
Citation: Jang, D.; Kim, J.; Park, Y.B.;

Choo, H. Study of an Atmospheric

Refractivity Estimation from a Clutter

Using Genetic Algorithm. Appl. Sci.

2022, 12, 8566. https://doi.org/

10.3390/app12178566

Academic Editor: Amalia Miliou

Received: 21 July 2022

Accepted: 24 August 2022

Published: 26 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Study of an Atmospheric Refractivity Estimation from a Clutter
Using Genetic Algorithm
Doyoung Jang 1 , Jongmann Kim 2, Yong Bae Park 3,4 and Hosung Choo 1,*

1 Department of Electronic and Electrical Engineering, Hongik University, Seoul 04066, Korea
2 Agency for Defense Development, Daejeon 34316, Korea
3 Department of Electrical and Computer Engineering, Ajou University, Suwon 16499, Korea
4 Department of AI Convergence Network, Ajou University, Suwon 16499, Korea
* Correspondence: hschoo@hongik.ac.kr

Featured Application: This article is related to atmospheric refractivity estimation from clutter
images using a genetic algorithm.

Abstract: In this paper, a method for estimating atmospheric refractivity from sea and land clutters is
proposed. To estimate the atmospheric refractivity, clutter power spectrums based on an artificial
tri-linear model are calculated using an Advanced Refractive Prediction System (AREPS) simulator.
Then, the clutter power spectrums are again obtained based on the measured atmospheric refractivity
data using the AREPS simulator. In actual operation, this spectrum from measured reflectivity can
be replaced with real-time clutter spectrums collected from radars. A cost function for the genetic
algorithm (GA) is then defined based on the difference between the two clutter power spectrums to
predict the atmospheric refractivity using the artificial tri-linear model. The optimum variables of the
tri-linear model are determined at a minimum cost in the GA process. The results demonstrate that
atmospheric refractivity can be predicted using the proposed method from the clutter powers.

Keywords: radio propagation; radar; optimization algorithms; clutter images

1. Introduction

Advancements in radar technologies have led to significant improvements in the
performance of long-range shipborne radar systems, which have been extensively adopted
for searching and tracking enemy targets [1–5]. However, in such radar systems, the radar
performance is sometimes degraded by weather conditions [6–9], because the propaga-
tion path of the radar signal varies when the atmospheric refractivity changes. Therefore,
long-range shipborne radar systems require a real-time observation of the atmospheric
conditions. To observe atmospheric conditions, a rawinsonde that can measure the at-
mospheric conditions at high altitude is typically used [10–12]. However, it is difficult to
obtain the atmospheric conditions in real-time since the rawinsonde is generally operated
for a limited time of less than three times a day. To achieve real-time observations of
atmospheric conditions, several studies focusing on estimating refractivity from clutter
(RFC) have been conducted. The RFC techniques utilizing radar sea-clutter images are
often combined with various estimation methods, such as the Kalman filter [13], Monte
Carlo simulation [14], and other optimization algorithms [15–18]. However, most of these
studies have been conducted within the limited space around Wallops Island [13–19]. In
addition, since the radar sea-clutter images are significantly affected by the sea wave height,
it is difficult to obtain constant images, even if the atmospheric environment is assumed to
be the same [20–22]. More recently, a study on sea-surface modeling using a deep learning
method that recognizes the real-time changing state of sea waves has been reported [23].

In this paper, a method for estimating the atmospheric refractivity using both the
sea and land clutters is proposed. The atmospheric refractivity can be estimated using
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the clutter powers, because the clutter powers are varied in real-time depending on the
atmospheric refractivity. Since land clutter powers do not change much if the atmospheric
environment is constant [24], the clutter powers should be obtained not only for the sea but
also for the land. In the actual radar operation, more consistent prediction results can be ob-
tained by analyzing clutter, including land terrain. To estimate the atmospheric refractivity
using the clutter powers, the real terrain model around a coastal area, including a number of
islands and inland in Korea, is applied to Advanced Refractive Prediction System (AREPS)
electromagnetic (EM) propagation simulation software [25]. Then, different RCS models
are applied to land and sea. In addition, an artificial tri-linear model that can express all
atmospheric conditions, including normal, super, sub and duct, is designed. Based on the
artificial tri-linear model, the clutter power spectrums are calculated using the AREPS EM
simulator. At the same time, the clutter power spectrums are again obtained based on the
measured atmospheric refractivity data using the AREPS simulator. Herein, data from
four dates, including the duct condition among the 2021 data measured by the Heuksando
Meteorological Observatory, are utilized. In actual operation, this spectrum of measured
reflectivity can be replaced with real-time clutter spectrums collected from radars. A cost
function for the genetic algorithm (GA) is then defined based on the difference between the
use of the two calculated clutter power spectrums to predict the atmospheric refractivity.
The optimum variables of the tri-linear model are determined at a minimum cost in the GA
process. The results demonstrate that atmospheric refractivity can be predicted from the
clutter powers using the proposed method.

2. Calculation of Clutter Power Spectrums

Figure 1 presents the propagation of the electromagnetic wave of the shipborne radar
systems according to atmospheric conditions, including normal, sub, super, and duct.
The atmospheric conditions are classified by the gradient of modified refractive index M
in terms of the altitudes. The modified refractive index M can be calculated using the
following equation [26]:

N =

(
77.6× 10−6 × P

T
+ 0.373× e

T2

)
× 106 (1)

M = N + 0.157× h (2)

where N is the refractive index, P is the air pressure in millibars, e is the water vapor
pressure in millibars, and T is the absolute temperature in K. The refractivity of N is
replaced by the modified refractivity of M to take into consideration the Earth’s curvature
according to altitude h. Normal refraction occurs when the gradient of the refractivity is
78 ≤ ∇M ≤ 157, which indicates good conditions for radar systems to search for a target.
However, when the ∇M is greater (sub, ∇M > 157) or less (super, 0 < ∇M < 78) than the
normal state, shipborne radar systems find it difficult to observe the exact distance and
altitude of the targets due to abnormal refraction of the radio waves. Moreover, in the
duct condition (∇M < 0), the wave propagation of the radar signal is trapped as if in a
waveguide. Therefore, it is important to be able to anticipate atmospheric refractivity to
prevent degradation of radar performance depending on the atmospheric conditions.

Figure 2 shows the observation area and scan range for obtaining the clutter power
spectrum. In our analysis, the shipborne radar is located near Wando, which illuminates
the north direction with a scan range of 20◦ (ϕ = 80◦~100◦) to obtain the clutter power
spectrums from both the land and sea. Herein, the sea clutter powers are significantly
affected by the sea wave height, whereas the land clutter powers do not change substantially
as long as the atmospheric environment remains constant. Thus, when the radar obtains the
clutter powers by illuminating not only the sea but also the land, atmospheric refractivity
can be predicted more accurately.
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Figure 2. Observation area and scan range of the shipborne radar systems.

Figure 3 presents the measured atmospheric refractivity data when atmospheric con-
ditions are duct or normal. These data were measured at different times in the Heuksando
Meteorological Observatory [27], which is the closest meteorological station to Wando. In
this measurement data, Case 5 is the normal condition, whereas Cases 1, 2, 3, and 4 represent
duct conditions with duct slopes (∇M) of −121, −159, −121, and −151, respectively.

Figure 4 illustrates the propagation factor according to different atmospheric condi-
tions with the measurement data of Case 1 (normal) and Case 2 (duct). The solid black lines
indicate the height of the terrain around Wando, and the terrain data are obtained from the
NASA earth data center [28]. In this simulation, the radar height is assumed to be 30 m,
and the observation range and altitude are 0 to 100 km and 0 to 1000 m, respectively. When
the atmospheric condition is normal, radar wave propagation is disturbed by the high
topography, so the shaded areas are clearly observed, as shown in Figure 4a. In contrast,
when ducting occurs, a strong propagation factor is observed even behind the high terrain.
The result means that the radar can have completely different propagation paths depending
on the atmospheric conditions.
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Figure 4. Propagation factor according to different atmospheric conditions in the duct and normal:
(a) using the measured data of Case 1; (b) using the measured data of Case 2.

Figure 5 shows the clutter power spectrum according to the atmospheric conditions.
The clutter power can be calculated from the propagation factor using the following
equations [29]:

A =
rθcτ

2
(3)

Pc =
PtG2λ2 Aσ0

(4π)3r4
(4)

where Pt is the transmitted power, and G is the antenna gain of the radar, λ is the wavelength,
and r is the range of the radar for the observation location. In addition, A is the illumination
surface area by the radar signal, which can be obtained from range r, antenna beamwidth
θ, light speed c, and radar pulse width τ. σ0 refers to the radar cross section (RCS) of the
land [24] and sea surface [20]. Generally, the RCS for the land surface is higher than for the
sea surface. When the atmospheric condition is normal, the strong clutter power spectrum
is not observed over a range of 20 km, as shown in Figure 5a, because the high terrain
blocks the wave propagation. On the other hand, when the atmospheric condition is duct,
a strong clutter power is observed in a wide range, as shown in Figure 5b.
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Figure 5. Clutter power spectrums according to atmospheric conditions: (a) using the measured data
of Case 1; (b) using the measured data of Case 2.

3. Estimation of an Atmospheric Refractivity

Figure 6 shows the shape of the tri-linear model for the atmospheric refractivity
estimation method. The artificial tri-linear model consists of three lines with slopes d1, d2,
and d3. In addition, the boundaries between the three lines are determined by h1 and h2.
Since the slope of the tri-linear model can be changed to negative or positive values, the
tri-linear model can express most atmospheric conditions, including normal, super, sub,
and duct. Therefore, the tri-linear model can be utilized as an approximate atmospheric
refractivity model in refractivity estimation methods.
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Figure 6. The shape of the tri-linear model.

Figure 7 presents the flow chart of the use of the GA algorithm [17,18] to predict the
atmospheric refractivity from the clutter power spectrums. To predict the atmospheric
refractivity, a random chromosome is first generated, and then the decoded values from
the chromosome are applied to the variables of the tri-linear model. The tri-linear model
is used as input to the AREPS EM propagation simulator to calculate the clutter power
spectrum. At the same time, the clutter power spectrums are again obtained based on the
measured atmospheric refractivity data introduced in Figure 3 using the AREPS simulator.
In actual operation, this spectrum of measured reflectivity can be replaced with real-time
clutter spectrums collected from radars. Herein, the cost function for the GA is then defined
based on the difference between the two calculated clutter power spectrums. In the GA
process, the variables of the tri-linear model are adjusted to minimize the cost through
the reproduction process. Consequently, the optimum variables of the tri-linear model are
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determined at a minimum cost in the GA, which means that the estimated atmospheric
conditions have been obtained. The GA parameters, such as population size, generations,
and mutation ratio, are listed in Table 1.
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Figure 7. GA process for estimating atmospheric refractivity.

Table 1. Detailed information of the GA.

Option Value

Population size 30
Generations 15
Elite count 6

Crossover ratio 40%
Mutation ratio 10%

Figure 8 provides a comparison of the estimated and measured atmospheric refractivity
data based on the clutter powers. Estimation is conducted for the measured data in
Figure 3, and the duct slopes and duct thickness of the estimated and measured values are
summarized in Table 2. Based on the results shown in Table 2, the estimation errors for the
duct slopes and duct thickness are maintained at below 46.1 and 36, respectively. For Case 3,
the atmospheric refractivity can estimate with estimation errors for the duct slopes and
duct thickness of 29 and 24, respectively. This estimation result of the best case is compared
with other studies in Table 3. The results demonstrate that the atmospheric refractivity can
be predicted from clutter powers using the proposed method. The proposed method is
suitable for actual radar systems because it is possible to obtain more consistent prediction
results by analyzing clutter, including land terrain, when operating the actual radar.

Table 2. Summary of all estimation results.

Case Duct Slopes
(Esti.)

Duct Slopes
(Mea.)

Duct Thickness
(Esti.)

Duct Thickness
(Mea.)

Case 2 −74.9 −121 231 200
Case 3 −187.5 −158.5 176 200
Case 4 −168.7 −121 181.5 200
Case 5 −194.3 −151 264 300
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Figure 8. Comparison of the estimated and real atmospheric refractivity. (a) Using the measured data
of Case 2; (b) using the measured data of Case 3; (c) using the measured data of Case 4; (d) using the
measured data of Case 5.

Table 3. Comparison results.

Option [14] [17] Our Best

Duct slopes error 4 240 29
Duct thickness error 0.14 47 24

4. Conclusions

In this paper, we have investigated the method for estimating atmospheric refractivity
using both sea and land clutters. To estimate the atmospheric refractivity, the artificial
tri-linear model that can express all atmospheric conditions was applied in a GA process.
In addition, the clutter power spectrum was calculated using an AREPS EM propagation
simulator. At the same time, the clutter power spectrums were again obtained based on the
measured atmospheric refractivity data. The cost function for the GA was then defined
based on the difference between the two clutter power spectrums. From the estimation
result, the estimation errors for the duct slopes and duct thickness were maintained at
below 46.1 and 36, respectively. The results demonstrated that atmospheric refractivity can
be predicted using the proposed method from the clutter powers.
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