometric difference 𝑫𝑮. In the normalization 
operation for the scaled Euclidean distance 𝑬̂𝑹𝑮𝑩, the 
lower and upper limits were considered as 0 and the 
maximum distance among the calculated Euclidean 
distance values. 
 
 
 

 
Figure 1. The weighting stage in the segmentation 
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Figure 2. Some geometric differences between two local 
surfaces 
 

 
Figure 3. The Euclidean and vector angular differences 
between two color vectors 
 

Table 1. Cooperation forms of color differences 
Name Color Difference Form 

Euclidean color difference 𝐸̂𝑅𝐺𝐵 
Vector angular color 
difference 

𝐴̂𝑅𝐺𝐵 

Arithmetic mean 
𝐸̂𝑅𝐺𝐵 + 𝐴̂𝑅𝐺𝐵

2
 

Geometric mean √𝐸̂𝑅𝐺𝐵 × 𝐴̂𝑅𝐺𝐵  

Harmonic mean 2 ×
𝐸̂𝑅𝐺𝐵 × 𝐴̂𝑅𝐺𝐵

𝐸̂𝑅𝐺𝐵 + 𝐴̂𝑅𝐺𝐵
 

 

3. EXPERIMENTAL RESULTS  
 
3.1 Datasets 
 

To test the color difference forms, the forms have 
been tested on four sample point cloud datasets (two 
indoors which are named as “Indoor 1” and “Indoor 2”, 
and two outdoors which are named as “Outdoor 1” and 
“Outdoor 2”). The indoor datasets are coarse 
segmentation datasets prepared for segmantic 
segmentation by (Armeni et al., 2016), while the outdoor 
datasets are cropped from outdoor building scans, which 
have been prepared from the two large-scale point cloud 
classification benchmark datasets (Hackel et al., 2017) 
with reference segments by (Xu et al., 2018a) and used 
by permission of (Xu et al., 2018b). The test data are 
shown with their original RGB colors in Fig. 4. 
 
 

3.2 Results 
 

In our experiments, the color difference forms in 
Table 1 have been used at the influence rates 0.3, 0.5, and 
0.7 with the geometric difference in Eq. (2) for the weight 
values of edges of the EGS method with the segmentation 
parameter 𝑘 in the range 0-300 with 10 intervals. The 
voxel size was specified as 0.1 like the study (Xu et al., 
2018a).  

As a quantitative evaluation, Accuracy measurement 
is used (Saglam and Baykan, 2019). According to the 
Accuracy measurement for segmentation success, the 
result segments and the reference segments have been 
paired firstly one-to-one, mutually. The pairing process 
is carried out according to the study (Awrangjeb and 
Fraser, 2014). After the pairing process, some segments 
among the result and reference segments may not be 
paired with any mutual segments. The ratio of the 
number of common points in the segment pairs to the 
number of points in the reference data indicates the 
Accuracy value. 

In Table 2, the Accuracy results of the segmentation 
results with the best 𝑘 parameter according to the color 
difference forms at the influence rates 0.3, 0.5, and 0.7 
are taken part. In Fig. 5, the colored presentations of 
some segmentation results with reference data are 
demonstrated. 
 

4. CONCLUSION 
 

The process of point cloud segmentation is an 
important intermediate stage to extract meaningful 
information from the raw point clouds. The spatial 
geometric features are the most used property for graph-
based point cloud segmentation methods. In this paper, 
we have added the color influence to local dissimilarity 
to weight connections in the graph structure at several 
influence rate. In the weighting method, the Euclidean 
and vector angular color differences are cooperated in 
some forms as arithmetic mean, geometric mean and 
harmonic means. The test was carried out on two indoor 
and two outdoor datasets using an efficient graph-based 
segmentation method. The method that cooperates the 
two color difference measures, especially the geometric 
mean and the harmonic mean, has substantially 
increased the segmentation success on the indoor 
datasets. On the other hand, the successes on the outdoor 
datasets is increased slightly because of the lack of color 
information on the outdoor datasets. The geometric 
mean as an averaging techniques increases the 
segmentation success for the all datasets except one 
outdoor when the color differences are used in the 
segmentation at the impact rate 03, while the harmonic 
mean increases the success for the all datasets the 
successes except the other outdoor at the same impact 
rate. The results show that the method is very useful 
when the segmentation are processed on the point 
clouds with sufficient color information. 

 

ACKNOWLEDMENT 
 

This study was carried out in the scope of the 
Doctoral Thesis of Ali SAGLAM. 
 



International Journal of Engineering and Geosciences– 2021; 6(3); 117-124 

 

  121  

 

  

 
Figure 4.  The original versions of the datasets used for segmentation 
 
Table 2. Accuracy results of the colour difference forms 

Color difference form Color influence rate 
Dataset 

Indoor 1 Indoor 2 Outdoor 1 Outdoor 2 
No color 0 0.6997 0.7187 0.6879 0.8036 

Scaled Euclidean difference 0.3 0.7057 0.7528 0.6076 0.7820 

Scaled Euclidean difference 0.5 0.7093 0.7158 0.5718 0.7209 

Scaled Euclidean difference 0.7 0.6641 0.7058 0.4792 0.7058 

Vector angular difference 0.3 0.6807 0.7232 0.6593 0.7847 

Vector angular difference 0.5 0.7154 0.7876 0.6928 0.7507 

Vector angular difference 0.7 0.7080 0.7588 0.6384 0.6968 

Arithmetic mean 0.3 0.6931 0.6873 0.6225 0.7810 

Arithmetic mean 0.5 0.7282 0.7643 0.5564 0.7342 

Arithmetic mean 0.7 0.6579 0.7484 0.4912 0.6868 

Geometric mean 0.3 0.7094 0.7937 0.6849 0.8176 

Geometric mean 0.5 0.7351 0.7566 0.6294 0.7960 

Geometric mean 0.7 0.7077 0.7153 0.5703 0.7168 

Harmonic mean 0.3 0.7048 0.7436 0.7132 0.7782 

Harmonic mean 0.5 0.7884 0.7386 0.6770 0.7787 

Harmonic mean 0.7 0.7670 0.7763 0.5501 0.6761 
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Figure 5.  The colored reference data and segmentation results (with no color and some cooperated forms) 
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 Point clouds (PCs) are inevitable sources to generate digital solid model-based applications 
such as reverse engineering, differential 3D modelling, 3D sensing and modelling of 
environments, scene reconstruction, augmented reality. Photogrammetric methods, 
Terrestrial Laser Scanners and RGB-D sensors are relatively common among the technologies 
used to capture PCs. Because of their structural characteristics, measuring systems produce 
large amounts of noise that cannot be precisely predicted in type and amplitude. Due to the 
noisy measurements, the spatial orientations of the differential surface particles and the 
spatial locations of the corner points have a certain degree of deformation. In order to increase 
visual, spatial and physical quality of the solid model, which is frequently used in reverse 
engineering, PCs must be filtered to discard noise and outlier. In this paper PC produced from 
different methods was filtering with Shepard Inverse Distance Weighting method, Gaussian 
Filtering method, Single Value Decomposition Based Plane Fitting method and Optimization 
Based Plane Fitting method. Backtracking Search Optimization Algorithm (BSA) was used to 
fitting plane. Experimental results were compared visually and statistical according to the 
number of neighborhoods. The results showed that Backtracking Search Optimization based 
filtering supplied better noise smoothing results than its competitors. 

 
 
 
 

1. INTRODUCTION 
 
3D Point Cloud (PC) plays an important role in 

creating and rendering solid models of physical objects. 
PC processing is an active research field because it is used 
in different research applications such as 3D 
reconstruction (Ahmadabadian et al. 2019), 
environmental mapping (Gunen et al. 2017), signal 
processing (Aghababaee et al. 2019), object recognition 
(Garcia-Garcia et al. 2018) and pose estimation (Vock et 
al. 2019), drainage network determination (Gunen et al. 
2019). 3D reconstruction applications are increasing 
with falling costs of computing platforms and 
improvements in 3D capture systems. Various 
technologies have been developed based on relatively 
different principles for acquiring highly accurate PCs 
from the physical structures of objects. Despite advances 
in PC capture technologies used to express the numerical 
equivalents of physical models, PCs suffer from noise due 
to instantaneous changes in atmospheric physical 

parameters and noise sources contained in the 3D 
capture method and equipment used. Therefore, in order 
to produce high-accuracy digital models of physical 
models, various noise types that contaminate the PCs 
should be filtered (Hou et al. 2012; Narváez and Narváez 
2006) 

RGB-D sensors, Photogrammetric Methods, and 
Terrestrial Laser Scanner (TLS) are the mostly used PC 
obtaining methods and can be examined in two parts: 
active and passive methods. While commonly used TLS 
and RGB-D sensor are active methods, Optical 
Photogrammetric methods are passive methods 
(Oliveira et al. 2014). These three methods, which are 
frequently used in obtaining a PC, have different 
technical structures. The 3D spatial coordinates are 
measured in the local coordinate system depending on 
the direction and distance of the object to be measured 
according to TLS. Also, TLS is capable of capturing 
millions of points per second and effectively generating a 
3D PC of large areas in a short period. Although it 

https://dergipark.org.tr/en/pub/ijeg
https://orcid.org/0000-0001-5164-375X
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produces high accuracy and precision PC, TLSs have high 
investment cost. Photogrammetric methods define 
parallax between correspondence-points in the images 
of the scene and allow it to obtain spatial coordinates of 
points related to the extrinsic and intrinsic orientation 
parameters. Photogrammetric methods have been 
rapidly increasing in popularity due to progress in 
imaging technology and software (Ulvi ̇ 2018). RGB-D 
sensors are compact systems consisting of an infrared 
camera and an RGB camera. Therefore, RGB-D sensors 
provide the possibility to obtain texture, like some TLS 
and photogrammetric methods, as well as depth map. 
RGB-D sensors are widely used in the production of 
indoor maps, especially with their programmable 
structures and cost (Amenta, 1999; Hoppe et al. 1992; 
Tölgyessy and Hubinský 2011). 

PCs contain indispensable noise and outliers due to 
inadequate sensor limits, imperfect nature of the 
instruments, scene artifacts, presence of inadequate 
ambient conditions, and systematic errors. Depending on 
the system PC produced, the sampled discrete 
information should be processed to remove the noise 
(Wolff et al. 2016). The raw PC should be filtered to 
ensure further analysis and processing. In addition, PC 
filtering is employed to preserve existing details 
expressed by the PC, such as edge features and to get the 
smooth surfaces that are required to produce realistic 
digital models of physical objects (Cai et al., 2019). It is 
very difficult to recognize and interpret a PC in terms of 
human perception. So that, they can be converted to solid 
model surfaces, which is the differential surfaces of mesh 
model and the edge elements of these surfaces, using 
mesh models. 

In recent years, many 3D filtering methods have 
been developed for denoising PCs. In general, noise 
suppression from literature has been done using two 
different approaches, data processing in the form of a PC 
and processing of data in the form of differential surface 
elements (Fleishman et al. 2003). Both approaches 
benefit from the topological relationships of the vertexes 
with their neighborhoods. In general, both approaches 
are based on moving vertex points according to certain 
criteria. Most of these are applied to the mesh and the 
lesser part is applied directly to the PCs. Point cloud 
filtering methods can be generally divided into 
neighborhood based, statistical based and projection 
based. Neighborhood based methods that use similarity 
information between point and its neighbors are the 
most used methods since they are effective and easy (Han 
et al., 2017). 

The Gaussian Filtering (GF) computes Euclidean 
distances between the point of interest and its specific 
neighborhoods. Then, by using Gaussian weights 
produced with the help of distances, the current point is 
filtered (Adams et al. 2009; Wirjadi  and Breuel 2005). In 
Median Filtering, the neighborhoods of the point of 
interest are determined depending on the distance. Then, 
the median point of the point is projected to a local plane 
and filtering is performed. The Moving Least Squares 
method is based on the recognition of the relevant 
parameter solutions to localized polynomial surfaces 
obtained by local measurement values. The general 
method used in the development of the average filtering 

is based on identifying the normalized mean vectors of 
the local normal vectors of the points adjacent to the 
point of interest. Then moving the corresponding point 
towards the local surface defined by the adjacent points 
(Gunen, 2017). The Shepard Inverse Distance Weighting 
(IDW) filtering is one of the basic methods used for 
filtering PCs is to project each point in the PC by defining 
the selected limited number of neighboring points. 
Fluctuated surfaces can be defined by the tensor 
products of the base functions (Babak and Deutsch 2009; 
Lu and Wong 2008). Plane-based filtering methods, such 
as Single Value Decomposition (SVD) Based Plane Fitting, 
produce fast results. However, they are not robust to 
noisy data. Evolutionary Computing methods supply 
better results in general than classical local plane fitting 
tools, such as the least square method, in the solution of 
a best plane fitting problem (Gunen, 2017; Kurban, 
2014). 

Evolutionary computation methods are stochastic 
search methods that are used effectively in solving 
different types of problems (Civicioglu et al. 2020). The 
fact that they produce more successful results than 
classical methods in solving complex problems such as 
PC cloud filtering motivated the design of a new 
Evolutionary computation-based 3D spatial filtering. 

The PC datasets used in this paper were produced by 
using TLS, RGB-D sensor, and Photogrammetric method. 
The PC produced by TLS was determined as reference 
data, due to its inherent properties. Shepard Inverse 
Distance Weighting Method (IDW), Gaussian Filtering 
Method (GF), Single Value Decomposition Based Filtering 
Method (SVD) and Optimization Based Plane Fitting by 
using Backtracking Search Optimization Algorithm (BSA) 
Method with different number of neighborhoods were 
used to filtering PCs produced by using RGB-D sensor 
and Photogrammetric method.  

The rest of this paper has been organized as follows; 
Section 2 presents Data Collection, Material and Methods 
are presented in Section 3, Experimental Results and 
Discussion are given in Section 4. 

 

2. DATA COLLECTION 
 

In this section, general 3D data capture principles of 
the TLS, RGB-D, and Photogrammetric techniques have 
been analyzed comparatively. 

 
2.1. Terrestrial Laser Scanner 
 

In recent years, with the changing and developing 
technology, laser technology has reached a very 
advanced level. Capable of capturing thousands of points 
per second, TLSs can produce data at the desired quality 
and time, from small objects to large areas without being 
noticed day or night. In addition to the brand and model 
of TLS devices using Light Detection and Ranging 
(LIDAR) technology, the resolution and quality 
parameters used in scanning affect the PC's spatial 
coordinate (Sevgen 2019; Yu et al. 2004). TLSs are 
expensive due to their high equipment requirements, the 
need for specialized software knowledge, and the need 
for skilled employees (Yu et al. 2004). Since the PC of the 
object is created in more than one session, it is necessary 
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to transform in the global or mutual local coordinate 
system. The random sample consensus (RANSAC)-based 
Iterative closest point (ICP) method is generally used for 
registration or geo-referencing of the PCs from different 
sessions (Gunen et al. 2017, Altuntas, 2015). It selects 
random points on different PCs to allow correspondence 
points to be searched and finalizes the registration 
process according to the determined criteria (Altuntas, 
2015). In addition to being fast and reliable, RANSAC-
based is preferred because of sampling large data.  

Faro Focus3D X130 TLS was used to obtain the PC. 
The Faro Focus3D X130 TLS is used to obtain PCs 
because it offers versatile measurement, wide range of 
solutions, and colored PC. Its light weight, integrated 
structure, advanced distance measurement capability, 
and intuitive operation system are used in work 
requiring precision. In addition to its ability to scan 
976,000 dots per second and to scan up to 130 meters of 
area, its integrated camera captures the current scanning 
scene with 70 MP 8-bit RGB images. Each model used in 
the application was scanned in six different sessions with 
various directions and heights (URL, 2019). 

 

2.2. Photogrammetric Methods 
 

The Photogrammetric method acquires 3D PC from 
the sequential 2D images obtained as overlapping 
intervals. Multiple images obtained from different angles 
are used to produce 3D information (Javernick et al. 
2014; Tercan, 2017). There are several methods to 
produce a PC from Satellite, Aerial, and Close-Range 
images with multiple views. Structure from Motion (SfM) 
is the method that provides high success and accuracy. 
SfM is a remote sensing method that produces 3D spatial 
coordinates of objects using color information of 
randomly ordered multiple view images. The optimal 
measurement design is the beginning of the PC 
production phase. In other words, in order to obtain the 
best results of the operations in the works as soon as 
possible, it is necessary to understand the system and 
technique of the images captured (Gunen et al. 2020; Li 
et al. 2012; Ulvi ̇ 2018). Much of the software uses key 
points of multiple images to determination the relative 
orientation of the camera. They usually use the Scale-
Invariant Feature Transform and Speeded up Robust 
Features local feature detector (Juan and Gwon 2009) to 
determine key points. By using key points, 
correspondence points are matched by methods such as 
the RANSAC algorithm. The key point determination is 
very sensitive to noise; therefore, the results depend on 
spatial and radiometric resolution images. Also, these 
points are necessary for the creation of epipolar 
geometry. After the epipolar geometry is created, the 
relative orientation of the sequential cameras relative to 
each other is carried out and their dense point cloud as 
up to scale is determined. Paying attention to the 
accuracy of the light in the correct direction and the 
overlap rate in the pair of stereo images affects the data 
quality when capturing images of the object (Xiang and 
Cheong 2003). In cases where the image overlap rates 
are too low and there are extreme differences between 
the image scales, SfM may not produce a sufficient result 
(Doğan and Yakar 2018; Javernick et al. 2014). For better 

image matching on scene images, the fixed lens should be 
captured at as high a spatial resolution as possible. Sony 
Alpha ILCE-A6000, which has a Semi-Pro mirrorless 
camera and fixed lens, was used to capture images. It is a 
compact system that can shoot at a resolution of 
6000x4000 and has a 24.3 megapixel 23.5x15.6 mm 
sized CMOS sensor. In addition, the advanced image 
processor and a superior AF system produces less 
aliasing images in moving scenes. 109 images were used 
to produce Model 1, as seen in Figure 1.b. 118 images 
were used to produce Model 2, as seen in Figure 1.e. 
 
2.3. RGB-D sensor 
 

The use of RGB-D sensor in 3D reconstruction 
applications in computer graphics and computer vision 
started rapidly in the last several decades. RGB-D sensor, 
which is developed for human computer interaction, is 
being used by different disciplines, together with the 
Software Development Kit (SDK) developed. Great 
attention has been paid to research due to its cost saving, 
easy accessibility, efficiency in 3D reconstruction, and 
use in Simultaneous localization and mapping (SLAM) 
application (Stückler et al. 2015). RGB-D sensor, which is 
the time-of-flight-based depth cameras, consist of 
infrared (IR) depth sensor, IR emitter and RGB camera. 
These lightweight sensors provide color and depth per 
pixel in enough resolution. Red, green, and blue CMOS 
sensors are used in RGB imagery. The depth map is 
produced by the IR camera, where the distance between 
the object and the view is recorded as a pixel value by 
pseudo scale distance. It is very important for the sensor 
to produce a depth map because the distance is recorded 
as pixel value and depth information basic of PC. Since 
the sequential and still image is captured in SLAM 
applications, various methods have been developed for 
producing a PC or model simultaneously. Two methods, 
mainly image-based and shaped-based, are used to 
generate PCs using an RGB-D sensor (Nyarko et al. 2018). 
The PC produced from each of the depth maps from the 
sequential frames has a local coordinate system. In the 
shaped-based method, PC registration is performed by 
using RANSAC based ICP between sequential PCs 
because of the efficiency and reliability of the method. In 
the image-based methods, pose estimation is performed 
with the help of epipolar geometry, which forms the basis 
of photogrammetry. To do this, the key points are first 
determined from the sequential images and then the 
corresponding points are determined by RANSAC based 
methods. With the help of correspondence points, the 
pose estimation process is completed. In both methods, 
because of the simultaneous operation, the rapid 
movement of the sensor or the sudden displacement of 
the object prevents the calculation of the homography 
between the PCs and causes the mismatch (Stückler et al. 
2015). PCs obtained with RGB-D sensors generate noise 
depending on the texture of the object surface, lighting 
condition, viewing angle, sensor restriction and distance 
to object. Therefore, filters such as Kalman are adapted 
to the sensors or the PC generated from the depth map is 
filtered to remove potential noise (Jia et al. 2019). In this 
paper, a Kinect 2 RGB-D sensor is used. This sensor can 
capture 30 frame images per second at a 1920x1080 
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spatial resolution. The effective SLAM-operated sensor 
between 0.5/4.5 meters can produce a depth map at 
514x424 spatial resolution. 
 

3. MATERIAL and METHODS 
 

The noise level of PCs significantly affects the 
accuracy of reconstructed models. In order to increase 
the model accuracy, a controlled filtering process should 
be used. Filtering can cause the destruction of noisy data 
from the PC, as well as extracting or suppressing noisy 
data representing the PC. In this paper, it is emphasized 
to increase the quality of the model obtained from 
different methods and to remove noisy data from the PC. 
IDW, GF, SVD Based Plane Fitting, and Optimization 
Based Plane Fitting by using BSA methods were used to 
remove noise. 

In practice, the test models (Model 1 and Model 2) in 
Figure 1, obtained by using TLS are considered to be 
errorless data (reference data) assuming that there is not 
much noise because they are obtained from close range. 
PCs of models obtained from the photogrammetric 
method and the RGB-D sensor were filtered and then 
results were compared with the reference data. While 
obtaining models with different methods, the same 
lighting conditions were provided. Since each model is 
produced in the local coordinate system, it is represented 
in the same coordinate system using the RANSAC-based 
ICP method. In Model 1, the photogrammetric method 
produced 124,211 points, TLS produced 259,726 points, 
and RGB-D sensor produced 100,038 points. In Model 2, 
the photogrammetric method produced 354,254 points, 
TLS produced 444,404 points, and RGB-D sensor 
produced 184,768 points. Although the models produced 
with three different methods for both models were 
recorded under equal conditions of lighting in the 
laboratory environment, they produced different colors 
due to system characteristics. 
 

 
Figure 1. Model 1 (a) Point Cloud, (b) Mesh Model, and 
(c) Solid Model, Model 2 (d) Point Cloud, (e) Mesh Model 
and (f) Solid Model 
 

3.1. Gaussian Filtering Method  
 

With the development of computational capabilities 
of computers, the Gaussian Filters, which require high 
computational power, are applied to PCs. The Gaussian 
filter is a low pass filtering, which uses Gaussian 
functions to produce the result. Although Gaussian filters 
cause loss of detail in data, they are fast and simple. There 
are also Gaussian derivative filters, such as the bilateral 
filters, which are developed to limit the loss of data 
caused by the Gaussian filter. k is the closest neighboring 

point set of the  , ,x y z
f  vertex (Adams et al., 2009; Tercan 

2018; Wirjadi and Breuel 2005). The Euclidean distance 
between these vertex points and nearest neighbor points 
are calculated using Equation (1). 
 

  , ,
 ,

x y z
fd dist k

 
(1) 

 
The distance values calculated using Equation (1) are 

converted to Gaussian weight values using Equation (2);  
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As the   value changes in Equation (2), the solid 

model is changed. While determining the value requires 
expertise and experience, visual value can be estimated 
by applying statistical tests. In this paper, the optimum 
  value was selected as 0.4 mm, experimentally. When 
the weight values obtained by using Equation (2) are 
used to fuse the positions of k vertexes, the 
corresponding vertex is filtered. This was expressed by; 

 
 

 , ,
( )

x y zfW G p k
 

(3) 

 
 

To achieve more optimum results in 3D Gaussian 
filtering, the expression shown in Equation (3) may have 
better results by changing the confidence interval 
(Adams et al., 2009; Tercan, 2018; Wirjadi and Breuel, 
2005). When the Gaussian filtering results are examined 
in Figure 4 and Figure 5, it is seen that the 
photogrammetric method has more detail and noise 
compared to RGB-D data. This is a result of the fact that 
the RGB-D data has less accuracy and density than the 
photogrammetric data. Similarly, the filtered 
photogrammetric data is closer to the reference data 
than the filtered RGB-D data. 
 
3.2 The Shepard Inverse Distance Weighting Method 
 

The Shepard Inverse Distance Weighting (IDW) 
method is based on giving more weight to close 
neighborhoods than the distant vertex neighborhoods. 
When a point selected within the PC is filtered, utilization 
of points closer to that point increases the quality of 
filtering. Because of the law of the instrument, an 
instrument is more affected by what is close to them. The 
IDW method, which is a deterministic method, is used in 
the suppression of peak and pit noise. In contrast, this 
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filter tends to disrupt the natural form of the model to be 
obtained by causing an increase in the number of 
iterations, resulting in shrinkage in the data. The 
weighting strategy used in the IDW filtering method is 
defined using Equation (4);  
 

1

p

i
i n

p

i

j

d
w

d





 

(4) 

 
Here, d is the Euclidean distance between the vertex 

to be filtered and its neighbor w  is the weight value. The 
p  shown in Equation (4) is known as the power 

parameter and is usually taken as 2. The Euclidean 
distance between the point to be filtered and the 
neighboring points of this point are calculated using the 
Equation (5); 
 

2 2 2(x x ) (y y ) (z z )i i i id      
 (5) 

 
According to the calculated distance, the points are 

weighted (Babak and Deutsch, 2009; Lu and Wong, 
2008); 
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3.3. Singular Value Decomposition Based Plane 
Fitting Method 
 

The SVD method yields matrix factorization that is 
used in many areas such as dimensionality reduction, 
plane fitting, and feature extraction. Using the SVD 

method, an (n,n)X  can be defined using Equation (7);  

 
TX USV  (7) 

 
 

(n,n)U  consists of three principal components, 
(n,n)V  

consists of three eigenvectors, which corresponded to 

eigenvalues, respectively. (n,n)S  diagonal matrix is the 

square matrix representing the singular values, 

1 2 nσ >σ >.....>σ . General form of matrix X ; 
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(8) 

 
PC contains 3D spatial information and the third 

principal component has the lowest variance. That is, the 
third eigenvector is approximately the normal direction 
of the local plane obtained from the nearest 
neighborhood of the filtered point (Golub and Reinsch, 
1971; Kurban 2014). The steps of the Single Value 
Decomposition Based Plane Fitting solution are below; 
 

1) Set the vector, p  consists of neighboring points of the 

point to be filtered ( r ), 
2)  ,  1c mean p  is the average of the vector, 

3) Normalize the c vector;  1 2; ;...; nM p c p c p c    , 

( )USV SVD M  

4) Here, ( )USV SVD M  and (:, )n V end  gives the local 

plane normal direction. 

5) 0r  is the projected point on the local plane obtained by 

 0 0r r n    

3.4. Optimization Based Plane Fitting Method 
 

The problem of plane fitting is one of the problems in 
literature. In the case of a plane fitting problem, a vector, 
p , is selected from the nearest neighbor of each point to 

be filtered and fits the local plane to these points. Then, 
the point to be filtered in the PC is projected on the local 
plane. The parameters representing the plane can also be 
calculated with the least-squares method, SVD method, 
Levenberg-Marquardt method, or evolutionary 
computation tools (Bellekens, et al. 2014; Civicioglu, 
2013; Civicioglu et al. 2020; Gunen et al. 2020). The 
objective function used to obtain the coefficients of the 
local plane to be represented by the p  vector is given in 
Equation (9). 
 

, ,

argmin | 1
a b d

ax by cz cd   
 

(9) 

 

In order to obtain the projected point, 0 0 0(x ,y ,z )r
, in the 

local plane parametric equation can be used.  
 

x u y v z w
t

a b c

  
  

 
(10) 

 
Here, 

( , , )u v wr  is the point to be filtered. The parametric 

equation can be converted to Equation (11). 
 

x u a t

y v b y

z w c t

  

  

    

(11) 

 
From here Equation (12) is obtained. 
 

0 0 0( ) ( ) ( ) 0a u a t b v b t c w c t d              (12) 

 

If 0t  is isolated, then Equation (13) is obtained. 

 

0 2 2 2
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By developing Equation (13). 
 

0 0

0 0

0 0
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(14) 

 
The distance between points 

( , , )u v wr  and 
0 0 0(x ,y ,z )r  is 

calculated using Equation (15). 
 

2 2 2

0 0 0(u x ) (v y ) (w z )d        (15) 
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Then the coordinates of 
0 0 0(x ,y ,z )r  are obtained with 

Equation (16).  
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0 2 2 2
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  
 

   

(16) 

 
The steps of the Optimization Based Plane Fitting 

solution are below; 
 
ax+by+cz+d=0 | c=1 represents the local plane. 
 
1. Set the vector, p , which consists of neighboring 

points of point to be filtered (
( , , )u v wr ), 

2. Repeat the following steps until it reaches the 
specified error criterion for each point or during 
iteration, 
2.1. Determining the plane parameters ( , , ,d)a b c , 

2.2. Calculate the projection,
0 0 0(x ,y ,z )r , of the point,

( , , )u v wr , in the local plane, 

2.3. Memorize the new location of the point, 
3. End the process. 
 

Evolutionary computational methods can provide 
more consistent solutions for plane fitting problems than 
classical methods. Also, they are used to solve non-linear, 
non-derivative complex problems. Also, evolutionary 
computational algorithms do not easily trap local 
solutions (Tercan et al. 2020). In this paper, the 
Backtracking Search Optimization Algorithm (BSA) was 
used to solve the parameters of the local plane. 

BSA (Civicioglu, 2013) is an evolutionary search 
algorithm developed by Civicioglu to solve real-value 
optimization problems. Compared to various 
evolutionary algorithms, BSA produces simpler results 
for problems such as surface fitting. The initial value in 
the problem solution is not dependent on the single 
control parameter it has. The mixrate, controls the 
crossover process, is the only control parameter. When 
creating new populations, it uses crossover and mutation 
operators as in the classical differential search algorithm. 
The search strategy and boundary control that it uses 
when creating a new population has enabled a very 
powerful exploration and exploitation skill (Civicioglu, 
2013). In this experiment, dimension of pattern matrix is 
determined as 50. Stopping conditions are given below; 
 
1.Stop when the maximum number of iterations is 500. 
2.Stop if a better solution could not be obtained in the last 
20 function evaluations. 
3.Stop if the absolute value of the solution obtained for 
the algorithm is less than 10-16. 
 
The BSA pseudo code is given in Figure 2. 
 

 
Figure 1. The Pseudo Code of the Backtracking Search 
Optimization Algorithm (Civicioglu, 2013) 
 
4. Experimental Results and Discussion 
 

Geodetic measurement systems, by their nature, 
produce noisy data of various types and amplitudes, 
which are unpredictable. The most important method of 
achieving reliable measurements in an environment 
where the avoidance of noise is limited by physical 
reasons is to produce statistical measures based on 
multiple observations or to filter the measurements 
available. Post-process filtering is more suitable because 
repeated measurement is not always possible. The 
photogrammetric method and the data generated by the 
RGB-D sensor were filtered to consider the noise level of 
the instrument. The data to be filtered is compared with 
the TLS data and the amount of the average error by 
changing the number of neighbors depends on the 
filtering method. Figure 3.a and Figure 3.b are the results 
of Model 1 photogrammetric method and RGB-D sensor, 
respectively. When the two figures are examined 
together, the average error of filtering obtained with the 
RGB-D sensor is greater. While the Gaussian filter was the 
most unsuccessful in the photogrammetric method, the 
SVD method was the worst method in the RGB-D sensor. 
Because the planes created in SVD method are highly 
affected by noise. Figure 3.c and Figure 3.d belong to 
model 2. The results of model 2 photogrammetric and 
RGB-D sensors are given, respectively. As in model 1, the 
filtering results of RGB-D sensor produced a higher 
average error in Model 2. The Gaussian filter was the 
worst in the photogrammetric method, while the IDW 
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method produced very close results. The Gaussian 
method was the worst method in the RGB-D method and 
the SVD followed it. In both test models, according to the 
changing number of neighborhoods, the least error was 
given by the Optimization Based Plane Fitting method. 
Therefore, it has produced an average error of 
unpredictable magnitude due to the varying noise level 
in each model. Gaussian filtering yielded the highest 
average error. 
 

 
Figure 3. (a) Average Error of the Model 1 
Photogrammetric Method, (b) Model 1RGB-D Sensor, (c) 
Average Error of Model 2 Photogrammetric Method, (d) 
Model 2 RGB-D Sensor 
 

PCs from different methods were registered using 
RANSAC-based ICP. Because of the registration, the 
Euclidean distance calculated between the filtered data 
and the reference data and distance value were clustered. 
The cluster labels allow visual evaluation of the 
differences between the filtered and reference data. 
Distance values, which are cluster labels, were changed 
to the pseudo colors red, turquoise, purple, white, and 
yellow. Thus, it was visually obtained which vertexes 
move in the filtered point cloud. The red color shows the 
least moving vertexes. Yellow color refers to the most 
moving vertex. In this paper, the nearest neighbor 
number was experimentally determined for visual 
representation as (10, 20, and 30). Using larger numbers 
of the neighboring vertex causes loss of detail in the data 
and using fewer vertexes prevents the generation of 
enough information to compare the filtered results. 
Different numbers of neighborhoods (10, 20, 30, 50, and 
100) were used for better expression of the graph data in 
Figure 3. Figure 4 shows the results of filtering according 
to the number of model 1 neighborhoods and the solid 
models of these results. Figure 5 shows the results of 
filtering according to the number of model 2 
neighborhoods and the solid models of these results. 

Error values were calculated by comparing the PCs 
captured with RGB-D and photogrammetric methods 
with reference data. The calculated error values are 
assigned to the point cloud of the system where they are 
generated as pseudo color and then the mesh surface is 
formed. When the results of the filtering are examined 
with the error amounts and the colorless solid models, it 

can be said that the results of the filtering provide 
approximate values. As the number of neighborhoods 
increased, the closure and detail of the data gaps 
decreased. As the sigma value was changed in the 
Gaussian filtering technique, the surface softness was 
changed but the most appropriate value was 
experimentally determined to be 0.4mm. The effect of 
this change on the result can be examined by a further 
study. Increasing the power parameter in the IDW filters 
may impair the result quality of the data. The SVD and 
Optimization Based Plane Fitting filter methods work 
differently from others because the surface parameter is 
fitted by calculating the projection of the point to the 
surface. Moreover, in some places on the surface, there 
are discontinuous transitions. The Optimization Based 
Plane Fitting filter with better quality than the SVD based 
method has been found to obtain solutions. Free-form 
surfaces can be used instead of the plane to increase the 
surface continuity effect in projection-based filtering. 
 

5. CONCLUSION  
 

PCs suffer from unpredictable and uncontrollable 
noise types with variable amplitude, due to the general 
error characteristics of the data capture environment 
conditions and the hardware used to capture related 
data. The noise, which disturbs the quality of PCs must be 
suppressed by using several filtering methods, such as 
the spatial filtering techniques mentioned in this paper. 
The most important method of achieving reliable 
measurements in an environment where the avoidance 
of noise is limited by physical reasons is to produce 
measures based on multiple observations or to filter the 
measurements available. In this paper, test model PCs 
were obtained using Terrestrial Laser Scanner, the 
Photogrammetric Method, and RGB-D sensors. The 
obtained point clouds were filtered according to the 
number of neighborhoods at three different levels using 
the Shepard Inverse Distance Weighting method, 
Gaussian Filtering method, Single Value Decomposition 
Based Filtering, and Optimization Based Plane Fitting. 
The Backtracking Search Optimization Algorithm, which 
works to find the best values for the parameters of the 
system or model in different conditions, has been used to 
determine the local plane parameters. Thus, the 
successes of the measurement systems as well as the 
success of filtering methods were examined. Although 
the proposed method provides effective results, it does 
not make sense to compare it in terms of CPU time 
consumption. Because evolutionary computation-based 
methods generally work slower than classical methods. 
Based on the statistical and visual results obtained, the 
Optimization Based Plane Fitting Method using 
Backtracking Search Optimization Algorithm gave the 
best result. 

In future studies, comparisons will be made with 
detailed analysis using evolutionary calculation-based 
methods that use different strategies to filter PC. 
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Figure 4. The solid model and error surfaces generated by applying specified filtering methods with different 
neighborhood number (N) in Model 1 produced by the Photogrammetric and RGB-D methods 
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Figure 5. The solid model and error surfaces generated by applying specified filtering methods with different 
neighborhood number (N) in Model 2 produced by the Photogrammetric and RGB-D methods. 
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 Main purpose of the design of multi-layer radar absorber (MRA) by means of metaheuristic 
optimization algorithms is to minimize both the total thickness (TT) of MRA and the 
maximum reflection coefficients for transverse electric (RTE) & transverse magnetic (RTM) 
polarizations at any oblique angle of incidence. For this purpose, sequence and thicknesses 
of layers of the MRA have been optimized by either single-objective approach based on 
combining all objectives or double-objective approach in which TT is evaluated separately 
from the reflection coefficients. In this study, triple-objective artificial bee colony (TO-ABC) 
algorithm integrated with Pareto front technique is proposed for fully optimized MRA 
design. Thus, both RTE, RTM and TT are simultaneously minimized by optimizing thickness, 
sequence and number of the layers. To demonstrate the superiority of TO-ABC, 3 types of 
MRAs operating at the frequency ranges of 2–18 GHz for each angle of incidence from 0⁰ to 
60⁰ are optimized and compared with the literature. Furthermore, 4 different real MRAs are 
also optimized using real materials given in the literature. Thanks to the developed graphical 
user interface and TO-ABC algorithm, despite the limited number of materials, all possible 
solutions providing the specified parameters are easily achieved and successful MRA 
structures are designed. 

 
 

 
 

1. INTRODUCTION 
 

Electromagnetic (EM) stealth technology is an 
important issue which has increased its popularity in the 
last quarter century and has many commercial and 
military applications. The main purpose of this 
technology is to reduce the EM energy scattered from the 
target as much as possible and to make the target 
invisible to the radar receiver. Within this scope, multi-
layer radar absorbers (MRA) have become very popular 
in recent years due to their superior absorption 
capabilities (Yigit and Duysak, 2019a). To produce the 
MRA having low thickness and low reflection properties, 
the sequence and thickness of the materials used in the 
layers should be optimally determined. For this purpose, 
natural-inspired optimization algorithms such as 
artificial bee colony (ABC)(Toktas et al., 2018), central 
force algorithm (CFO) (Asi and Dib, 2010), particle 
swarm optimization (PSO)(Goudos and Sahalos, 2006a) , 
genetic algorithm (GA) (Kern and Werner, 2003) and 
differential evolution (DE) (Goudos, 2009) and also 
surrogate-based optimization(Toktas et al., 2019) have 

been successfully applied to various MRA designs 
operating at different frequency ranges between 0.2–18 
GHz (Asi and Dib, 2010; Goudos, 2009; Goudos and 
Sahalos, 2006a, 2006b; Jiang et al., 2009; Kern and 
Werner, 2003; Michielssen et al., 1993; Ranjan et al., 
2018; Roy et al., 2016, 2015; Toktas et al., 2019, 2018; 
Weile et al., 1996; Yigit and Duysak, 2019a). Most of these 
studies were performed either for normal incidence or 
for a limited angle of incidence. Broad-band and wide-
angle MRAs should be designed for practical 
implementations of the stealth technologies. However, 
the design of broad-band and wide-angle MRA with as 
thin as possible is a challenging problem. In all of the 
studies given in references (Asi and Dib, 2010; Goudos, 
2009; Goudos and Sahalos, 2006a, 2006b; Jiang et al., 
2009; Kern and Werner, 2003; Michielssen et al., 1993; 
Ranjan et al., 2018; Roy et al., 2016, 2015; Toktas et al., 
2019, 2018; Weile et al., 1996), where predefined 16 
virtual materials were preferred, MRA designs were 
performed by means of either single objective (Asi and 
Dib, 2010; Goudos, 2009; Goudos and Sahalos, 2006a; 
Kern and Werner, 2003; Michielssen et al., 1993; Ranjan 
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et al., 2018; Roy et al., 2016, 2015; Toktas et al., 2018) or 
multi-objective (MO) approaches (Goudos and Sahalos, 
2006b; Jiang et al., 2009; Toktas et al., 2018; Weile et al., 
1996). In the MO approach, both thickness and reflection 
coefficients are optimized simultaneously, while in single 
objective optimization all objectives are combined in a 
single objective function by means of weight coefficients 
(Goudos, 2009). In addition, a new double-stage method 
has recently been introduced that optimizes the total 
thicknesses (TT) of layers separately from number & 
sequence of the layers (NSL) (Yigit and Duysak, 2019a) . 
Thanks to the double-stage approach, negative effects of 
sudden changes in layer sequence has been prevented 
(Yigit and Duysak, 2019a). However, similar to other 
single or MO approaches (Asi and Dib, 2010; Goudos, 
2009; Goudos and Sahalos, 2006a, 2006b; Jiang et al., 
2009; Kern and Werner, 2003; Michielssen et al., 1993; 
Ranjan et al., 2018; Roy et al., 2016, 2015; Toktas et al., 
2019, 2018; Weile et al., 1996), in (Yigit and Duysak, 
2019a) the reflection coefficients for Transverse Electric 
(TE) and Transverse Magnetic (TM) polarizations were 
combined in a single objective function. Satisfactory 
results can be achieved by combining different objective 
functions at the beginning of the algorithm, but in some 
special cases, it is inevitable that MO optimization is 
required for compromises between objectives. For 
example, in some cases, it may be desirable to minimize 
the maximum reflection coefficient by sacrificing TT. In 
this case, MO optimization approaches are inevitable.  

In this study, three different objectives (TT, reflection 
coefficients for TE and TM polarizations) for fully 
optimized MRA design are synchronously minimized by 
means of Pareto-integrated triple objective ABC (TO-
ABC) algorithm. In MRA design problem, it is not a 
reasonable approach to set a minimum or maximum 
objective for the number of layers (NL). As it can be seen 
from (Yigit and Duysak, 2019a), much thinner structures 
can be designed by using more layers. Therefore, in this 
study, NSL is simultaneously optimized with thicknesses. 
A graphical user interface (GUI) is designed on the 
MATLAB platform to easily obtain possible solutions on 
the Pareto front. The effectiveness of the method is 
demonstrated by using both 16 predefined virtual 
materials (Michielssen et al., 1993) and up-to-date 21 
real materials(Yigit and Duysak, 2019a). The designed 
structures are compared with the similar multi-layer 
radar absorbers in the literature(Ranjan et al., 2018).  3 
different designs (for TE/TM modes) effective at the 
frequency band of 2-8 GHz, 12-18 GHz and 2-18 GHz at 
the angles of incident between 0⁰ and 60⁰ are optimized. 
In addition, 4 different MRA structures are also designed, 
which consist entirely of real materials, operating across 
the entire band from 2 to 18 GHz for all angles of incident 
between 0⁰ and 60⁰. 

The physical model of the MRA design and the basic 
theory of the ABC algorithm are briefly presented in the 
next section. In Section III, the detailed information of 
TO-ABC is presented.  The implementation of the TO-ABC 
algorithm and optimized MRA designs are given in 
Section IV. The concluding remarks and possible further 
studies are mentioned in the conclusion section. 

 
 

2. PHYSICAL MODEL of MRA STRUCTURE and ABC 
ALGORITHM 

 

2.1. Physical Model of MRA Structure 
 

A basic MRA structure consists of different materials 
coated on a perfect electric conductor. Each layer is 
defined by different electrical properties and different 
thickness. The main purpose of the MRA design is to 
determine the NSL and TT, to minimize the back 
scattered energy for TE & TM polarizations for desired 
angle of incidences and frequencies. While the EM wave 
travels through each layer, it is exposed to the 
transmission, the absorption and the reflection effects in 
the each layer. Therefore, the total surface reflection of 
the MRA depends on the alignment of the entire 
structure. Since the detailed formulation of MRA design 
problem was given in many studies (Asi and Dib, 2010; 
Goudos, 2009; Goudos and Sahalos, 2006a, 2006b; Jiang 
et al., 2009; Kern and Werner, 2003; Michielssen et al., 
1993; Ranjan et al., 2018; Roy et al., 2016, 2015; Toktas 
et al., 2019, 2018; Weile et al., 1996; Yigit and Duysak, 
2019a), in this study only the basic equations are given 
and critical points are indicated. In the polarization-
insensitive MRA design, the back-scattered energy must 
be minimized in both TE and TM polarizations along with 
the TT of the MRA. Therefore, three objective functions 
(𝑶𝑭𝟏, 𝑶𝑭𝟐, 𝑶𝑭𝟑) are defined as follow, 
 

minimize OF1 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 {20𝑙𝑜𝑔10(𝑅𝑇𝐸)}

minimize OF2 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 {20𝑙𝑜𝑔10(𝑅𝑇𝑀)}

minimize OF3 = 𝑇𝑇
 (1) 

 
where 𝑹𝑻𝑴 and 𝑹𝑻𝑬 are the reflection coefficient 
matrices, which includes the TM and TE polarizations 
corresponding to each of the defined angle of incidence 
and the frequency values. For an MRA structure with 𝑴 
(Mth layer is perfect electric conductor) layer, the RTE 
and RTM are defined as follows (Yigit and Duysak, 
2019a), 
 

𝑹𝒊
𝑻𝑬 =

𝒓𝒊
𝑻𝑬 + 𝑹𝒊+𝟏

𝑻𝑬𝒆−𝟐𝒋𝒌𝒊+𝟏𝒅𝒊+𝟏

𝟏 + 𝒓𝒊
𝑻𝑬𝑹𝒊+𝟏

𝑻𝑬𝒆−𝟐𝒋𝒌𝒊+𝟏𝒅𝒊+𝟏
 (2) 

 

𝑹𝒊
𝑻𝑴 =

𝒓𝒊
𝑻𝑴 + 𝑹𝒊+𝟏

𝑻𝑴𝒆−𝟐𝒋𝒌𝒊+𝟏𝒅𝒊+𝟏

𝟏 + 𝒓𝒊
𝑻𝑴𝑹𝒊+𝟏

𝑻𝑴𝒆−𝟐𝒋𝒌𝒊+𝟏𝒅𝒊+𝟏
 (3) 

 
where 𝒅𝒊 corresponding to the thickness of each layer. 
The 𝒓𝒊

𝑻𝑬 and 𝒓𝒊
𝑻𝑴 are given as follows, 

 

𝐫𝐢
𝐓𝐄 = {

𝛍𝐢+𝟏𝐤𝐢 − 𝛍𝐢𝐤𝐢+𝟏

𝛍𝐢+𝟏𝐤𝐢 + 𝛍𝐢𝐤𝐢+𝟏

 

−𝟏,              

 &  𝐫𝐢
𝐓𝐌 = {

𝛆𝐢+𝟏𝐤𝐢 − 𝛆𝐢𝐤𝐢+𝟏

𝛆𝐢+𝟏𝐤𝐢 + 𝛆𝐢𝐤𝐢+𝟏

    𝐢 < 𝐌

𝟏                        𝐢 = 𝐌  

 (4) 

 
According to the angle of incidence 𝜽°, the wave number 
𝒌𝒊, of the 𝒊𝒕𝒉 layer is defined as, 
 

𝑘𝑖 = 2𝜋𝑓√𝜇𝑖𝜀𝑖 − 𝜇0𝜀0 𝑠𝑖𝑛2(𝜃) (5) 
 

In (4), while 𝝁𝒊 and 𝜺𝒊 are the frequency(𝒇) depended 
complex permeability and permittivity of the materials, 
𝝁𝟎 and𝜺𝟎 are permeability and permittivity of free space, 
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respectively (Yigit and Duysak, 2019a). According to the 
(2) and (3), the TT of the structure is defined as follow, 
 

𝑇𝑇 = ∑ 𝑑𝑖

𝑀−1

𝑖=1

 (6) 

 
2.2. Single-Objective ABC Algorithm for MRA Design 
 

Natural inspired metaheuristic optimization 
techniques can produce satisfactory results which are 
close to the optimum result for nonlinear problems. ABC 
is an efficient algorithm inspired by the nectar search 
activities of honey bee swarms (Karaboga and Basturk, 
2007). In the algorithm, the number of food sources (NS) 
specify the potential solutions of the problem, while the 
amount of nectar in the sources corresponds to fitness 
value of the solution.  The details of the algorithm 
developed by modeling the behavior of employed, 
onlooker and scout bees are  given in (Yigit and Duysak, 
2019a). The changes made in these three phases in the 
MO-ABC algorithm are explained in detail in the next 
section. 

 

3. MO-ABC ALGORITHM  
 
3.1. Multi -Objective Optimization 

 
In the single-objective optimization, optimum results 

can be obtained by comparing only the single value of the 
objective function. However, if there is more than one 
objective function, the problem is defined as a MO 
optimization problem and all objective functions are 
simultaneously optimized. The mathematical expression 
of MO optimization problem can be defined as follows. 
 

𝑚𝑖𝑛𝐹(𝜒) = [𝑓1(𝜒), 𝑓2(𝜒), … . . , 𝑓Π(𝜒)] (7) 
 

𝜒 = [𝑥1, 𝑥2, … … , 𝑥𝑢] 𝑆 (8) 
 

where 𝚷,  𝝌 and 𝑺 are the number of the objective 
functions, 𝒖 dimensional decision variable vector and the 
search space, respectively. The solution of the multi-
objective optimization problem is generally represented 
by a Pareto optimal set (Deb et al., 2002; Huo et al., 2015). 
For the minimization problems, if at least one objective 
value of the solution 𝝌 is less than the other solution 𝝌′, 
and all objective values of 𝝌′ aren’t less than 𝝌, then 𝝌 
dominates 𝝌′. However, if no solution dominates the 
solution 𝝌′, 𝒕𝒉𝒆𝒏 𝝌′ is called as the nondominated or 
Pareto-efficient solution. All Pareto solutions constitute 
elite solution (ES) set which are the possible solutions of 
the MO problem. 
 
3.2. Multi-Objective ABC Algorithm 
 

The MO-ABC algorithm includes four phase; 
initialization, employed bees, onlooker bees and scout 
bees. The flow chart of the algorithm is given in the Fig.1. 
 

Define: Initial parameters 

NS, MCN, Abandonment limit, and

 nrep (ES number).

Randomly produce the initial solution using equation 

10 and for each solution, calculate the objective 

function value and domination count (dcp).

Memorize the solutions with rank=1 to ES.

Produce new solutions for employed bees using 

(elite guide solution) equation 14. Perform 

greedy selection method. Then add better 

solutions  to ES.

Select nrep solution for ES according to selection 

procedure. 

Initialization 

phase

Employed bee 

phase

According to probability of the solutions, 

produce new solution as employed bee phase. 

Add better solutions  to ES.

Select nrep solutions for ES using selection 

procedure. 

Onlooker 

bees phase

Scout Bees

 phase

Does the abandonment limit 

is reached ?

Does the maximum iteration  

is reached?

The existing solution is changed with new 

solution

Y
E

SN
O

Optimized 

parameters

Y
E

S

NO

 
Figure 1. The flow chart of MOABC 
 

1) Initialization  
 
The population 𝑷 of the bee swarm is defined as follows, 
 

𝑷 = {𝝌𝟏, 𝝌𝟐, … . , 𝝌𝑵𝑺} (9) 
 
where 𝑵𝑺 is the number of food source. The initial food 
sources 𝝌𝒑 are randomly generated by (10), 

 
𝜒𝑝 = 𝑙𝑏𝑑 + 𝑟𝑎𝑛𝑑(0,1)(𝑢𝑏𝑑 − 𝑙𝑏𝑑) (10) 
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where 𝒑 ∈ {𝟏, 𝟐, … . . , 𝑵𝑺} and 𝒅 ∈ {𝟏, 𝟐, … . . , 𝒖} are the 
solution vector index and dimension of 𝝌𝒑, respectively.  

𝒍𝒃 and 𝒖𝒃 are lower and upper bound of solution vectors.  
 

 Determination of elite solutions. 
 

In MO optimization, there are more than one objective 
function, so it is not simple to determine the non-
dominated solutions. In this study, in order to sort and 
select the ES, fast nondominated sorting (Deb et al., 
2002) requiring the less computations, is preferred.  
For each solution, two parameters are calculated, these 
are;  
 
1. Domination count, 𝒅𝒄𝒑: the number of solutions which 

dominate the solution 𝒑, 
2. 𝑺𝑷: Set of the solutions dominated by solution 𝒑 .  
 

In fast nondominated sorting method, the initial 
values of 𝒅𝒄𝒑 of all solutions in population are defined as 

zero. For each solution 𝒑 in the population 𝑷 is then 
compared with every other solution 𝒒 in 𝑷. If the solution  
𝒑 is better than 𝒒, then 𝑺𝑷=𝑺𝑷 ∪ {𝒒}, otherwise; 𝒅𝒄𝒑 =

𝒅𝒄𝒑 + 𝟏. If 𝒅𝒄𝒑 = 𝟎,  𝒅𝒄𝒑. 𝐫𝐚𝐧𝐤 = 𝟏. Otherwise, 𝒅𝒄𝒑 

corresponding to each member (𝒒) of  𝑺𝑷 is reduced by 
one. When 𝒅𝒄𝒑 of 𝒒 is zero, it is saved to the new 𝑸 list. 

This 𝑸 list constitutes the second nondominated front. 
This process continues until all front is determined (Deb 
et al., 2002). In this study, ES consists of the first 
nondominated front as illustrated in Fig. 2(a). 
 

 Crowding Distance 
 

The crowding-distance is obtained according to each 
objective function value of the Pareto points. For each 
objective function, the distance values of the largest and 
smallest points are assumed as an infinite. The initial 
values of the distances of all solutions are assigned as 
zero and then the distances of each solutions for each 
objective function are updated as follows (Deb et al., 
2002).  
 

𝑑𝑖𝑠𝑡𝑚,𝑗 = 𝑑𝑖𝑠𝑚,𝑗 +
𝑓𝑚,𝑗+1 − 𝑓𝑚,𝑗−1

max(𝑓𝑚) − min (𝑓𝑚)
 (11) 

 

where 𝐝𝐢𝐬𝐭𝐦,𝐣 denotes distance of jth solution of mth 

objective function as illustrated in Fig. 2b.  
The exact crowding-distance vector (𝐂𝐝𝐣) is obtained 

by summing the individual distance values 
corresponding to each objective as follows, 
 

𝐶𝑑𝑗 = ∑ 𝑑𝑖𝑠𝑡𝑚,𝑗

Π

m=1

 (12) 

 

 Selection procedure 
 

The number of ES can be more than the desired 
number of archive,  𝐧𝐫𝐞𝐩. Therefore, population 
selection strategy must be applied to select solutions to 
constitute 𝐄𝐒. Since the ranks of the all solutions in ES are 
equal to 1, the solutions with the higher distance should 
be selected.  

For this purpose, the crowding distance values (𝐂𝐝) 
of all solutions are sorted in descending form and the first 
𝐧𝐫𝐞𝐩 solutions are selected.  

 

2) Employed Bee Phase 
 

In the employed bee phase, bees search new food 
sources to improve the existing solution. In the original 
ABC algorithm(Karaboga and Basturk, 2007), a new food 
source 𝛘′ is generated by using (13) for each employed 
bee sources (𝐧 = 𝟏 … 𝐍𝐒), 
 

𝜒𝑛𝑟
′ = 𝜒𝑛𝑟 + (𝜒𝑛𝑟 − 𝜒𝑘𝑟) (13) 

 

where 𝛘𝐤𝐫 is neighbour solution of 𝛘𝐧𝐫 corresponding 
to the randomly generated 𝐫 ∈ [𝟏, 𝐮].   

Original ABC algorithm don’t use the ES or best 
solution. However, to effectively improve the solutions in 
MO-ABC, the new solutions must be updated based on 
the ES (Huo et al., 2015). In the second phase of the MO-
ABC algorithm, a new food source is produced by the 
following equation (Huo et al., 2015), 
 

𝝌′
𝒏𝒓 = 𝝌𝒏𝒓 + (𝝌𝒏𝒓 − 𝝌𝒌𝒓) + (𝒚𝒏𝒓 − 𝝌𝒌𝒓)

 𝒚𝒏𝒓𝑬𝑺 
 (14) 

 

where   and   are random numbers in the ranges of        
[-1, 1] and [0, 2], respectively. 𝐲𝐧𝐫 denotes the randomly 
selected solution from 𝐄𝐒. 
 

The choice between the existing and new solutions is 
determined by means of the greed selection. If the 
existing solution is worse than the new solution, the 
abandonment counter is reset and 𝐄𝐒 = 𝐄𝐒 ∪ {𝛘′𝐧}; 
otherwise, the counter is increased.  After all employed 
bees search new food source, 𝐄𝐒 is updated by 
performing the selection procedure. 
 

f1

f
2

j

j+1

j-1

dist1,j

d
ist

2
,j

A

B

f1

f
2

Objective 1

O
b
jec

tiv
e
 2

Rank 1 (first non-dominated front)

Dominated Solutions

Non-dominated Solutions

 
Figure 2. Illustration of the Pareto front points; a) 
Dominated and non-dominated solutions, b) 
Determination of Crowded distances  
 

3) Onlooker Bee Phase 
 

In the onlooker bee phase, in order to calculate the 
selection probability value, the fitness value of each 
solution must be calculated. For a single objective 
function, the fitness value is calculated as follows 
(Karaboga and Basturk, 2007) 
 

𝑓𝑖𝑡(𝜒𝑛) =
1

1 + 𝑓(𝜒𝑛)
 (15) 

 

However, in the MO optimization, since the number of 
objective functions is more than one, (15) is not 
applicable. Thus, the fitness function based on 
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normalization should be used. The normalization 
calculation is as follows (Huo et al., 2015),  
 

𝑓′
𝑚

(𝜒𝑛) = {

max(𝑓𝑚) − 𝑓𝑚(𝜒𝑛)

max(𝑓𝑚) − min(𝑓𝑚)
, 𝑖𝑓 max(𝑓𝑚) ≠  min(𝑓𝑚)

1, 𝑖𝑓 max(𝑓𝑚) = min(𝑓𝑚)

 (16) 

 

The 𝒇𝒊𝒕(𝝌𝒏) is calculated as following equation (Huo et 
al., 2015) 
 

𝑓𝑖𝑡(𝜒𝑛) =
1

Π
∑ 𝑓′

𝑚
(𝜒𝑛)

Π

𝑚=1

 (17) 

 

The selection probability is calculated as follows, 
 

𝑝𝑟𝑜𝑏𝑛 =
0.9𝑓𝑖𝑡(𝜒𝑛)

max𝑛=1
𝑁𝑆 𝑓𝑖𝑡(𝜒𝑛)

+ 0.1 (18) 

 

Then, each of the onlooker bees searches the new 
food source depending on the selection probability. If 
randomly generated number in the range of [𝟎, 𝟏] is 
greater than 𝒑𝒓𝒐𝒃𝒏, the new solution will be produced 
using (14) and the steps in the employed bee phase are 
applied. 
 

4) Scout Bee Phase 
 

In this phase, if a solution is not improved when the 
abandonment limit is reached, the existing solution is 
changed. For this purpose, the existing employed bee is 
transformed to the scout bee and a new food source is 
generated by (10). Thus, the algorithm continues to run 
until the maximum cycle number (MCN) or it reaches a 
predefined stop criteria.    
 

4. IMPLEMENTATION OF TO-ABC ALGORITHM  
 

The TO-ABC method for MRA design consists of 3 
main parts as seen in Fig. 3. The objective functions of the 
algorithm are defined as given in (1).  
 

Number of layers
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Figure 3. Implementation of TO-ABC to design of MRA  
 

The parameters of the MRA structure and TO-ABC 
algorithm are defined as given in Fig. 3. Since the 
minimum layer thicknesses are defined as 0, at the end of 
the optimization the layers with zero thicknesses are 
removed from the sequence. Thus, the ES are listed as 
shown in the Fig. 3 and optimized results are obtained. 
 

4.1. Graphical User Interface for MRA Design 
 

Dozens of studies have been done for the MRA design 
in the last quarter century. Each of these studies aimed to 
develop a part of the design problem. In this study, a fully 

optimized MRA design method is presented for the first 
time. However, since there are many parameters to 
consider in MRA design, an easily accessible interface is 
needed for real applications. Therefore, in this study, a 
GUI is developed for a fully optimized MRA design. As 
seen in Fig. 4 the GUI has 5 different parametric inputs 
such as Frequency, Angle of Incidence, MRA, 
Optimization and Material List. After these inputs have 
been defined, the program is run by clicking the “Start 
MRA Design” button. Once the optimization is completed, 
the optimal results determined on the Pareto front are 
illustrated in the GUI, while the corresponding RTE, RTM 
and TT values are listed in the “Elite Solution” section. In 
GUI, the operator selects the desired result according to 
the trade-off between RTE, RTM and TT. The NSL and 
thicknesses of layers corresponding to the selection of 
the operator are given in the “Layer sequence & 
Thickness” section and the reflection coefficients for TE 
and TM polarizations are plotted depending on the angle 
of incidence. Thus, with the developed GUI, MRA 
designers can easily access the results they need. 
 

4.2. Fair Comparison Criterias and Comparison Data 
 

Several studies have been conducted for MRA design 
so far and the superiority of the proposed methods in 
each study have been compared with previous ones. In 
order to make a fair comparison, the designed MRAs 
should be compared based on the same parameters. 
These parameters can be summarized as follows. 
 

1. When comparing the two designs, it is not fair to 
consider only the maximum reflection coefficients 
and to ignore thicknesses. Because it is obvious in 
MRA design that maximum reflection coefficient 
decreases with increasing thickness. 

2. It is also not true to compare broad-band wide-angle 
designs for a single type of polarization. For example, 
while the maximum reflection coefficient for TE 
polarization is minimized, TM increases. Therefore, 
the reflection coefficients for TE and TM 
polarizations need to be optimized simultaneously.  

3.  When making comparisons, optimizing both designs 
for the same angle of incidence is another important 
consideration. For example, it is a not fair comparison 
to compare an MRA structure which is optimized 
between 0⁰ and 40⁰ with another design which is 
optimized between 0⁰ and 60⁰. Because, it is an 
expected result that the MRA optimized for 60⁰ has 
worse RTE, RTM and TT values than the MRA 
optimized for 40⁰. 

4. Finally, when presenting the performances of the 
designs, it is not a consistent method to give the 
average values of the reflection coefficients relative to 
the all frequency band and angle of incidence. 
Because, if the design has a very low reflection 
coefficient at any angle or frequency, it significantly 
reduces the average value and affects the general 
information about other values.  

 

Therefore, these issues should be taken into 
consideration in order to make a rational assessment. 
For example, the designs optimized between 0-40⁰ in 
(Toktas et al., 2019) were compared to those given in 
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references(Ranjan et al., 2018; Roy et al., 2015). 
However, since the designs given in (Roy et al., 2015) 
were optimized only for normal incidence, their 
performances at 40⁰ are inherently worse than the 
(Toktas et al., 2019). It is also unfair to compare the 
designs in (Toktas et al., 2019) with the designs in 
(Ranjan et al., 2018) , as the MRAs in (Ranjan et al., 2018) 
were optimized to operate between 0⁰ and 60⁰.  

Based on these 4 criteria, in this study, the designs 
optimized with 16 virtual materials  are compared to 
those in (Ranjan et al., 2018). Since the formulation 
(2)&(3) was verified with computer simulation 
technology (CST) in the previous study(Yigit and Duysak, 
2019a), the CST results are not given in this study.  
 

4.3. Designed Fully Optimized MRAs with 16 Virtual 
Materials  
 

To show the success and practice usage of the TO-
ABC, virtual materials listed in (Michielssen et al., 1993) 
are selected as the material list in the GUI. Three types of 
MRAs effective in the frequency ranges of 2-8 (Des1), 12-
18 (Des2) and 2-18 GHz (Des3) are optimized. The angles 
of incidence are changed between 0⁰ and 60⁰. These are 
compared with those in(Ranjan et al., 2018). All design 
parameters except the frequency band are selected as 
shown in Fig. 4. While plotting the reflection coefficients, 
to obtain high-resolution graphics, the resolutions of 
frequency and angle are determined as 0.1 GHz and 1⁰, 
respectively. As seen in Table 1, at the end of the TO-ABC 
algorithm, different MRA structures having different NL 
and sequences are optimized. As shown in Fig. 4, 
although the number of ES are identified as 50, a total of 
19 possible solutions are found and 7 of them are given 
in Table 1. It should be noted that the RTE and RTM 
values given in all Tables are the maximum values 
between all angles of incidence (𝜽 ∈ [𝟎°, 𝟔𝟎°])   and 
frequencies. The 3D plots of RTE and RTM according to 
angle of incidence and the frequency are illustrated in 
Fig. 4. When these solutions are compared with the 
results given in the (Ranjan et al., 2018), it is seen that the 
highlighted  solution 12  in Table 1 is similar to the design 
in the (Ranjan et al., 2018). 

However, although there is a difference of 0.02 dB in 
RTE, RTM and TT values are lower than those found in 
[13]. When the other values in Table 1 are examined, it is 
seen that there are much thinner designs with much 
lower RTM values than the solution 12. However, it 
should be noted that RTE values of the other solutions 
are higher than solution 12.When the solution 13 of Des2 
is compared with the respective MRA(Ranjan et al., 2018)  

in Table 2, it can be seen that  both TT, RTE and RTM of 
the MRA are lower than the(Ranjan et al., 2018). This 
result clearly demonstrates the success of the proposed 
method. Furthermore, due to the nature of the MO 
approach, lower reflection coefficients can be obtained 
by sacrificing thickness or much finer MRAs can be 
chosen from Table 2 by compromising from reflection 
coefficient. Considering Table 3, where the results of 
Des3 are listed, it can be seen that all the ES consist of 4 
layers and most of them have same sequence except from 
third layer.  Furthermore, when the solution 16 in Table 
3 is compared with (Ranjan et al., 2018), it is seen that 
although they have the same sequence, both the RTE, 
RTM and TT values of the solution 16 are much better 
than the (Ranjan et al., 2018). This result is a clear 
indication of the necessity of the triple objective 
approach in MRA design. 
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Figure 4. The GUI for fully optimized MRA design 

 

Table 1. The results corresponding to some of the pareto points obtained by TO-ABC algorithm for Des1 (2-8 ghz) 
  Layer sequence d1 d2 d3 d4 RTE RTM TT 

6 [16-1-9] 0.569 0.332 0.838  -7.401 -7.844 1.739 
7 [16-2-10-11] 0.572 0.302 0.415 0.560 -7.554 -9.541 1.849 
8 [16-2-10-9] 0.650 0.300 0.373 0.581 -7.768 -9.045 1.903 
9 [16-11-2-15] 0.486 0.345 0.877 0.300 -8.056 -7.834 2.008 

10 [16-2-9-11] 0.656 0.447 0.417 0.563 -8.069 -9.392 2.083 
11 [14-2-13] 0.629 1.006 0.612  -7.771 -9.041 2.248 
12 [16-2-13-12] 0.681 0.621 0.734 0.404 -8.450 -8.843 2.440 

Data from (Ranjan et al., 2018) 

  
Layer sequence d1 d2 d3 d4 RTE RTM TT 

[16-2-13-12] 0.701 0.657 0.707 0.383 -8.476 -8.570 2.449 
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