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Abstract

This paper proposes a method for self-positioning in Global Positioning System (GPS)-denied environments using 
stepped-frequency radar and four reference targets. From simulated radar range profiles, an Evolutionary Programming 
(EP)-based CLEAN algorithm is applied to precisely extract scattering center information, while a convolutional neural 
network (CNN) classifier distinguishes the reference targets with a recognition accuracy of 98.8%. The identified 
target information is then used in Least Square (LS) estimation to determine the final position. Monte Carlo 
simulations conducted 100 times under Signal-to-Noise Ratio (SNR) levels of 15, 10, and 5 dB yielded Root Mean 
Square Errors (RMSE) of 0.80 m, 0.93 m, and 1.26 m, respectively. These results validate the feasibility of 
self-positioning in GPS-denied environments using radar and reference targets.

요  약

본 논문은 GPS(global positioning system)가 제한된 환경에서 자기 위치 추정을 위해 계단 주파수 레이다와 

네 개의 기준 표적을 활용하는 방법을 제안한다. 레이다 측정 시뮬레이션을 통해 얻은 range profile에서 

EP(evolutionary programming)-based CLEAN 알고리즘을 적용하여 산란 중심 정보를 정밀하게 추출하고, 동

시에 CNN(convolutional neural network) 분류기를 통해 기준 표적 구분하여 98.8%의 인식 정확도를 달성하

였다. 식별된 표적 정보에 최소자승법을 적용해 최종적으로 위치를 추정하였다. SNR(signal-to-noise ratio) 15,
10, 5 dB 환경에서 100회 몬테카를로 시뮬레이션을 수행한 결과 RMSE(root mean square error)는 각각 0.80
m, 0.93 m, 1.26 m로 나타났다. 이를 통해 GPS가 제한된 환경에서도 레이다와 기준 표적을 이용한 자기 위치 

추정의 가능성을 입증하였다.
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Ⅰ. Introduction

Global Positioning System (GPS) technology is 
widely used in both military and civilian applications. 
However, GPS has limitations in accurately estimating 
positions indoors and in urban canyons, and it is 
susceptible to external interference such as GPS 
jamming and spoofing in military environments [1][2]. 
To address these challenges, various studies have been 
conducted to estimate positions in GPS-denied 
environments [3][4]. Currently, several technologies are 
utilized for position estimation, including vision-based 
[5][6], ultrasonic, LiDAR, and radar methods. The 
vision-based method, which relies on cameras to 
capture images and estimate positions through image 
processing techniques, is mainly used outdoors and 
offers high accuracy but may degrade under poor 
weather or low-light conditions. The ultrasonic method, 
using sensors to emit sound waves and measure the 
time until they reflect back, is primarily used indoors, 
providing cost-effective and stable position estimation, 
although it may not be ideal for high-precision 
location tracking [7]. The LiDAR-based method scans 
the surrounding environment using either a rapidly 
rotating mirror or multiple laser emitters. It measures 

the time taken for the laser beams to reflect off 
objects and return, thereby calculating the distance. 
This data enables the generation of a 3D point cloud, 
leading to precise estimation of the target’s location 
on a high resolution 3D map [8][9]. It can scan the 
environment swiftly using light and remains unaffected 
by weather conditions or environmental changes. 
However, LiDAR technology is expensive and requires 
specialized maintenance. Similar to LiDAR, the radar 
method can accurately estimate positions in various 
environments and delivers consistent performance 
regardless of weather conditions or time of day 
[10]-[12]. However, high resolution position estimation 
necessitates a wide bandwidth, and there is a 
requirement to process the detected data. Consequently, 
this study proposes a self-positioning method using 
stepped-frequency radar, which achieves high-resolution 
range profiles through a wide bandwidth. 
Stepped-frequency radar employs a broad frequency 
range to gather detailed information on the range of 
targets. High-resolution range profiles display the 
reflected signal strength as a function of time or 
distance, and stepped-frequency radar provides this 
information with high resolution. 

Fig. 1. Conceptual diagram of operation for the proposed method
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By using the Evolutionary Programming (EP)-based 
CLEAN algorithm [13], we can accurately determine 
the range information between the moving vehicle and 
the targets. Additionally, by training a Convolutional 
Neural Network (CNN) classifier with the obtained 
range profiles, we can discern the information of the 
targets designated for position estimation. To estimate 
the position of the moving vehicle using the Least 
Square (LS) estimation method, it is necessary to 
ascertain the range information between the targets and 
the moving vehicle, as well as the positions and 
identification numbers of the targets. The target 
identification number is obtained through the classifier, 
and the positions of the targets are predefined by the 
user. Consequently, we confirmed that we could 
estimate the position of the moving vehicle by 
applying the range information derived from the 
EP-based CLEAN algorithm and the target identifiers 
obtained through the CNN classifier to the LS 
method. To demonstrate the proposed method, we 
developed a simulation environment and implemented 
the aforementioned algorithms to assess the difference 
between the set positions and the estimated positions. 
The Root Mean Square Error (RMSE) was employed 
as the validation method to confirm the effectiveness 
of the approach proposed in this paper. Fig. 1 
illustrates the conceptual operation of the method 
discussed in this study.

Ⅱ. Self-positioning algorithm

Before explaining the self-positioning algorithm, we 
make the following assumptions. First, the moving 
vehicle is within a position estimable range defined by 
a rectangle, as illustrated in Fig. 2. The rectangle is 
formed by placing targets at its vertices, and within 
this rectangle, positioning estimation is feasible. Each 
target consists of various scattering centers. Secondly, 
a stepped-frequency radar mounted on the moving 
vehicle rotates to collect the necessary data for 

positioning estimation. Fig. 3 shows a block diagram 
of the proposed algorithm. The LS estimation method 
is employed for self-positioning. To apply the LS 
estimation method, two preliminary steps are required: 

Fig. 2. Position estimable range

First, the range profile is obtained by performing 
an Inverse Fast Fourier Transform (IFFT) on the data 
collected by the radar. Next, the precise range is 
extracted using the EP-based CLEAN method. For 
target recognition, CNN classification is utilized. Once 
these preliminary steps are successfully completed and 
four targets are detected, self-positioning using LS 
estimation can be performed.

Fig. 3. Flowchart of self-positioning
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2.1 LS estimation

In this section, a mathematical interpretation of the 
LS estimation is presented. As initially assumed, the 
radar mounted on the moving vehicle is rotated, and 
data are obtained from the targets. Through this 
process, the range between the targetsand the radar is 
obtained. Additionally, since the user predetermines the 
target positions, these positions are already known. 
Consequently, the Formula of the line can be 
formulated as follows: 

       (1)

     (2)

     (3)

     (4)

    denote the distances between each 
target and the radar, respectively. For each target, the 
range used is the distance to the nearest scattering 
center of the radar.     denote the 3D 
coordinates of the targets, where      indicates 
the number of targets.     are the coordinates of 
the radar that need to be estimated. (1) to (4) can be 
transformed into a matrix form as shown in (5) 
through the process described in [14]-[16].

X ∗t b  (5)

X



 


            

 (6)

t   (7)

b




            




   (8)

In (5), X  t  b  are expressed as (6) to (8), 
respectively. Here, (7) denotes the 3D position 
information of the moving vehicle with the radar. By 
using (6) and (8) in matrix form, we can perform LS 
estimation to estimate the position of the moving 
vehicle. The LS estimation method is summarized as 
follows [14]-[18]:

t  X TX  X Tb  (9)

The estimated 3D position information of the 
moving vehicle is denoted as t . Therefore, the 
coordinates of the moving vehicle can be estimated 
using LS estimation. However, if the distance 
information     between the moving vehicle 
and the targets, which is used for LS estimation, is 
inaccurate, increased estimation errors may result. 
Therefore, the extraction of accurate range information 
is essential. Correctly identifying the target that 
generated each radar measurement is also crucial. 
Otherwise, a mismatch between the range information 
and the targets can occur, leading to inaccurate 
position estimation. To address these issues, two 
preliminary steps are conducted prior to accurate LS 
estimation. The EP-based CLEAN method is employed 
to extract range information and pinpoint each target’s 
scattering center. Next, a CNN classifier is used to 
associate each range profile with its corresponding 
target. The following section explains the EP-based 
CLEAN method and CNN in detail.
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2.2 EP-based CLEAN

The EP-based CLEAN algorithm, which was 
previously used in [13], is applied to accurately 
extract range information between the moving vehicle 
and point targets. EP is a computational technique that 
solves optimization problems by emulating biological 
evolutionary principles. The process begins with the 
random generation of initial candidates, each 
representing a potential solution. These candidates are 
evaluated for fitness, after which those with high 
fitness are mutated to preserve diversity and avoid 
local minima. The fitness of the mutated individuals is 
then reassessed, and selections are made for the next 
generation. This iterative process is repeated for a 
specified number of generations to obtain the optimal 
solution. This method is generally considered more 
effective than gradient descent techniques for finding a 
global optimum. By using this approach, the optimal 
range and amplitude can be precisely determined from 
the radar data. EP-based CLEAN is advantageous for 
its fast, step-by-step extraction method, unlike 
approaches that attempt to extract all parameters 
simultaneously. Since CLEAN assumes an undamped 
exponential model, it is applied in the high-frequency 
band. The equation below mathematically represents 
the signal received by a stepped-frequency radar [13]:

     
  …

 (10)

The detailed process of the EP-based CLEAN 
algorithm, as proposed in [13], is summarized as 
follows. Let   is the number of scattering centers to 
be estimated, and   is the number of frequency 
samples. The received signal of the steppedfrequency 
radar is denoted as    , where m indicates the 
iteration step,   is the q-th frequency sample and   is 
the speed of light. In each iteration, the amplitude am 
and range   of the m-th scattering center are 

estimated by minimizing the cost function   using EP.

          (11)

The contribution of the identified scattering center 
is then removed from the received signal to compute 
the residual:

       
 (12)

This procedure is repeated until all   scattering 
centers are extracted. The method enables more 
accurate estimation of range and amplitude from radar 
received signals by isolating the influence of each 
scattering center.

2.3 Target recognition

To estimate the position of a moving vehicle using 
LS estimation, it is essential to identify the target 
from which the measured range was obtained. 
However, since the signals received by the rotating 
radar do not indicate the identity of the target, target 
recognition becomes necessary. A CNN classifier was 
trained to recognize each target using its respective 
range profile [19]-[21]. A CNN is a multilayer neural 
network designed to classify image or video data 
which shows outstanding performance in various fields 
such as image recognition, classification, object 
detection, and video analysis. As shown in Fig. 4, a 
typical CNN architecture consists of an input layer, 
convolutional layers, a ReLU function, pooling layers, 
fully connected layers, and an output layer. The input 
layer typically has a grid-like structure and is 
represented as a matrix of pixel values. The 
convolutional layer, a core component of CNNs, 
applies convolution operations to the input data to 
generate feature maps. 
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Fig. 4. Structure of CNN

These operations involve sliding small kernels over 
the input data to perform element-wise multiplication 
and summation, thereby emphasizing specific image 
features. Kernels are small matrices used across the 
entire input to detect a variety of features. The ReLU 
function, the most commonly used activation function, 
introduces non-linearity into the model after each 
convolution operation. Its output equals the input when 
positive and is zero when negative, enabling the 
network to capture complex patterns. The pooling 
layer reduces the dimensionality of feature maps, 
enhancing computational efficiency and preventing 
overfitting. In this study, max pooling was used. The 
fully connected layer processes high-dimensional data 
that have passed through multiple convolutional and 
pooling layers, with neurons connected to all activation 
functions in the preceding layers, similar to traditional 
artificial neural networks. The final fully connected 
layer outputs the probability for each class in 
classification tasks by applying an activation function 
such as softmax to convert the network’s output into 
probabilities. 

The CNN network architecture used in this paper 
consists of a total of 14 layers, and its detailed 
structure follows a typical CNN design in which 2D 

convolution–batch normalization–ReLU–MaxPooling 
blocks are stacked sequentially as shwon in Table 1, 
followed by a fully connected layer and a 
classification layer. The network was trained using the 
Stochastic Gradient Descent with Momentum (SGDM) 
optimizer, with an initial learning rate of 0.001, 5 
epochs, and a minimum batch size of 4. During the 
training, the data were shuffled at every epoch, and 
validation accuracy was evaluated every 10 steps using 
the validation dataset. 

Table 1. CNN architecture and training parameters

Stage
Layer

Configuratio
n

Filter Size/
No. of filters

Output
size

Conv.
Block1

Conv2D+
BN+ ReLu

32x32,
64 filters

same

Pooling 1
MaxPooling
2D

2x2,
Stride=2

Halved
size

Conv.
Block2

Conv2D+
BN+ ReLu

16x16,
16 filters

same

Pooling 2
MaxPooling
2D

2x2
Halved
size

Conv.
Block3

Conv2D+
BN+ ReLu

3x3,
8 filters

same

Pooling 3
MaxPooling
2D

2x2
Halved
size
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CNNs autonomously learn features from input 
images and hierarchically combine these features to 
recognize high-level patterns. In this study, distinct 
features were generated for each reference target to 
enable CNNs to effectively learn and recognize the 
range profile characteristics of each target. These 
features are presented in Table 2. The reference 
targets, each composed of three point scatterers, differ 
in the distances between the scatterers and in their 
amplitudes. These characteristics are clearly reflected in 
the range profiles. The distance between the first and 
second point scatterers is denoted as , and the 
distance between the second and third point scatterers 
is denoted as . The amplitudes of the respective 
point scatterers are set as amplitude 1, amplitude 2, 
and amplitude 3, which correspond to am in (10).

Table 2. Parameters of each target for feature generation

Target
Parameter

Target
1

Target
2

Target
3

Target
4 12 m 15 m 21 m 19 m 13 m 15 m 9 m 11 m

Amplitude 1 4 3 5 4
Amplitude 2 3 4 3 2
Amplitude 3 2 2 3 5

To train the CNN classifier, training data were 
collected from various locations. Since the distances 
between scattering centers in the range profile vary 
with the radar’s position, it was important that the 
model be trained using data measured from multiple 
locations. The training data were obtained by moving 
the vehicle at regular intervals within the position 
estimation range. By acquiring range profiles from 
various locations, the reliability of the classifier for 
target recognition was improved. In the range profiles 
used for target recognition, if the distances between 
scattering centers are too short, the centers may appear 
to overlap, which can result in inaccurate recognition. 
Therefore, a window function that includes only the 
section from 5 m before the first scattering center to 
5 m after the last scattering center of the target was 
applied for training. 

(a) Target 1

(b) Target 2

(c) Target 3

(d) Target 4
Fig. 5. Data used for CNN training
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By focusing solely on the section around the 
scattering centers in the range profile, overlapping can 
be minimized even when the scattering centers are 
closely placed. This approach not only enhances the 
performance of target recognition but also provides 
spatial efficiency, as the scatterers do not need to be 
installed at wide intervals. A rectangular window 
function was employed for this purpose. The range 
profiles obtained for each target using this method 
were classified using a CNN. Fig. 5 shows the range 
profiles used for training. As seen in Fig. 5, the 
distance and amplitude between scattering centers 
differ for each target, indicating that each target has 
unique features in its range profile. Therefore, it is 
possible to determine from which target the range 
information originated based on the range profile.

Ⅲ. Simulation and result

The received signals of the stepped-frequency radar, 
including the radar’s position as well as the position 
and amplitude of each target for the simulation, were 
configured using MATLAB. The stepped-frequency 
radar was set to start at 24 GHz, with a bandwidth of 
250 MHz, and the number of frequency samples was 
fixed at 512. The resolution of the range profile used 
in the simulation is approximately 0.6 m. Before 
proceeding with the simulation, it is essential to 
correctly set the parameters of the EP-based CLEAN 
algorithm. The performance of the algorithm is 
optimized based on the values of its parameters, which 
include population, generation, and mutation rate.

The population refers to the number of individuals 
initially generated, generation refers to the number of 
iterations needed for optimization, and the mutation 
rate determines the level of variation applied when 
generating new individuals. A high mutation rate 
introduces more variation, helping to avoid local 
minima, but excessively high rates may prevent 
convergence and mimic a random search. Therefore, it 
is crucial to find an appropriate balance. The 

parameter values used for the EP in this study are 
presented in Table 3.

Table 3. Parameters of EP

Parameter Value
# of population 400
# of generations 160
Mutation rate 0.1

When the parameter values for the EP-based 
CLEAN algorithm increase, this leads to increased 
computation time. To solve this issue, the EP-based 
CLEAN algorithm was applied only around the 
scattering centers. The raw data received by the radar 
were processed using IFFT, and the maximum values 
were identified according to the number of scattering 
centers, allowing the approximate locations of these 
centers to be estimated. By generating initial 
candidates only around these locations, the range to 
the scattering centers could be determined with fewer 
populations and generations, thereby reducing 
computation time. In this paper, for a single range 
profile, the average execution time of one EP-based 
CLEAN algorithm to extract all three scattering 
centers was 3.025[s] (measured 30 times in the 
environment: Intel i5-13400, 16 GB RAM, MATLAB 
R2023b, without GPU). For LS estimation, the 
locations and sizes of the targets were pre-set, 
allowing the total number of scattering centers, 
denoted as  , to be determined. As mentioned 
earlier, the radar rotates while measuring the targets, 
and each target is implemented with a total of three 
point scattering centers. The point scattering centers 
were modeled as spherical reflectors to ensure 
consistent data acquisition from any direction. The 
four targets, each consisting of three point scattering 
centers, are positioned at the corners of a square, as 
illustrated in Fig. 2. The interior of the square 
indicates the range within which position estimation is 
feasible. To introduce variations in the range profiles, 
the positions and sizes of the scattering centers were 
adjusted for each target. 
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Table 4. Result of the confusion matrix for target
recognition

Predicted
True

Target 1 Target 2 Target 3 Target 4

Target 1 0.9933 0.0000 0.0045 0.0022
Target 2 0.0134 0.9844 0.0022 0.0000
Target 3 0.0000 0.0000 0.9978 0.0022
Target 4 0.0000 0.0089 0.0134 0.9777

Fig. 6 shows the range profiles generated using 
radar signals received from each target, along with the 
amplitude and range information of the scattering 
centers extracted via the EP-based CLEAN algorithm. 
In the figure, the red dots represent the range and 
amplitude of the scattering centers. The range profiles 
were normalized such that the maximum amplitude 
was scaled to 1. Although the EP-based CLEAN 
algorithm successfully extracted amplitude and range 
information, it was still unclear which specific target 

each set of range data corresponded to. Therefore, the 
CNN described earlier was employed for additional 
target identification.

To evaluate the performance of the CNN, the 
dataset was divided into training and test data in a 
7:3 ratio, and the accuracy was assessed. A total of 
5,968 data samples were collected, of which 4,176 
were used for training and 1,792 for testing. As 
shown in Table 4, a confusion matrix was generated 
to calculate the accuracy. Ultimately, an accuracy of 
98.83% was achieved. This confirms that target 
recognition using the range profile is effective. Next, 
LS estimation was performed using data obtained by 
integrating the EP-based CLEAN algorithm with the 
CNN. To ensure the robustness and reliability of the 
results, simulations were conducted with the radar 
placed at various positions.

(a) Target 1 (b) Target 2

(c) Target 3 (d) Target 4
Fig. 6. Result of the EP-based CLEAN
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Fig. 7. Radar position set in the simulation

Fig. 7 illustrates the radar positions used in the 
simulation, indicated by red dots. To further evaluate 
robustness in noisy conditions, the SNR was set to 15 
dB, 10 dB, and 5 dB, respectively. At each position 
and SNR level, 100 Monte Carlo simulations were 
performed. The probabilistic nature of the Monte Carlo 
method allowed for the incorporation of variability and 
uncertainty, enabling a more thorough and 
comprehensive analysis. RMSE was used to evaluate 
the algorithm proposed in this study. The formula for 
RMSE is as follows:

      (13)

     (14)

Here,   denotes the distance between the 
estimated and actual locations, and   denotes the 
total number of iterations, which was set to 100 for 
this experiment. Table 5 presents the results of 
verifying position estimation accuracy using RMSE. It 
shows the average RMSE values calculated by 
aggregating the RMSE results for each SNR level 
across all radar positions.

Table 5. Average RMSE across all positions for each
SNR level

SNR 15 dB 10 dB 5 dB

RMSE (Average) 0.7990 m 0.9254 m 1.2624 m

The average RMSE values for SNRs of 15 dB, 10 
dB, and 5 dB are 0.7990 m, 0.9254 m, and 1.2624 
m, respectively. The cases with 15 dB and 10 dB 
demonstrated an average accuracy within 1 m, while 
the 5 dB case showed an average accuracy exceeding 
1 m. When examining the RMSE at each location, it 
was observed that the RMSE increased as the distance 
between the targets decreased. This is attributable to 
the closer appearance of point scattering centers in the 
range profile when the distance between the radar and 
the targets diminishes, thus reducing accuracy during 
the range extraction phase. Additionally, simulations 
were conducted by changing the position estimable 
area from the original rectangular shape to a 
pentagonal shape. For the pentagon, the average 
RMSE values for each SNR were 0.7922 m, 0.9262 
m, and 1.2737 m, respectively. Therefore, in this 
study, the rectangular position-estimable area was 
adopted, as the difference in accuracy between the 
pentagonal and rectangular areas was minimal, and the 
rectangular shape requires fewer target recognition and 
range extraction computations.

Consequently, consistently low RMSE values were 
observed at coordinates near the center of the estimable 
area, specifically at (110, 110, 10), (110, 110, 40), and 
(110, 110, 70). Fig. 8 presents the estimated radar 
positions at different SNR levels, where the red circle 
indicates the true radar position, and the blue dots denote 
the estimated positions. As shown in the figure, the 
estimated positions exhibit minimal error in the horizontal 
plane, with only slight variations in altitude. Results show 
that errors in the horizontal (X–Y) plane are generally 
small with negligible bias, whereas only the vertical (Z) 
component exhibits relatively larger variability. This 
behavior is explained by Vertical Dilution of Precision 
(VDOP) [22][23]. Because the reference targets are 
arranged on the same plane, sensitivity to the vertical 
component is reduced and even small range errors are 
amplified along the Z-axis. The consistently small 
horizontal errors confirm that the proposed algorithm 
accurately estimates the radar’s position.
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(a) SNR = 15dB

(b) SNR = 10dB

(c) SNR = 5dB
Fig. 8. Position estimation results for different SNR levels

Ⅳ. Conclusion

This paper proposes an LS-based self-positioning 
method using stepped-frequency radar and reference 
targets. The approach combines EP-based CLEAN for 
accurate range extraction and a CNN classifier for 
target identification, achieving 98.83% classification 
accuracy. LS estimation was then performed under 
various SNR conditions, with 100 Monte Carlo 

simulations for each case. The results show average 
RMSE values of 0.7990 m, 0.9254 m, and 1.2624 m 
for SNRs of 15, 10, and 5 dB, respectively, 
demonstrating the effectiveness of the proposed 
algorithm in accurately estimating the radar’s position. 
Future work will focus on extending the method using 
alternative optimization techniques and validating the 
algorithm through experimental measurements with 
actual radar systems.
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