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Abstract. The paper presents the algorithm for eval-
uating parameters of coherent scattering signals, which 
is based on the assessment of their parametric spectra by 
the well-known autoregression ARMA(10,10) model. 
The assessment consists of autoregression over 10 se-
quence members, moving average over residuals for 10 
sequence members, and subsequent fitting of the result-
ing spectra with the sum of gaussian functions. The al-
gorithm is a development of Burg’s method, previously 
proposed for the analysis of SuperDARN data. It differs 
from the method in the use of a more complex regres-
sion model, consideration of characteristics of the corre-
lation function, and determination of three parameters 
for each peak (mode) — amplitude, Doppler velocity, 
and spectral width. Comparison shows that the best con-

tinuity between the parameters of multi-mode signals, 
obtained by new and standard signal processing meth-
ods, is provided by analysis of the mode with maximum 
integral power. The analysis has revealed that new and 
standard methods in the case of single-mode signals 
give close Doppler velocities. The multi-mode analysis 
presented in the paper increases the number of detected 
signals of various types, and can be employed to expand 
the diagnostic capabilities of SECIRA/SuperDARN 
radars, including automatic classification of each mode. 

Keywords: decameter radar, SECIRA, ionosphere, 
multi-mode signals. 

 

 
 

INTRODUCTION 

Coherent scatter radars of SuperDARN [Greenwald et 
al., 1995; Chisham et al., 2007; Nishitani et al., 2019], 
CN-DARN [Zhang, 2024], and SECIRA [Berngardt et al., 
2022] networks use scattered signals to analyze processes 
in ionospheric plasma: from large-scale (based on data 
from scattering from Earth's surface) to small-scale (based 
on data from scattering by ionospheric irregularities) irreg-
ularities in the mid- and high-latitude ionosphere. In this 
case, processing of data used for analysis is usually divided 
into three stages: 
 recording of quadrature components of scattered 

signal (IQ); 
 the subsequent construction of averaged autocorre-

lation functions of received signal (ACFs) from measure-
ments with the main phased antenna array of the radar and 
the cross-correlation function (CCF) between measure-
ments with the main and interference phased antenna ar-
rays of the radar; 
 final processing of ACF (FITACF) to obtain inter-

pretable geophysical parameters from them. The scattered 
signal power provides information on the irregularity scat-
tering cross-section, signal amplification/attenuation due to 
radio wave focusing in the inhomogeneous ionosphere, 
aspect sensitivity of scattering irregularities, as well as 
radio wave absorption along the propagation path. The 
Doppler frequency shift and spectral signal broadening 
allow us to estimate line-of-sight velocities of irregularities 
and their lifetime respectively. The final processing of CCF 
makes it possible to determine the elevation angle of scat-
tered radio wave arrival. 

Received signals are usually interpreted after pro-
cessing signal autocorrelation functions (hereinafter CF) by 
the FITACF algorithm [Ribeiro et al., 2013], which derives 
the Doppler signal shift from CF — the velocity Vd and CF 
form parameters in two models of exponential CF decay 
with time: linear/exponential (l) and squared/Gaussian (s). 
As a result, the processed data usually consists of five main 
parameters: signal power in the two models (Pl, Ps), spec-
tral signal width in units of velocity in the two models (Wl, 
Ws), and the Doppler velocity of irregularities along the 
line of sight Vd. The FITACF algorithm is fundamental to 
further interpretation of data, is constantly upgraded, be-
comes more complex [Ribeiro et al., 2013; Ponomarenko 
et al., 2025], and is verified experimentally many times 
[Koustov et al., 1997, 2009, 2019, 2020; Xu et al., 2008; 
Bahcivan et al., 2013; Ponomarenko et al., 2025]. 

One well-known example that prevents effective 
processing of received signals by the FITACF method is 
the observation of multi-mode signals [Schiffler et al., 
1997; Huber, Sofko, 2000; Shepherd et al., 2003; Dan-
skin et al., 2004; Koustov et al., 2005] — signals that 
have several spectral peaks and do not fit the FITACF 
model. Various methods can be employed to process 
such signals, which are based on spectral estimation of a 
signal by the Fourier transform [Nguyen et al., 2014], 
the MUSIC method [Barthes et al., 1998], or Burg's 
parametric spectral estimation method [Schiffler et al., 
1997]. Obviously, the automatic method for processing 
coherent radar signals, which adapts to experimental 
observations, must take into account the existence of 
multi-mode signals, and be capable of identifying pa-
rameters of each mode. 
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Thus, the five-parameter model underlying FITACF 
does not seem to have the necessary complexity to fully 
describe experimental data. The presence of the two inde-
pendent models (exponential and Gaussian) for describing 
CF implies that they can be arbitrarily selected and hence 
arbitrarily interpreted by a researcher; therefore, at least 
one additional parameter responsible for choosing an ade-
quate model is required. 

To eliminate such arbitrariness, a new multiparamet-
ric method for processing CF of received signals from 
coherent scatter radars is proposed, which expands the 
capabilities of the FITACF algorithm and is an im-
provement on Burg's method put forward in [Schiffler et 
al., 1997]. 

 
PARAMETRIC 
SPECTRAL MODEL 
OF A SIGNAL 

Signal correlation function form 
Figure 1, a–d exemplifies signal CF forms. CF 

measured by radars is obtained only for nonnegative 
delays, and Figure 1 shows its full form, symmetrically 
(complex conjugate) extended to the left. This extension 
is related to the mathematical formulation of the prob-
lem and the ergodic hypothesis, which reduces averag-
ing over sounding runs to ensemble averaging. Note that 
CF at the zero point in a multipulse sequence includes 
the energy of broadband noise at the receiver input. 
Therefore, CF at this point differs in amplitude from 
that at the remaining delays (see panels c, d), contains 
significant errors, and should either be ignored in the 
analysis or corrected before processing. 

Thus, the CF the model should approximate can be 
determined in two ways: by neglecting the zero delay or 
by approximating it. 

 

The first way (half CF) is to find the model from one 
part of signal ACF measured by the radar R(τ) (it does 
not matter whether it is left or right) without regard to 
zero delay. In this case, we use the left part (complex 
conjugate of the measured one): 
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The second way (zero-delay completion and interpo-
lation) is to use a symmetrically completed with respect 
to CF with approximated CF at zero delay: 
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It is obvious from the formula that this CF value at 
zero delay corresponds to the linear approximation of 
the amplitude and phase at the zero point in adjacent 
values. 

Panels a–d exemplify signal CF (two-sided, com-
pleted based on complex conjugate): the real (black 
line) and imaginary (orange line) parts. Panels c and d 
show a peculiarity of CF zero delay associated with the 
presence of broadband noise in the signal. The left part, 
complex conjugate of the right one, is indicated in pan-
els a–d by solid lines; original radar observations, by 
dash-dot lines. 

 
Parametric spectral estimate 

The Wiener—Khinchin theorem suggests that any pro-
cessing technique formulated for signal CF can also be 
described in terms of processing its spectral power. The 
parameters used by FITACF imply that the spectral repre-
sentation is often more advantageous, since it is natural for 

 
Figure 1. Examples of CFs (a–d), their spectral estimates from half CF (e–h) and full CF with interpolated zero delay (i–

l). The spectral estimates were made using FFT, parametric spectral estimates by the Burg algorithm (AR model of order of 
8), the ARMA model (of order of 10, 10), and the MUSIC model of order of 10 from EKB radar data for May 29, 2025. The 
dash-dot line (a–d) denotes radar measurement data; the solid line, data completed with complex conjugate 
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these parameters. The parameters derived from CF have a 
clear spectral interpretation: the power is the integral under 
the spectral power curve, the Doppler signal shift is the 
maximum probable or average frequency in the spectral 
signal power, the spectral width is spectral peak width. 

The main disadvantages of spectral processing are 
the extremely small number of CF values (for a standard 
7-pulse sounding signal, it is usually less than 20) and 
the so-called bad lags — points at which signal CF can-
not be measured due to sounding signal characteristics. 
Therefore, standard spectral estimates often present dif-
ficulties. There are, however, more complex parametric 
spectral estimates, such as those proposed in [Schiffler 
et al., 1997; Barthes et al., 1998], which allow us to 
determine spectral characteristics of a signal from a 
relatively small number of points. 

In panels e–h are Fourier spectra of CF (orange line) 
according to the Wiener—Khinchin theorem related to 
the received signal spectrum. The spectral power is seen 
to have often many peaks, especially for ionospheric 
signals. Most of the peaks are either noise interference 
or really nonexistent aliases associated with finiteness 
of the domain, where measured CF is not zero. This, in 
turn, is due to the finiteness of the sounding sequence 
that ranges from 7 to 16 pulses (from 60 to 250 ms) 
[Berngardt et al., 2020]. Finiteness of the sounding se-
quence makes it impossible to measure CF over the en-
tire lifetime range of irregularities and to determine the 
number of real peaks in the spectrum. Traditionally, 
aliases are reduced by selecting a time window for spec-
tral processing (Blackman, Kaiser, and other windows), 
but they additionally broaden the peaks in spectra and 
are therefore ineffective in the problem of separating 
close peaks, which arises in radars [Schiffler et al., 
1997; Huber, Sofko, 2000; Shepherd et al., 2003; Dan-
skin et al., 2004; Koustov et al., 2005]. 

To estimate the number of peaks in the spectrum, we 
use the parametric estimate of the spectrum by the auto-
regressive model ARMA [Cadzow, 1982], which builds 
a series model based on autoregression of values (AR 
part of the model) and moving averages of noise-like 
residuals (MA part of the model). Knowing coefficients 
of this model, we can construct a parametric spectral 
estimate of CF [Cadzow, 1982]. This model is an im-
provement on the Burg spectral estimate, which is based 
only on the AR model. 

Estimation by half the correlation function 

Panels e–h present the results of CF signal pro-
cessing by four methods: Fourier transform, MUSIC, 
Burg, and ARMA parametric estimates. All the meth-
ods are applied to the left side of CF. 

Panels e–h exhibit the classical Fourier spectrum 
(solid orange line) of CF (spectral power) and the para-
metric spectrum ARMA (10, 10) (solid blue line), con-
structed from this CF with numbers of coefficients of 
autoregression (AR) and moving average (MA) 10 and 
10 respectively. The choice of such a number of regres-
sion coefficients is associated with a significant number 
of points in measured CF, which does not exceed 20. It 
can be seen that the parametric spectrum is smoother 

than the Fourier spectrum and contains fewer maxima 
(aliases). Circles denote all automatically determined 
local maxima whose amplitudes do not exceed 0.1 of 
the amplitude of the main (maximum) peak; green and 
red dashed lines are respectively the results of pro-
cessing by the Burg algorithm for eight signal modes 
put forward in [Schiffler et al., 1997] and the 10-mode 
MUSIC method proposed in [Barthes et al., 1998]. Note 
that in [Danskin et al., 2004], the –8 dB threshold is 
utilized as a threshold for cutting off weak peaks for the 
Burg algorithm, which is close to the 0.1 threshold we 
employ. 

The Burg algorithm is seen to describe the signal spec-
trum less accurately than ARMA, ignoring some peaks, 
especially in multi-mode signals, which is due to the ran-
dom nature of scattering and random errors in determining 
CFs, which are not defined by the AR model, but are taken 
into account by the ARMA model. 

It is also apparent that all the methods determine the 
main spectral peak in approximately the same way, differ-
ences are observed in the position of additional peaks and 
in the width of parametric spectra: the Burg estimate makes 
them narrower. The ARMA estimate make them broader, 
but more accurately describing the spectral width. Compar-
ison of Figures shows that the MUSIC method is subjec-
tively less accurate than the Burg or ARMA algorithms: it 
detects fewer peaks and the peaks themselves have an ir-
regular structure near the maximum. 

It can also be seen that the number of peaks is small 
and is expected to not exceed 10, which is related, 
among other things, to the number of regression coeffi-
cients. 

Estimate based on the full correlation function 
with interpolated zero point 

Figure 1 (i–l) presents the results of processing of simi-
lar signal CFs for full CF (left and right parts) with the 
interpolated zero point. It is obvious that all the methods 
determine the main spectral peak in approximately the 
same way; differences are observed in the position of addi-
tional peaks and in their amplitudes. The amplitudes and 
spectral widths of both estimates can be in arbitrary rela-
tion, but the Burg estimate is likely to give narrower ones 
than the ARMA estimate, which may be due to the lower 
order of the Burg model and its greater simplicity. 

The MUSIC method is seen to be subjectively less 
accurate than the Burg or ARMA algorithms — despite 
it yielding the narrowest peaks, it reduces their detected 
number. 

The quality of determining the position of peaks in a 
signal by the Burg and ARMA algorithms was compared 
statistically: each CF was evaluated by the Burg and AR-
MA methods, for which the minimum number of maxima 
in parametric spectra, whose amplitude exceeds half the 
amplitude of the main component, was found. Then, pair-
wise comparison between sums of amplitudes of Fourier 
spectra Pi,burg and Pi,arma was carried out at the frequencies 
obtained by the Burg and ARMA methods for each mode 
of each spectrum respectively: 
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Here, Nburg, Narma are mode numbers determined by the 
Burg and ARMA algorithms; Mi,burg, Mi, arma are posi-
tions of maxima found by these algorithms; S is the 
Fourier spectrum of ACF (spectral power). 

The higher P, the closer the peaks, identified by such 
a parametric spectrum, are to the actual peak determined 
by the Fourier spectrum. The pairwise comparison was 
carried out using the one-sided Wilcoxon criterion, 
thereby testing the hypothesis: the peaks identified by 
ARMA are located in median closer to those of the Fou-
rier spectrum than the peaks found by Burg's method 
(Pi,arma>Pi,burg). 

We have processed >590 spectra well approximated 
by the FITACF model. The resulting p-value when test-
ing the one-sided hypothesis was 1.2·10–7 (with the two-
sided hypothesis giving 2.4·10–7). This suggests that 
ARMA spectral peaks are indeed closer in position to 
the real peaks in the Fourier spectrum than those of 
Burg spectra. This is also confirmed by qualitative con-
siderations — Burg spectra correspond to the simpler 
ARMA (8, 0) model, which has 2.5 times fewer regres-
sion parameters, being simpler than the ARMA (10, 10) 
model we employ [Cadzow, 1982]. 

Estimation of spectral mode width 

For the final implementation of the method, it is 
necessary to determine not only the Doppler velocity, 
but also the amplitude and spectral width of each mode 
— all three main parameters obtained by the FITACF 
algorithm. Preliminary analysis has shown that para-
metric ARMA spectra for correlation functions are 
satisfactorily approximated by the Gaussian mixture 
(GM). The Gaussian function is defined by three pa-
rameters: amplitude (spectral power), mean (Doppler 
velocity) and standard (half spectral width) deviations. 
Thus, the parametric spectrum model S(V) has the 
form 
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Here, Ai, V0i, W0i are amplitude, velocity, and spectral 
width (in units of velocity); N is the number of signal 
spectral modes. It is apparent that the amplitude Ai of 
each parametric spectrum component has the meaning 
of the total power of this component (integral spectral 
power), and the multiplier for it is the corresponding 
normalization. 

Thus, the procedure for finding parameters of para-
metric spectra is reduced to their fitting by GM S(V) of 
a given number N, determined at the stage of searching 
for the number of peaks. The problem of finding these 
parameters is known and solved by optimization meth-
ods, such as the standard deviation of the parametric 
spectrum from its model. After fitting, the peaks are 
ordered by their energy (Ai≥Ai + 1) during data analysis. 
It is assumed here that the first modes generally corre-

spond to informative signals; the last, to noise ones. 
In what follows, we use the ARMA model for the 

full correlation function with linear approximation of 
the zero point, since it gives narrower spectral lines ef-
fective for further mode separation, and is also satisfac-
torily approximated by the sum of Gaussian functions. 

We called the algorithm Arma Analysis of Multi-
Peak ACF (AAMPACF). 

 
FEATURES OF THE MODE 
STRUCTURE 
DURING THE PERIOD MAY 29 – 
JUNE 02, 2025 

Multi-mode signals are the events that are regularly 
observed [Schiffler et al., 1997; Huber and Sofko, 2000; 
Danskin et al., 2004; Shepherd et al., 2003; Koustov et 
al., 2005] and easily determined from the parametric 
spectral estimate by the ARMA model, which gives 
three parameters for each mode: integral power, spectral 
shift, and spectral width. Let us look at the properties of 
signals with different numbers of modes, using EKB 
and MAGW radar observations of the geomagnetic 
storm on May 29 – June 02, 2025 as an example. The 
choice of the period is related to high velocities of ir-
regularities observed during geomagnetic disturbances. 
This allows us to test the method's efficiency over a 
wide range of velocities, spectral widths, and geophysi-
cal conditions and to compare the results with the 
FITACF algorithm as in [Danskin et al., 2004], yet for 
the full number of spectral lines, not just for two. 

Estimation of the maximum number of signal 
modes  

It is important for a researcher to interpret signal 
spectral peaks. It is known that a signal contains noise 
of various nature and the so-called bad lags of the corre-
lation function, where the signal is absent due to sound-
ing signal characteristics [Ribeiro et al., 2013]. While 
the algorithm seems to be relatively resistant to the 
presence of bad lags, associated with characteristics of 
sounding signals in which the correlation function cannot 
be measured and is often equated to zero (see Figure 1), 
the noise level causes its own distortions in the number 
and characteristics of signal spectral peaks. We can 
therefore expect that some of the spectral peaks may be 
related to noise, and we need to estimate the number of 
peaks that can be considered actual signals. Let us use 
two methods for statistically estimating this number: 
from distribution of Doppler velocities of different 
modes and from the amplitude of different modes. In 
both cases, we can assume that the modes of the highest 
order (the last, least energetic) will be the least signifi-
cant (noise). 

Figure 2 illustrates the distribution of Doppler veloci-
ties of various signal modes observed by the EKB and 
MAGW radars during the period May 29 – June 02, 2025. 

It can be assumed (see Figure 2) that there are no 
more than eight modes in the signal; at higher modes, 
the distribution of mode velocities becomes similar to 
the uniform (noise) one. 
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Figure 2. Distribution of Doppler velocities of AAMPACF modes observed in the EKB (left) and MAGW (right) ra-

dars for May 29 – June 02, 2025  

 
Figure 3. Relative ratio between peak amplitudes for different radars (top). Average value (solid line); confidence intervals of 

50 % (dashed lines) and 95 % (dash-dot lines). At the bottom is the distribution of the number of peaks with amplitudes above 
0.01 for the EKB (left) and MAGW (right) radars. Data for May 29 – June 02, 2025 

 
Figure 3, a, b depicts the distribution of amplitudes 

of various signal modes observed by the EKB and 
MAGW radars relative to the mode with a maximum 
amplitude. 50 % and 95 % confidence intervals of ob-
servation for each order mode in the signal are given. 
The interval method shows that for the 50 % confidence 
interval the number of modes ranges from 1 (MAGW) 
to 3 (EKB); and for the 95 % interval, 1. The threshold 
amplitude separating noise signals from non-noise ones 

can therefore be considered to be ~0.5 of the maximum 
peak corresponding to the upper limit of the 95 % con-
fidence interval for the 10th noise mode. Thus, although 
we cut off many significant modes in the signal, we do 
not miss most of the noise modes. 

Figure 3, c, d illustrates the distribution of observed 
signals by the number of modes in them. From Figure 3 
we notice that single-mode signals predominate in both 
radars, with the number of single-mode signals in the 
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EKB radar being ~40 %; and in the MAGW radar, ~30 
%. Note that the analysis deals with the geomagnetically 
disturbed period May 29 – June 02, 2025; under quiet 
conditions, probabilities of observing a different number 
of modes may vary. According to [Danskin et al., 2004], 
two-mode spectra were recorded by the Hankasalmi 
SuperDARN radar with Burg’s method in 35 % of cas-
es, which suggests that there were ~65 % of single-
mode signals. This indicates that our results are in rea-
sonable agreement with previous observations. 

Comparing AAMPACF and FITACF results 
It is important to compare the results obtained by the 

FITACF and AAMPACF algorithms. It is obvious that 
for most cases the Doppler velocities obtained by the 
new method should be close to the results obtained by 
FITACF, which has been tested many times [Koustov et 

al., 1997, 2009, 2019; Xu et al., 2008; Bahcivan et al., 
2013; Koustov et al., 2020; Ponomarenko et al., 2025]. 
It is also evident that in the case of single-mode signals 
(when we observe only one powerful peak in the spec-
trum and by power is meant not the intensity of the 
spectral component, but its integral intensity over fre-
quency), which fit the FITACF model, we should obtain 
the best match. For checking purposes, the two methods 
have been applied to the MAGW and EKB radar data 
for May 29 – June 02, 2025 (Figures 4, 5). 

Figure 4, a, b comparatively analyzes velocities of 
only single-mode signals — the dependence of Doppler 
velocities determined by the AAMPACF and FITACF 
algorithms. The velocities are seen to be determined by 
both algorithms almost similarly. The RMS error in-
creases with decreasing velocity and is ~88 m/s for the 
EKB radar and 56 m/s for the MAGW radar.

 
Figure 4. Comparison between velocities obtained by the AAMPACF and FITACF algorithms on May 29 – June 02, 2025: 

single-mode signals (a, b); multi-mode signals (c, d) in the component with maximum amplitude; average velocities (e, f) over 
the entire spectrum with a weight equal to the spectral amplitude of the mode Ai W0 
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Panels c, d comparatively analyze Doppler velocities 

measured by both algorithms for multi-mode signals, 
with the parameters estimated for the maximum signal 
mode: 

( )
( )
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Panels e, f perform a comparative analysis of Dop-
pler velocities obtained by both algorithms for all sig-
nals, with the parameters estimated by averaging over 
modes: 
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It can be seen (c–f) that, although there are a certain 
number of cases in which the velocities are similar, it is 
smaller than that for single-mode signals. The main prob-
lems arise for signals that the FITACF algorithm defines as 
low-velocity, but they in fact consist of several modes. 

In Figure 5, a, b are dependences of spectral widths 
determined by the AAMPACF and FITACF algorithms. 
There are some similarities in the spectral widths, espe-
cially for the MAGW radar, but their relative differ-
ences are much larger than those between estimated 
velocities. 

Panels c, d and e, f show spectral widths for the case 
of searching for the width of the maximum mode and 
the average spectral width respectively. It is evident that 
the spectral widths of FITACF and AAMPACF cannot 
be considered sufficiently similar. 

 
Figure 5. The same as in Figure 4 for spectral widths 
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Thus, the FITACF data agrees well with the AAM-

PACF data in terms of velocity for single-mode spectra; 
and fairly well, in terms of spectral width. In the case of 
multi-mode spectra, the results vary significantly. We 
can conclude that FITACF should be applied only to 
single-mode signals, and multi-mode signals should be 
analyzed separately. 

It is clear from Figures that FITACF most closely 
evaluates the maximum mode in the spectrum, estimat-
ing not the entire signal spectrum, but only its most 
powerful mode. Therefore, the closest fit between 
AAMPACF and FITACF is apparently achieved by 
searching for the mode with the maximum integral am-
plitude and determining its characteristics: velocity and 
spectral width. 

Note that such a high correlation when comparing 
velocities was not observed in [Danskin et al., 2004]. 
This may be due to the fact that the main focus was on 
analyzing low-speed events. We observe an effect simi-
lar to that described in [Danskin et al., 2004] in the re-
gion of low velocities (when the FITACF velocities are 
almost zero, although the parametric spectrum gives 
higher velocities) (see Figure 4) in AAMPACF data; it 
is especially pronounced for the MAGW radar (the case 
of single-mode signals). 

The obvious disadvantage of the AAMPACF meth-
od is its computational resource intensity, especially at 
the stage of determining amplitudes and spectral widths, 
which also hinders its practical application. 

Description of the AAMPACF algorithm 

Thus, the final AAMPACF algorithm consists of the 
following steps. 

1. Completion of the left part of the received signal 
correlation function with complex conjugate; linear ap-
proximation of the zero delay in amplitude and phase. 

2. Processing of the obtained correlation function by 
the ARMA algorithm with regression length of 10 in AR 
and 10 in MA. 

3. Construction of a parametric spectrum from the 
obtained regression coefficients, determination of the 
position of V0i of local maximum values in it with >0.1 
amplitude of the amplitude of the maximum peak. 

4. Construction of Gaussian mixture model (4) for 
the obtained parametric spectrum, determination of in-
tegral amplitudes Ai and spectral widths W0i of these 
modes by the least square method. 

5. Sorting of the obtained values in descending order 
of the integral amplitude Ai to leave only peaks with 
Ai /A0>0.5. 

When comparing with FITACF, peaks with very 
high velocities |V0i|>1000 m/s are excluded and only 
mode parameters with the maximum integral ampli-
tude Ai are used. 

 
DISCUSSION 

Figures 6, 7 illustrate spatiotemporal features of the 
mode composition observed by the EKB and MAGW ra-
dars. There is the previously observed continuity (see Fig-

ures 6, 7, a–f representing only single-mode signals) be-
tween the characteristics determined by AAMPACF and 
FITACF for single-mode signals. 

Figures 6, 7, g–n displaying only multi-mode signals 
indicate (in particular according to MAGW radar data) 
that multi-modal regions can cover large spatial areas. 
This may be due, for example, to the fact that in the 
presence of high spatial gradients of parameters several 
signals of various types can be observed in the region 
covered by a single sounding pulse (~45 km long) 
[Schiffler et al., 1997]. The EKB radar also records 
small spatially localized multi-modal regions usually 
associated with ionospheric scattering (the region of 21 
UT in Figure 6, g–n). Thus, the observed multi-mode 
spectra are regular and can occupy large space-time 
regions, which is in line with earlier results obtained by 
Burg's method [Schiffler et al., 1997; Huber, Sofko, 
2000; Danskin et al., 2004]. 

The analysis presented in the paper has shown that 
FITACF and AAMPACF in the case of single-mode 
signals give very similar Doppler velocities, but signifi-
cantly different spectral widths. FITACF and AAM-
PACF in the case of multi-mode signals are difficult to 
compare. A good comparison is obtained if parameters 
of only the most powerful spectral mode are compared 
with FITACF. 

This suggests that in most cases the FITACF algorithm 
evaluates a multi-mode signal as a single-mode with a 
changed spectral width, and in the AAMPACF algorithm 
these modes can be separated. In the cases where qualita-
tive analysis is required or single-mode signals are ob-
served, we can apply the FITACF algorithm. For a more 
detailed analysis, in particular in the case of multi-mode 
signals, it is worthwhile employing AAMPACF. Another 
advantage of AAMPACF is the positivity of all spectral 
widths it identifies, regardless of signal complexity. 

From a physical point of view, the multi-mode sig-
nal analysis can be used in three cases. The first case 
(for example, when examining the cusp [Schiffler et al., 
1997]) is when there are regions with different Doppler 
velocities inside the analyzed volume (~45 km in 
range), which makes it possible to study convection 
with higher spatial resolution exceeding the spatial reso-
lution of an individual pulse [Huber, Sofko, 2000]. The 
second case [Danskin et al., 2004] is the analysis of 
spectra composed of instabilities of two types: for ex-
ample, Farley—Buneman and gradient-drift. The third 
case is the simultaneous observation of several signal 
modes propagating along different paths, but arriving 
with the same delay. 

Obviously, to interpret multi-mode signals, it is nec-
essary to use classification methods that are resistant to 
spectral width changes. It is impossible to apply the 
standard algorithm of classifying signals as ionospheric 
and scattered from Earth's surface [Ponomarenko et al., 
2007] to this problem, since the spectral widths identified 
by the two methods differ significantly. One of the poten-
tial methods of such classification may be the algorithm 
[Berngardt, Lavygin, 2026] based on ray tracing, which 
requires accurate measurements of the elevation angle of 
arrival of signals and weakly depends on spectral width. 
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Figure 6. Parameters of single-mode signals on May 31, 2025 for the EKB radar (11 MHz frequencies), beam 3, channel 1: 

a–f — single-mode signals; g–n — multi-mode signals. On the left are the parameters obtained by AAMPACF; on the right, by 
FITACF 

 
A possible interpretation of the class numbers, used be-

low, from a physical point of view is given in [Berngardt, 
Lavygin, 2026]. Assuming that all signal modes come 
from the same elevation angle, we can obtain the error 
matrix shown in Figure 8. 

It can be seen that most of the modes are determined 
in a similar way from FITACF and AAMPACF data, 
which is due to the adequate calculation of velocities by 
both algorithms in the single-mode case and with a rela-
tively small number of multi-mode signals. The main 
differences in AAMPACF fall within poorly defined 
classes No. 6 (too high velocities or spectral widths) and 
No. 37 (different versions of the classifier identify the 
class variously). The appearance of class No. 6 is easily 
explained: there are high-frequency modes in spectra, 

and after they are identified by the AAMPACF algo-
rithm, they are assigned to class No. 6 and ignored by 
the FITACF algorithm. The appearance of class No. 37 
is probably due to complex scattering patterns that were 
not previously taken into account when training the 
classifier (the classifier was trained on FITACF data 
from SuperDARN and SECIRA radars). They are, 
therefore, classified uncertainly and assigned by the 
algorithm to class No. 37. 

Figure 9, a illustrates the mode distribution of 
signals processed by the AAMPACF and FITACF 
algorithms. The fundamental new observations are 
seen to correspond to classes No. 6 (poorly interpret-
ed class) and No. 37 (vaguely interpreted class) with-
in the classifier [Berngardt, Lavygin, 2026]. The per-
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centage of new signals for the remaining classes is 
~5–10 %. 

Panel b shows the distribution of signals that are in-
terpreted after AAMPACF differently than after 
FITACF. It is apparent that signals interpreted after 
FITACF as class No. 6 (poorly interpreted class) can be 
interpreted differently in 20 % of cases after AAM-
PACF. The leaders in possible different interpretation 
are also classes Nos. 26, 28, 32, and 37 (all are uncer-
tainly defined classes within the classifier [Berngardt 
and Lavygin, 2026]), which indicates a significant pro-
portion of poorly classified signals that can be interpreted 
differently when processed by the AAMPACF algorithm. 

 

The statistics in Figure 9, c confirm this trend: the 
use of AAMPACF generally increases the number of 
detected signals attributed to different scattering types 
(due to the fact that it can detect several signal modes), 
and considerably increases the number of signals in 
poorly defined classes, in particular in classes Nos. 6, 
26, 28, 31, 32, and 37, presumably introducing noise 
signals into them. The number of signals when AAM-
PACF data is classified decreases only in class 32 (see 
Figure 9, a), characterized by too high scattering heights 
[Berngardt, Lavygin, 2026]. Some of these signals are 
interpreted differently, mainly as having too high ve-
locities (class No. 6). 

 

 
Figure 7. Parameters of multi-mode signals on May 31, 2025 for the MAGW radar (8 MHz frequencies), beam 3, channel 1: 

a–f — single-mode signals; g–n — multi-mode signals. On the left are parameters received by AAMPACF; on the right, by 
FITACF 
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Figure 8. Error matrix for classifying signals processed by the FITACF and AAMPACF algorithms on May 29 – June 02, 

2025. The diagonal corresponds to an identical classification of the same signal (its mode) processed by the two algorithms 
 

 
Figure 9. Proportion of signals of various types (a) when classified by FITACF and AAMPACF [Berngardt, Lavygin, 2026]; 

b — proportion of signals classified after AAMPACF differently than after FITACF; c — proportion of signals that are classified 
after FITACF differently than after AAMPACF 
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CONCLUSION 

The paper presents the algorithm for estimating pa-
rameters of coherent scattering signals AAMPACF 
(Arma Analysis of Multi Peak ACFs), based on para-
metric estimation of their spectra by the ARMA model, 
followed by fitting the obtained spectra with the sum of 
Gaussian functions. Each spectrum is described by am-
plitude, Doppler velocity, and spectral width. The algo-
rithm is a development of the method proposed in 
[Schiffler et al., 1997], and differs in the use of the more 
complex regression model ARMA, consideration of 
correlation function features, and determination of three 
parameters for each peak (mode) found: amplitude, ve-
locity, and spectral width. 

The analysis presented in the paper has shown that 
FITACF and AAMPACF for single-mode signals give 
very similar Doppler velocities; FITACF often yields 
different spectral widths as compared to AAMPACF, 
although on average they are somewhat similar. 

FITACF and AAMPACF in the case of multi-mode 
signals are difficult to compare, and the result depends 
on the method used for processing AAMPACF peaks. 
The comparison has revealed that the best continuity 
between the parameters with FITACF is provided by the 
analysis of the mode with maximum integral spectral 
power. This allows us to analyze and interpret each 
mode as a physically explicable scattering, as well as to 
utilize the AAMPACF algorithm as an effective re-
placement for the FITACF algorithm. 

The multi-mode AAMPACF analysis increases the 
number of detectable signals of various types and can be 
used to expand the diagnostic capabilities of the SECI-
RA/SuperDARN radars. 

The advantages of the model include the physical 
correctness of each mode: by definition, each mode has 
positive spectral widths and a fairly exact fit between 
Doppler velocities and well-verified FITACF results in 
the case of single-mode signals. 

The disadvantages of the model are its computation-
al resource intensity, in particular when determining 
mode amplitude and spectral width, although today's 
computers in view of simplicity of parallelizing the task 
can process data from SECIRA/SuperDARN radars in 
real time. 

The program is implemented in C and Python for paral-
lel processing of an ACF signal, presented in the 
RAWACF file format standard for SECIRA/SuperDARN 
radars, and saves the results in CBOR format — one of the 
modern resource-efficient and self-describing formats for 
exchanging typed data. The RSTLite library is used to 
work with radar files [https://github.com/vtsuperdarn/ 
RSTLite]. Currently, the program on the computer with a 
32-thread processor, a clock frequency of 2.2 GHz, and 
16 GB RAM processes 8 days of data with original au-
tocorrelation functions per day. 

The program code is available at 
[https://github.com/berng/AAMPACF]. 

The results were obtained using the Core Shared Re-
search Facility "Angara" of ISTP SB RAS [https://ckp-

rf.ru/catalog/ckp/3056/]. The work was financially sup-
ported by the Ministry of Science and Higher Education 
in terms of maintaining the EKB and MAGW radars and 
by RSF in terms of research (grant No. 24-22-00436) 
[https://rscf.ru/project/24-22-00436/]. 
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