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Abstract 

Measuring the altitude distribution of electron density in the upper atmosphere, known as the ionosphere, using High-

Frequency radio wave reflections often causes the low signal-to-noise ratio of ionospheric echoes due to radio 

frequency interference. We propose a model for converting low-signal-to-noise-ratio ionospheric echo video images 

(Ionogram) into noise-reduced images using image processing techniques, for tracing the ionospheric echoes from 

Ionogram. The proposed method consists of three processing parts: noise removal optimized for individual Ionogram 

images, extraction of ionospheric echoes by penalized background subtraction technique, and fine-tuning of 

ionospheric echo signals using a minimum spanning tree algorithm. The proposed model successfully reproduces fine 

Ionograms with 98% recall and 99% precision. 
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1. Introduction 

The ionosphere is a part of Earth’s upper atmosphere 

from about 100km to high altitudes and is very closely 

related to our modern life. The ionosphere has a 

significant impact on the radio propagation for 

communications, satellite positioning system, etc. The 

structure of ionosphere is not stable and variable in the 

time of day, season, latitude, and solar activity, because 

of the differences of the energetic photo-ionization 

process. The irregularities and disturbances in the 

ionosphere cause various severe problems, for example, 

lower accuracy of the radio navigation due to the global 

positioning system/Global Navigation Satellite System 

scintillation, disruptions in High Frequency (HF) radio 

wave bands or interferences due to anomalous 

propagation, etc. In order to utilize radio propagation 

safely and securely in modern society, it is essential to 

measure and analyze the fluctuating ionospheric 

environment at high speed and with high accuracy.  

The fluctuating ionospheric environment is 

characterized by electron density variations in this region. 

The fluctuating ionospheric environment is characterized 

by electron density variations in this region. Ionosonde, a 

vertical ionospheric sounder, has been widely used to 

detect the ionospheric electron density as a function of 

height, using HF radio wave reflections. Ionosonde emits 

radio impulses with increasing frequency, measuring the 

time delay of radio signals received back from the 

different ionospheric layers. Fig. 1a shows an ionogram, 

which is a visualization of the output of an ionosonde 

measurement. The ionogram represents the received echo 

intensities in a virtual height (time-of-flight) against 

transmitted frequency. To analyze the fluctuating 

ionospheric environment, it is important of the 

interpretation of the ionogram, the so-called “scaling” of 
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ionograms. In other words, the scaling is the detection of 

the ionospheric echo on the ionograms and the extraction 

of characteristics of E and F layers (virtual heights: h'E, 

h'F, h'F2, etc. or critical frequencies: foE, foF1, foF2, 

etc.) from ionograms [1]. 

Classical manual scaling by professional researchers 

has been used, but several methods of automatic scaling 

have been proposed in recent decades. There are two 

main approaches to automatic scaling: image processing 

(computer vision) approaches [2], [3] and deep-learning 

image generation approaches [4], [5]. The both methods 

perform the scaling of ionograms with higher accuracy, 

but the expected ionogram for scaling is high signal-to-

noise ratio (SNR) image. Here, the signal is the 

ionospheric echo, and the noise is the background noise, 

such as radio frequency interference (RFI) from other 

emissions. In Fig. 1a, the noise appears as the vertical 

strip. The ionogram visualization process also generates 

noise [6]. Ionogram images are visualized using spectral 

analysis techniques such as the Fast Fourier Transform 

(FFT) algorithms on original data obtained by the 

ionosonde. Artificial noises are generated by this process. 

The noise due to RFI and FFT complicates automatic 

information extraction from ionogram through scaling [7]. 

Ionosonde transmitting power by a typical HF radar is 

high power, several tens of kW. In ionogram images 

acquired by such high-power ionosondes, the signal 

strength of the ionospheric echo and the background 

noise are distinctly different, and the ionospheric echo is 

sufficiently strong. This means that scaling can be 

performed from ionogram images with high SNR. On the 

other hand, our ionosonde observations with Frequency 

Modulated Continuous Wave (FM-CW) type radar, 

operated by the joint research with Kyushu Institute of 

Technology and Kyushu University, have a maximum 

peak power of 20 watts.  Although the advantage of FM-

CW radar is its high gain even at low power, the reflected 

echo strength from the ionosphere is relatively weak 

compared to a typical HF radar. Therefore, the signal 

strength of the ionospheric echoes is often comparable to 

the background noise, and it is difficult to separate from 

each other. Since the scaling process is performed from 

ionogram images with low SNR, a simple noise 

elimination processing is not sufficient.  

There are two challenges in automatic ionogram scaling 

for FM-CW ionogram. First, as described above, scaling 

accuracy is poor when the input image is an ionogram 

with low SNR. Second, in terms of the quasi-real-time 

monitoring of the ionospheric condition, the processing 

time on scaling is required within few seconds. We 

sequentially operate the FM-CW ionosonde with every 3 

minutes. A low-cost computer, which is usually expected 

to perform with no high processing speed, is required on 

the observation site. The deep learning approaches have 

a processing time of 2-3 minutes, and real-time scaling 

requires a computer with high processing speed. We try 

to propose a new algorithm without deep-learning 

approach for scaling which includes the elimination 

process of background noises. 

  

a. Original Ionogram b. Full denoised Ionogram 

  

c. Histogram of signal 

intensity for Fig .1a 

d. Histogram for signal 

intensity of Fig. 1b 

Fig. 1. Comparison of the signal intensities of original  

and full denoised ionograms recorded at 00:06:00 UT, 

January 1, 2019. 

In this paper, we provide a new method to scaling of 

FM-CW ionogram with low SNR. The new scaling 

method can be applied to ionograms containing any 

ionospheric echo class (E and F layers) for quasi-real-

time detection. The shape and position of the ionogram 

echoes vary with time, due to daily and seasonal changes 

in the ionospheric electron density structure and its solar 

activity dependence. Therefore, our study focuses on 

time-variant scaling based on time-series analysis. The 

proposed method consists of three parts. First, we remove 

the noise from the ionogram with low SNR, optimizing 

the noise elimination threshold value for individual 

ionogram image. Second, we extract the ionospheric 

echoes based-on penalized background subtraction 

technique. Finally, the ionogram with high SNR are 

regenerated by fine-tuning of ionospheric echo signals 

using a minimum spanning tree algorithm.  

2. Dataset 

The dataset used in this study consists of 960 ionogram 

data observed every 90 seconds on January 1, 2019, at the 

FM-CW radar ionosonde located at Sasaguri (130.34° E, 

33.37° N). Fig. 1a shows a sample of the ionogram image 

data obtained on January 1, 2019, at 00:06:00 UT 

(Universal Time). Ionogram image shows the signals 

with frequency values from 2 MHz to 9 MHz and altitude 

values from 0 km to 700 km. In order to treat the 

ionograms as a two-dimensional array, we consider the 

class width as an array with 278 x 238 bins with a 

frequency of 0.25 MHz and an altitude of 2.9296875 km.  

As mentioned above, the ionogram is usually 

contaminated with RFI noise appearing as vertical strips, 
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shown in Fig. 1a. As shown in Fig. 1, the signal intensity 

distribution in histograms is significantly different 

between the original ionogram (Fig. 1c) and the full 

denoised ionogram (Fig. 1d). Fig. 1b was produced by 

manual removal of the background noise from Fig. 1a. 

The signal distribution in Fig. 1d only corresponds to the 

ionospheric echoes. Comparing between Fig. 1c and Fig. 

1d, it is obvious that ionospheric echoes are highly 

intense relative to noises. In other words, the almost 

background noises are in lower value of signal intensity. 

3. Methodology 

The proposed method consists of three processing parts: 

(1) Weak Signal Reduction, (2) Penalized Background 

Subtraction, and (3) Fine-tuning Ionogram. In the 

processing part on Weak Signal Reduction, the divided 

value between the ionospheric echoes and the 

background noises is automatically estimated based-on 

Ridge Regression [8]. After this process, almost 

background noises are eliminated, and we get the 

denoised ionogram remaining enough ionospheric echoes. 

The processing part of Penalized Background Subtraction 

enables the extraction of ionospheric echoes with motion 

detection algorithms. Finally, the processing part of Fine-

tuning Ionogram provides the regenerated ionogram, 

removing the remained noises and interpolating the 

ionospheric echoes from the detection region using the 

minimum spanning tree in the graph structure. The 

following subsections describe the detail algorithm of 

each part. 

3.1. Weak Signal Reduction 

As pre-processing, the weaker RFI noises are 

eliminated by aligning the average signal strength in the 

altitude direction to a constant value, which is the mode 

of histogram of signal intensity. We define the 

elimination function of RFI noises as below: 

𝑹𝑓,ℎ = 𝑰𝑓,ℎ +𝑀𝑂 − 𝜇𝑓 (1) 

where 𝑹𝑓,ℎ  and 𝑰𝑓,ℎ represent the power of the original 

ionogram as input and the eliminated ionogram as output, 

respectively. The subscript 𝑓and ℎ indicate the positions 

of the frequency and altitude values on the ionogram. 𝑀𝑂 

represents the mode value of signal intensity histogram. 

𝜇𝑓 is the average of signal intensity at each frequency bin. 

As shown in Fig. 1, it is possible to separate the 

ionospheric echoes and the background noise by 

estimating the boundary value between them. However, 

the distribution of signal intensity is different each 

ionogram.  This suggests that it is necessary to estimate 

the threshold value according to the signal distribution of 

each ionogram. We estimate this threshold of boundary 

between the ionospheric echoes and the background 

noise by ridge regression [8]. 

Ridge regression is a method which further improves 

generalization performance by adding an L2 

regularization term to multiple regression analysis. For 

each raw ionogram, Ridge regression estimates the 

coefficients, 𝑤 , of multiple regression models for the 

boundary threshold value as the objective variable, 𝑦, and 

when you give the frequency, mean and variance of the 

mode of the signal intensity as the explanatory variable, 

𝑋. The loss function of the ridge regression, 𝐿, is shown 

in Eq. (2), where the weight of the L2 regularization term 

is α = 0.7. 

𝐿 = (𝑦 − 𝑋𝑤)𝑇(𝑦 − 𝑋𝑤) + 𝛼‖𝑤‖2
2 (2) 

𝑦̂ = 𝑋𝑇𝑤 (3) 

The equation for the objective variable is given by Eq. (3). 

The above equation yields a model for estimating the 

threshold for removing an appropriate low-intensity 

signal. The ionogram after applying this algorithm is 

shown in Fig. 2. 

 

Fig. 2. Ionogram with Weak Signal Reduction  

applied to Fig. 1a 

3.2. Penalized Background Subtraction 

As shown in Fig. 2, it is still impossible to completely 

remove the noise from the ionogram, even after removing 

the low intensity signal. This is because the noise signal 

is more intense than the ionospheric echoes. We use 

Background Subtraction method [9] to extract of the 

ionospheric echoes from the ionogram and to ignore the 

remained intense background noise. The Background 

Subtraction method is one of the motion detection 

techniques to detect moving objects in a video frame. A 

moving object is detected by comparing a frame of video 

with its corresponding background image. It is important 

to generate a background image without moving objects. 

In this study, we consider an ionospheric echo as the 

moving object and an ionogram image with only noise 

present as the background image. The processing part of 

Penalized Background Subtraction is divided into four 

steps and the following subsections describe the detail 

algorithms. 
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3.2.1. Penalty based on ionospheric echo shape 

As shown in Fig. 1b, ionospheric echoes in the 

ionogram are observed mainly as line shapes extending 

in the frequency direction. This suggests that the signal 

intensity of ionospheric echoes is higher at specific 

altitudes than at other altitudes in each frequency band 

bin. In fact, as shown in Fig. 3b, the distribution of signal 

intensity against the altitude in interest frequency bin, 4.0 

MHz, shows two significant peaks corresponding to the 

ionospheric echoes.  

  
a. Original Ionogram data 

and the interest 

frequency, 4.0 MHz, in 

red vertical line 

b. Signal intensity as a 

function of the altitude 

for the interest 

frequency, 4.0 MHz 

Fig. 3. Signal distribution in altitude direction, 

recorded at 06:01:30 UT, January 1, 2019 

For generating the background image from the input 

ionogram image including the ionospheric echoes, we 

only penalize the corresponded frequency into the 

significant ionospheric echoes in each ionogram, to 

reduce the amplitude of signal power. The detail 

operating flow is as shown in Fig. 4. First, a vector of the 

signal intensity is extracted for each frequency bin from 

the two-dimensional matrix of the ionogram. Next, the 

components that penalize the extracted vectors are 

selected according to the flowchart shown in the Fig. 4.  

 

Fig. 4. Determination flow of penalization for the  

generation of background image 

The penalty, 𝑓𝑓,ℎ
𝑝

,  is given as Eq. (4), where 𝑰[𝑡]𝑓,ℎ is the 

signal intensity of the unprocessed ionogram array at time 

𝑡 . We use anomaly detection in deciding whether to 

penalize. This is designed based on the Hotelling’s theory 

[10]. In the present work, a normal distribution is 

assumed for each signal with the same frequency value 

after removing weak intensity signals, and signals that 

deviate from the 95% confidence interval are penalized 

by detecting them as anomalies. By penalizing with these 

procedures, we ideally aim to get the background image 

contains only noise. 

𝑓𝑓,ℎ
𝑝
(𝑰[𝑡]𝑓,ℎ) = {

1

𝑰[𝑡]𝑓,ℎ
     (𝑝𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑)

𝑰[𝑡]𝑓,ℎ      (else)            

 (4) 

3.2.2. Penalty based on one previous detection 

frame image 

The background subtraction method can efficiently 

detect moving objects under the constraint that the 

background scene is stationary. However, the accuracy 

decreases under dynamically changing background 

image. Ionograms are no exception to this problem, as the 

position and shape of background noise as well as 

ionospheric echoes change from moment to moment. 

Therefore, the ionospheric echoes detected from the 

previous ionogram are used to estimate the background 

image. 

This method assumes a two-dimensional Gaussian 

distribution centered on the detected component. Here, 

the frequency value is 𝑓 and the height value is ℎ, from 

which the mean 𝜇𝑓 , 𝜇ℎ , and standard deviations 𝜎𝑓  and 

𝜎ℎ are calculated, respectively. The covariance 𝜌 is given 

by Eq. (5), considering the characteristic that the 

ionospheric echoes vary in the frequency direction. Eq. 

(6) and (7) show the weight Gaussian. The generated 

background image is penalized by considering the 

previous ionospheric echo detection region. 

𝜌 = (
8 0
0 4

) (5) 

𝑓𝑓,ℎ
𝑔
=

1

2𝜋𝜎𝑓𝜎ℎ√1 − 𝜌
2
𝑒𝛼 (6) 

𝛼 = −
1

2(1 − 𝜌2)
{
(𝑓 − 𝜇𝑓)

2

𝜎𝑓
2 −

2𝜌(𝑓 − 𝜇𝑓)(ℎ − 𝜇ℎ)

𝜎𝑓𝜎ℎ

+
(ℎ − 𝜇ℎ)

2

𝜎ℎ
2 } 

(7) 

3.2.3. Penalized background image generation 

algorithm 

In addition to the background image update algorithm 

for the Background Subtraction method [9], the 

background image, 𝑩[𝑡] ,is updated by adding the weight 

terms of Eq. (4) and Eq. (6) as follows.  
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where α and β are weights for 𝑓𝑓,ℎ
𝑝

 and 𝑓𝑓,ℎ
𝑔

. In this study, 

we set 𝛼 = 0.5  and 𝛽 = 8.0  ,which are assumed the 

same level of influence of each term.  

3.2.4. Detection region determination 

The positions where the result of subtracting the 

background image obtained by Eq. (8) from the input 

image is a positive value is detected as ionospheric 

echoes, 𝑫[𝑡]𝑓,ℎ, as shown in Eq. (9). It is assumed that 

background regions are distributed where the difference 

values are small.  Thus, 𝑡ℎ𝑟𝑒𝑠ℎ in Eq. (9) is set to the class 

value of the mode in the histogram of difference values 

between the input and background images. 

𝑫[𝑡]𝑓,ℎ = {
1     (𝑰[𝑡]𝑓,ℎ − 𝑩[𝑡]𝑓,ℎ ≥ 𝑡ℎ𝑟𝑒𝑠ℎ)

0  (𝑒𝑙𝑠𝑒)                                             
 (9) 

Fig. 5 shows that our method can detect ionospheric 

echoes. This indicates that our method is also effective 

for ionograms with high signal-to-noise ratios. 

  
a. Original Ionogram b. Ionogram detection 

data after processing 

for Fig. 2 

Fig. 5. Ionospheric echo detection by Penalized  

Background Subtraction, original ionogram data  

recorded at 00:06:00UT, January 1, 2019 

3.3. Fine-tuning Ionogram 

As shown in Fig. 6a, the background subtraction 

method can be used to detect ionospheric echoes, but it 

can also leave isolated noises. In addition, the signal 

should be detected might have missing or incorrectly 

detected as the ionospheric echo. For solving these 

problems, we propose two post-processing methods: the 

convolution operation to remove noise that appears as 

isolated echoes, and the optimization for interpolating 

and denoising of the detection region using an algorithm 

based on a minimum spanning tree. 

3.3.1. Denoise impulse noise 

The convolution is, an algorithm of image processing, 

used to reduce of impulse noises in the present work. The 

multiplication a two-dimensional square matrix 

composed of odd-numbered widths several times is 

applied to the detected ionogram with two-dimensional 

array. If there are many signals around the element of 

interest that have been labeled as ionospheric echoes by 

the background subtraction method, then they should be 

ionospheric echoes, otherwise they should be considered 

as noise.  

The filter 𝐻𝑖,𝑗 consists of an 𝑛 × 𝑛 square matrix, with 

all elements 1. It is also scanned with stride 1 to maintain 

the size of the two-dimensional array of the ionogram. 

The convolution equation using this filter is shown in Eq. 

(9). Let 𝐷𝑏𝑠 be the array output by the algorithm in the 

processing part of Penalized Background Subtraction and 

𝐷 be the array after impulse noise removal. 

𝐷𝑓,ℎ =

{
 

 
1      (∑ ∑ 𝐷𝑓+𝑖,ℎ+𝑗

𝑏𝑠
∙ 𝐻𝑖,𝑗

𝑛

𝑗=−𝑛

𝑛

𝑖=−𝑛

≥ 2 + 𝑛)

0        (𝑒𝑙𝑠𝑒)                                                         

 (10) 

In this study, impulse noises are removed by 

performing the convolution operation, changing the filter 

width n in the order of 5, 7, 9, and 11. Ionograms before 

and after the removal of impulse noises are shown in Fig. 

6. It is obvious that this process reduces extracted excess 

noises and does not disappear the detected signal of 

ionospheric echoes (Fig. 6b). 

  
a. Ionospheric echo  

detection results  

before processing 

b. Ionospheric echo 

detection results after 

processing 

Fig. 6. Comparison of ionograms with and without  

Impulse  noise reduction processing 

3.3.2. Optimization by a minimum spanning tree 

First, for all points detected as ionospheric echoes, 

these detection points are connected for each E and F 

layer. The points are connected so that they form a 

minimum spanning tree, considering the linear shape of 

the ionospheric echoes. Next, edges with large distances 

between vertices are removed. The graph to which the 

removed vertices belong is judged to be noise and 

removed. For the remained edges after the above 

processes, the detection area is interpolated between the 

two vertices that compose the edge. The result is shown 

in Fig. 7. 

𝑩[𝑡] = 𝛼 ∙ 𝑩[𝑡 − 1] + (1 − 𝛼) ∙ 𝑓𝑓,ℎ
𝑝 (𝑰[𝑡]) 

−𝛽 ∙ 𝑓𝑓,ℎ
𝑔 (𝑭[𝑡 − 1]) 

(8) 
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a. Ionospheric echo  

detection results before 

processing 

b. Ionospheric echo  

detection results after 

processing 

Fig. 7. Comparison of ionograms with and without  

optimization process by minimum spanning tree 

4. Result and discussion 

To evaluate the accuracy of our automatic scaling 

method, we compared the accuracy of ionograms 

obtained by our algorithm with that of manually scaled 

ionograms. The evaluation is based on the absolute error 

of the critical frequencies’ foE and foF of each layer of 

the ionogram and the percentage of absolute error within 

0.5 MHz indicating that sufficient accuracy was achieved. 

The accuracy of the proposed method is compared with 

that of the Weighted Background Subtraction without 

each weight term (Table 1). The average processing time 

of the proposed algorithm was 7.1 seconds per ionogram. 

The proposed model successfully reproduces fine 

ionograms with 98% recall and 99% precision. 

Table 1 shows that the detection results were 

satisfactory despite the low SNR of the ionograms. From 

Table 1 and the detection result shown in Fig. 7b, it is 

clearly found that the addition of a weight term to the 

background subtraction algorithm was effective. The 

processing time with few of seconds indicates that the 

proposed method is useful to generate quasi-real-time 

ionograms with high SNR. 

Table 1. Performance Comparison with different weight 

terms in this study 
Model Main 

result 

Base+

𝒇𝒑𝒆𝒏𝒂𝒍𝒕𝒚 

Base+

𝒇𝒈𝒂𝒖𝒔𝒔 
Base 

Absolute 

error 

(MHz) 

foE 0.47 0.93 0.92 0.99 

foF 0.26 0.44 0.42 2.6 

Rate of 

accuracy 

(%) 

foE 67% 50% 50% 47% 

foF 83% 49% 61% 15% 

On the other hand, the continuity of ionospheric echoes 

remains an issue. Some ionospheric echoes are missing 

from the detection results of our method. This is due to 

the altitudinally banded intermodulation noise in the 

ionograms. This is a factor that reduces the signal 

strength, and thus causes the background subtraction 

method to fail to detect the ionospheric echoes. Also, 

although not present in this study's data set, scattered 

signals such as those seen in equatorial spread F are not 

expected to give meaningful results. 

5. Conclusion 

Automatic scaling of ionograms presents various 

challenges for the ionogram image contaminated with 

noises. In this study, we proposed an algorithm to 

automatically extract ionospheric echoes from ionograms 

with low signal-to-noise ratio. 

 

Our algorithm is based on statistical thresholding 

according to the signal intensity distribution of each 

ionogram, image processing techniques focusing on time 

variability and ionospheric echo characteristics, noise 

reduction filtering, and graph theory. Although it is 

necessary to define some parameters, it is possible to 

extract ionospheric echoes from ionograms in quasi-real-

time without the huge amount of teacher data as in deep 

learning. 

On the other hand, for frequent noise and special 

ionospheric echo classes, the algorithm may not 

guarantee accuracy. The algorithm should be improved to 

be robust in these cases as well for the future work. 
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