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Abstract
Simultaneously estimating plasma parameters of the ionosphere presents a problem for the incoherent scatter radar (ISR) technique at altitudes between ~ 130 and ~ 300 km. Different mixtures of ion concentrations and temperatures generate almost identical backscattered signals, hindering the discrimination between plasma parameters. This temperature–ion composition ambiguity problem is commonly solved either by using models of ionospheric parameters or by the addition of parameters determined from the plasma line of the radar. Some studies demonstrated that it is also possible to unambiguously estimate ISR signals with very low signal fluctuation using the most frequently used non-linear least squares (NLLS) fitting algorithm. In a previous study, the unambiguous estimation performance of the particle swarm optimization (PSO) algorithm was evaluated, outperforming the standard NLLS algorithm fitting signals with very small fluctuations. Nevertheless, this study considered a confined search range of plasma parameters assuming a priori knowledge of the behavior of the ion composition and signals with very large SNR obtained at the Arecibo Observatory, which are not commonly feasible at other ISR facilities worldwide. In the present study, we conduct Monte Carlo simulations of PSO fittings to evaluate the performance of this algorithm at different signal fluctuation levels. We also determine the effect of adding different combinations of parameters known from the plasma line, different search ranges, and internal configurations of PSO parameters. Results suggest that similar performances are obtained by PSO and NLLS algorithms, but PSO has much larger computational requirements. The PSO algorithm obtains much lower convergences when no a priori information is provided. The a priori knowledge of Ne and [image: $${T}_{e}/{T}_{i}$$] parameters shows better convergences and “correct” estimations. Also, results demonstrate that the addition of [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters provides the most information to solve the ambiguity problem using both optimization algorithms. [image: ../images/40623_2020_1297_Figa_HTML.png]
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Introduction
Incoherent scatter radar (ISR) is one of the most powerful ground-based sounding techniques to estimate plasma parameters of the ionosphere at altitudes between 80 and ~ 1000 km (Evans 1969; Beynon and Williams 1978). Multiple parameters are estimated simultaneously through the fitting of the backscattered signal autocorrelation function (ACF) or its Fourier transform, the incoherent scatter spectra (ISS), at each altitude range defined by the transmitted pulse width of the radar. Nevertheless, the estimation process presents problems due to the existence of a mixture of different ion species (Oliver 1979). Different combinations of ion temperatures as well as molecular and atomic ion concentrations generate almost identical signals, producing an ambiguous estimation of plasma parameters (Aponte et al. 2007). Indeed, molecular ions [image: $$N{O}^{+}$$] and [image: $${O}_{2}^{+}$$] are predominant at low altitudes (Evans and Oliver 1972; Hoffman et al. 1969), but are not distinguishable to the radar because of the similarity of their molecular masses (Oliver 1979). Therefore, these molecular ions are typically assumed to behave as a single mixed molecular species ([image: $${M}^{+}$$]) with a mass of 30.5 amu (i.e., a mixture of 25% [image: $${O}_{2}^{+}$$] and 75% [image: $$N{O}^{+}$$]; Cabrit and Kofman 1996; Lathuillere et al. 1983). On the other hand, the topside ionosphere is dominated by atomic oxygen ions ([image: $${O}^{+}$$]), while at higher altitudes the protonosphere is mainly governed by lighter atomic ions ([image: $${H}^{+}$$] and [image: $$H{e}^{+}$$]; Schunk and Nagy 2009; Kelley 1989). Therefore, in the transition region between molecular and atomic oxygen ions, found at altitudes between ~ 130 to ~ 300 km, two possible solutions of plasma parameters can be obtained (Lathuillere et al. 1983; Wu et al. 2015). Different electron and ion temperatures are acquired depending on the relative abundance of molecular ions value ([image: $$p=n({M}^{+})/{N}_{e}$$]). This effect is known as the “temperature–ion composition ambiguity” (TICA) problem of ISR (Martínez-Ledesma and Díaz 2019).
Moreover, the multiple couplings of the magnetosphere–ionosphere–thermosphere (MIT) system (Sarris 2019; Borovsky and Valdivia 2018) and internal ionospheric processes provide a large variability to the ion composition at the ionospheric valley region. A study conducted by Lathuillere and Pibaret (1992) showed a large diurnal and seasonal variability of the transition altitude between molecular and atomic oxygen ions ([image: $${z}_{50}$$]). Additionally, this transition altitude revealed a clear dependence on the [image: $$Kp$$] geomagnetic activity index. Similar ion composition variabilities were obtained by Shibata et al. (2000) in the auroral zone. At high latitudes, magnetospheric activity generates ion outflows, carrying fluxes of atomic oxygen ions from the ionosphere to the magnetospheric plasma sheet (Borovsky and Valdivia 2018). In these outflow events, molecular ions are upwelled to high ionospheric altitudes during magnetic storms. These molecular ions may be transported to mid-latitudes during strong storm conditions. At mid-low latitudes, the ion downwelling might carry atomic ion species to lower ionospheric altitudes (Richmond and Lu 2000). Satellite measurements in the auroral zone have detected atomic oxygen ion depletions and increments of molecular ions related to ion outflow events (Brinton et al. 1978). Even during low magnetic activity and solar minimum conditions, simple ionospheric models show a large variability of ion composition at high latitudes (Sojka et al. 1981). These models agree with the ion densities obtained by the AE-C satellite located at ~ 300 km altitude (Brinton et al. 1978). Furthermore, recent satellite measurements have observed molecular ions in the magnetospheric ring current during small magnetic storms, indicating that the ion outflow is in fact a highly frequent phenomenon (Seki et al. 2019). Moreover, molecular ions were not found in the magnetosphere during geomagnetic quiet periods, suggesting that magnetic storms are a key driver of the low-altitude ionospheric ion loss through ion outflow processes. To date, it is still unknown what mechanisms control the ion outflow, as well as its spatial and temporal scales, and the amount of flux transported through this process (Borovsky and Valdivia 2018). The correct determination of ion composition and temperatures by the ISR method could provide an extremely relevant insight into these questions, helping disentangle several of the most outstanding current unknowns about the Earth’s MIT system (Sarris 2019).
Different methods have been studied in the literature to solve the TICA problem. The most common solution is the use of theoretical models of plasma parameters to restrict the solutions of the ambiguous estimation. Initial methods considered equal ion and neutral temperature profiles or smooth variations of plasma parameters with altitude (Waldteufel 1971; Evans and Oliver 1972). Parametric models of ion composition and temperature were implemented by Oliver (1979) based on early rocket and satellite measurements. Models of ion composition were also employed to simultaneously estimate parameters of the entire ionospheric column using the full profile inversion method (Cabrit and Kofman 1996; Litvine et al. 1998). Furthermore, in the auroral region, different models were developed to analyze Joule heating events (Kelly and Wickwar 1981) and strong electric fields (Blelly et al. 2010; Zettergren et al. 2011). Alternatively, several methods have been developed to provide additional information from the plasma line of the radar, constraining the feasible solutions to solve the ambiguity (Wand 1970; Bjørnå and Kirkwood 1988; Fredriksen et al. 1989; Fredriksen 1990; Nicolls et al. 2006; Aponte et al. 2007). As the ion acoustic band of the radar presents the most pronounced features of the spectrum, plasma parameters have been commonly estimated from this frequency band (Akbari et al. 2017). Alternatively, the plasma line is a frequency peak in the megahertz range, which depends on electron density, electron temperature, and the magnetic aspect angle (Yngvesson and Perkins 1968). The plasma line is not routinely detected by most ISRs, but it is occasionally enhanced by nonthermal effects such as local or magnetic conjugate photoelectrons, secondary electrons, and electron beams (Akbari et al. 2017). Plasma parameters that can be estimated from the plasma line resonance frequency are the electron density ([image: $${N}_{e}$$]) and the electron-to-ion temperature ratio ([image: $${T}_{e}/{T}_{i};$$]Wand 1970; Waldteufel 1971; Aponte et al. 2007), the electron temperature ([image: $${T}_{e}$$]; Kofman et al. 1981; Bjørnå and Kirkwood 1988; Nicolls et al. 2006), and the electron bulk velocity ([image: $${V}_{e}$$], Behnke and Ganguly 1986; Akbari et al. 2017). Moreover, Oliver (1979) proposed a different method to solve the ambiguity based on the use of ISR signals with very small fluctuations. This study determined the two possible parameters solutions and posteriorly selected the solution that provided the smoother ion composition profile at different altitudes. Later, this method was implemented in Lathuillere et al. (1983) and Lathuillere and Pibaret (1992) by post-integrating signals with long integration times of 5 min.
The most recent study of the TICA problem (Martínez-Ledesma and Díaz 2019) presented a theoretical framework to quantify the probability of solving the TICA problem and determined the signal fluctuation thresholds for which the problem is unambiguously solved. This study evaluated the unambiguous estimation performance of the most commonly used non-linear least squares (NLLS) optimization algorithm in ISR analyses, for both range-gate and full profile estimation methods (Erickson 1998; Swoboda et al. 2017; Hysell et al. 2008; Nikoukar et al. 2008): the Levenberg–Marquardt (L–M) algorithm (Levenberg 1944; Marquardt 1963). In their study, the authors assessed the convergence of the estimated solutions by using the statistical distribution of the reduced Chi-square ([image: $${\chi }_{r}^{2}$$]) minimization cost function. By selecting only convergent solutions, the TICA problem was solved at a very small signal fluctuation level. The addition of a priori information from the plasma line increased the fluctuation level at which the signal could be unambiguously estimated. Furthermore, the study of Martínez-Ledesma and Díaz (2019) demonstrated that the optimization search was not always successful, even when the initial parameters of the search were near the correct solution. However, it was determined that the success rate depends on both the distance of the initial search parameters to the true solution and the signal fluctuation level. To overcome the initial assumptions constraint, the authors suggested a new estimation method based on Monte Carlo simulations and L–M optimization: the Monte Carlo Levenberg–Marquardt (MCLM) method. In this new method, the analyzed fittings used different initial parameters uniformly selected from the search space of the parameters. Hence, the most frequently obtained set of parameters is most likely to be the solution of the estimation problem. In this study, the probabilities of convergence and unambiguous estimation of the MCLM method were calculated for different combinations of parameters assumed to be known a priori with different levels of uncertainty.
A different fitting algorithm was evaluated by Wu et al. (2015) to unambiguously estimate plasma parameters of ISR signals obtained at the Arecibo Radio Observatory: the particle swarm optimization (PSO) algorithm (Kennedy and Eberhart 1995). This study analyzed the performance of the PSO algorithm by fitting ISR signals with different combinations of parameters assumed to be known a priori. Their results suggested that the PSO algorithm outperformed the standard NLLS optimization algorithm commonly used in ISR fittings. Nevertheless, three elements from this work are important to note and might be interesting to explore: (i) the signals analyzed were obtained with signal-to-noise ratios (SNR) between 15 and 20, owing to the simultaneous frequency transmission (Sulzer 1986a) and coded long pulse (Sulzer 1986b) techniques used at Arecibo. This low signal fluctuation characteristic is difficult to achieve by other ISR facilities other than the Arecibo Radio Observatory. (ii) The PSO algorithm presents the problems of stagnation and early convergence to local minimums, which were not evaluated or analyzed in the study. And (iii) the PSO implementation constrained the search range of plasma parameters using theoretical assumptions of the ion composition that may be inappropriate in certain cases.
The work of Wu et al. (2015) proposed an interesting and powerful tool for parameter estimation of ISR signals. The PSO is a widely used optimization algorithm capable of determining optimal solutions in multi-dimensional complex search spaces (Freitas et al. 2020; Zhang et al. 2015). However, no previous study has determined the capacities of the PSO algorithm to solve the TICA problem in different noise regimes. The objective of the present study is to analyze the unambiguous estimation performance of the standard PSO algorithm at different signal fluctuation levels. Besides, our study provides new techniques to detect stagnation and determine incorrect estimation cases of PSO fittings. Furthermore, a comparison study of the PSO algorithm is done with both limited and full ion composition search ranges. Additionally, the performance of the standard PSO algorithm is compared to the MCLM method to determine which optimization technique provides the best estimation characteristics to solve the TICA problem.
This article is organized in four sections. “Methods” section describes the PSO algorithm implemented, the simulation methods, and the statistical analysis of simulation results. “Results and discussion” section shows the results and discussion, and “Conclusions” section indicates our conclusions.
Methods
The particle swarm optimization algorithm
The PSO algorithm was originally proposed and developed in 1995 by R.C. Eberhart and J. Kennedy in two different papers (Kennedy and Eberhart 1995; Eberhart and Kennedy 1995). The PSO algorithm is a method for optimizing nonlinear functions based on social behaviors found in nature, such as bird flocks seeking for food. It is a stochastic algorithm that resembles the collective behavior of a decentralized and self-organized system (i.e., swarm intelligence; Zhang et al. 2015). Furthermore, this algorithm has been proven to work efficiently and stably with noise (Wang et al. 2018). This method is based on the premise that the knowledge is spread between individuals of a population, but also relies on the social distribution of information among different generations of this population (Freitas et al. 2020). Multiple variants, enhancements, and extensions that improve the original PSO algorithm have been proposed in the literature to address different kinds of problems (for reviews of this technique, see Freitas et al. 2020; Wang et al. 2018; Sengupta et al. 2019; Zhang et al. 2015).
In the PSO algorithm multiple individual agents, called particles, are potential solutions of the optimization problem (Wang et al. 2018). The positions and velocities of the [image: $$n$$] particles that comprise the swarm are initialized randomly using a uniform distribution in the search space (which prevents the PSO algorithm being sensitive to initial conditions). Then, supposing a [image: $$P$$]-dimensional space of parameters of the objective function, the particles move iteratively through the solutions space to find the global minimum of the problem by adjusting their trajectories and velocities. At each iteration, the algorithm stores the best fit of each particle ([image: $$p{\text{best}}_{i}$$]) as well as the current global best fit of all particles ([image: $$g{\text{best}}$$]). The optimization ends when the number of iterations of the algorithm reaches a maximum value or when the global best fit value reaches a specific tolerance. In this case, the optimization result corresponds to the global best location of all particles.
The way in which the PSO algorithm has been designed allows the particles to explore and exploit the search space with the aim of finding the global optimum (Trelea 2003). At each iteration, the algorithm calculates the positions and velocities of the particles by sharing information between them. Each new position is a combination of the individual knowledge (the previous velocity and position of the particle and its best historical position; [image: $$p{\text{best}}_{i}$$]) and the collective knowledge of the swarm ([image: $$g{\text{best}}$$]; Yang 2014). In addition, the movement of each particle contains a stochastic component that contributes to maintaining an adequate level of diversity in the swarm population (Freitas et al. 2020). Therefore, the velocity ([image: $${v}_{ij}$$]) and position ([image: $${x}_{ij}$$]) of each particle are updated according to the following equations (Shi and Eberhart 1998):[image: $$v_{ij} \left( {t + 1} \right) = \omega \cdot v_{ij} \left( t \right) + { }c_{1} (\varphi_{1} )\left( {pbest\left( t \right) - x_{ij} \left( t \right)} \right) + { }c_{2} (\varphi_{2} )\left( {g{\text{best}}\left( t \right) - x_{ij} \left( t \right)} \right)x_{ij} \left( {t + 1} \right) = x_{ij} \left( t \right) + v_{ij} \left( {t + 1} \right),$$]

 (1)



where [image: $${v}_{ij}$$] is the velocity vector of particle [image: $$i$$] into the [image: $$j$$] dimension, [image: $${x}_{ij}$$] is the position of particle [image: $$i$$] into the [image: $$j$$] dimension, [image: $${\varphi }_{1}$$] and [image: $${\varphi }_{2}$$] are uniformly distributed random numbers ([image: $${\varphi }_{1}$$], [image: $${\varphi }_{2}\in [0, 1]$$]), [image: $$\omega$$] is the inertia weight, and [image: $${c}_{1}$$] and [image: $${c}_{2}$$] are the cognitive and social components, respectively.
Nevertheless, the PSO algorithm frequently selects local optimum solutions in mid- and large-size problems (Lin et al. 2014). This selection of local optimums depends on the complexity of the objective function, but it can also be related to the fast disappearance of the diversity of the particles in the search space (Wang et al. 2018). Furthermore, the PSO algorithm presents the problem of premature convergence (Wang et al. 2018). Previous studies have verified the convergence uniqueness of the PSO algorithm, demonstrating that the particles converge in mean square to the best position found by the swarm (Wang and Shen 2012; Jian et al. 2007). Nevertheless, this convergence position is not obliged to be a global or local optimum of the objective function (Jian et al. 2007; Yuan and Yin 2015). This early convergence effect is known as a “stagnation problem” and it occurs when particles stop changing their positions, generating an early convergence to a position not guaranteed to be the global or local minimum (Freitas et al. 2020). Additionally, it has been theoretically and experimentally demonstrated that the PSO algorithm would not converge to the optimum solution if the number of used particles is very small for the problem (Raß et al. 2015).
Relevance of the PSO parameters selection
The selection of the parameters [image: $${c}_{1}$$], [image: $${c}_{2}$$], and [image: $$\omega$$] of the PSO algorithm has a large impact on the performance of the optimization (Zhang et al. 2015). In multimodal problems, where multiple areas of the search space may contain local solutions, the determination of those parameters is even more relevant (Freitas et al. 2020), and it is difficult to improve the accuracy of the algorithm by their adjustment (Lin et al. 2014). The cognitive component ([image: $${c}_{1}$$]) represents the individual knowledge of each particle and encourages the particle to move towards its own best-known position. Alternatively, the social or cooperation component ([image: $${c}_{2}$$]) represents the collaborative knowledge of the swarm and moves the particle toward the global solution. Both parameters are positive constants ([image: $${c}_{1}&gt;0$$] and [image: $${c}_{2}&gt;0$$]), also called “acceleration constants” or “learning factors” (Wang et al. 2018; Zhang et al. 2015). Commonly used cognitive and social components are those originally suggested by Kennedy and Eberhart (1995), i.e., [image: $${c}_{1}={c}_{2}=2$$] (Wang et al. 2018; Yang 2014). Nevertheless, Van den Bergh and Engelbrecht (2006) demonstrated that the critical condition [image: $${c}_{1}+{c}_{2}&lt;2(\omega +1)$$] is required to guarantee convergence. Furthermore, Wang et al. (2012) suggested that the sum of these constants should not exceed 3 (i.e., [image: $${c}_{1}+{c}_{2}\le 3$$]), and also recommended a larger social component ([image: $${c}_{2}&gt;{c}_{1}$$]) to provide better performance.
Alternatively, the inertia weight ([image: $$\omega$$]) parameter was first introduced by Shi and Eberhart (1998) to balance the search of the particles between the local and global environments (i.e., exploration and exploitation of the search space, respectively; Zhang et al. 2015). The use of this parameter highly improved the optimization performance of the original PSO algorithm (Wang et al. 2018). Therefore, the use of [image: $$\omega$$] became extensive by the community, being commonly referred to as the standard PSO (SPSO; Freitas et al. 2020). A high value of [image: $$\omega$$] provides higher relevance to the individual knowledge of the particle. Alternatively, a small value of [image: $$\omega$$] increases the use of the collective swarm knowledge, providing the necessary momentum for particles to travel across the search space (Zhang et al. 2015), and preventing the algorithm from converging to local minimums (Freitas et al. 2020). As this parameter has the greatest influence on the algorithm performance, multiple studies have been focused on evaluating different methods to configure the inertia weight value (e.g., see Wang et al. 2018). Due to the difficulty of dynamically adapting the value of [image: $$\omega$$] to every particular search space, Shi and Eberhart (1998) proposed the idea of a time-varying inertia. In a later study, Shi and Eberhart (1999) demonstrated that a linearly decreasing [image: $$\omega$$] that starts at 0.9 ([image: $${\omega }_{\text{max}}$$]) and ends at 0.4 ([image: $${\omega }_{\text{min}}$$]) with [image: $${c}_{1}={c}_{2}=2$$] provided fast convergences to multiple experimental tests, independently of the number of particles used. More recently, Wang et al. (2012) suggested that [image: $$\omega$$] should decrease linearly from 0.8 to 0.5 to guarantee the critical condition obtained by Van den Bergh and Engelbrecht (2006).
The study of Wu et al. (2015) implemented a SPSO algorithm to estimate plasma parameters from ISR spectrum signals. Their parameter configuration was initially suggested by Shi and Eberhart (1999). In a previous study, Chen et al. (2013) demonstrated that this parameter configuration provides better results than the configuration proposed by Eberhart and Shi (2000), which uses a fixed inertia weight [image: $$\omega =0.729$$] and [image: $${c}_{1}={c}_{2}=1.49445$$].
Alternatively, the selection of the number of particles of the swarm population ([image: $$n$$]) depends on the objective function to optimize. Although the algorithm performance is not very sensitive to the size of the swarm (Wang et al. 2018), an insufficient number of particles may not converge to the optimum solution (Raß et al. 2015). In the study of Wu et al. (2015), a total of 100 particles were used to estimate more than one plasma parameter, but only 10 particles were used when fitting one parameter. Furthermore, complex problems require not only increasing the number of particles, but also increasing the maximum number of iterations. A maximum of 5000 iterations was used by Wu et al. (2015) to solve the problem of fitting one plasma parameter, but much larger maximum values were used for fitting two and three parameters (20,000 and 30,000 iterations, respectively). Nevertheless, it is assumed that the PSO algorithm implementation of Wu et al. (2015) increases the iteration counter each time a particle is evaluated. Therefore, configurations of a maximum number of 500, 200, and 300 iterations of all particles were used in their study when evaluating 1, 2, and 3 plasma parameters, respectively.
PSO parameters choice
To allow a direct comparison with the results obtained by Wu et al. (2015), in our work, we used the parameter configuration proposed by Shi and Eberhart (1999), i.e., [image: $${c}_{1}={c}_{2}=2$$] and a linearly decreasing [image: $$\omega$$] from 0.9 to 0.4. From herein, this configuration is known as “Param. 1”. Besides, to evaluate the performance of PSO using a different configuration, a second parameter configuration was implemented (“Param 2”): [image: $${c}_{1}=1.2$$], [image: $${c}_{2}=1.8$$], as well as the linearly decreasing [image: $$\omega$$] from 0.8 to 0.5 suggested by Wang et al. (2012). It is important to note that the later parameters [image: $${c}_{1}$$] and [image: $${c}_{2}$$] verify the conditions [image: $${c}_{2}&gt;{c}_{1}$$] and [image: $${c}_{1}+{c}_{2}\le 3$$] recommended by Wang et al. (2012).
In our work, more than one plasma parameter was estimated simultaneously. Therefore, we selected [image: $$n=100$$], the number of particles used by Wu et al. (2015) when a similar number of plasma parameters were estimated. Furthermore, to verify the sensitivity of the optimization performance to this configuration, several fitting simulations were done with different numbers of particles. Results of these simulations are explained in Additional file 1: Text S1 and Figures S1, S2, and S3.
To properly determine the maximum number of iterations required to estimate plasma parameters from ISR signals (i.e., [image: $${\text{max\_iterations}}$$]) and reduce the overall computation time of all Monte Carlo simulations, different fitting simulations were done with [image: $${\text{max\_iterations}}$$] values of 1000, 500, and 300. Results of these simulations are shown in Additional file 1: Text S2 and Figures S4, S5, S6, and S7. These simulation results suggest that simulations with [image: $${\text{max\_iterations}}$$] = 500 provide the best tradeoff between computing time and estimation performance. Note that, in our PSO implementation, the iteration counter increases each time all particles are evaluated.
Optimization algorithm implementation
Despite the fact that there are multiple possible variants of the PSO algorithm that could be considered to improve different aspects of the standard algorithm, our study is mainly focused on evaluating the performance of the most common PSO implementation to solve the TICA problem, as in Wu et al. (2015). In this way, to allow a direct comparison with the study of Wu et al. (2015), we have implemented a SPSO algorithm to fit simulated spectra (ISS) with known ionospheric parameters. The flowchart of the implemented algorithm is illustrated in Fig. 1. Different modifications of the PSO algorithm and hybridizations with other optimization algorithms (such as those indicated in Freitas et al. 2020; Wang et al. 2018; Zhang et al. 2015) should be considered in future studies to evaluate possible improvements to this technique, but the discussion of those other algorithms is beyond the scope of this paper.[image: ../images/40623_2020_1297_Fig1_HTML.png]
Fig. 1Flowchart of the standard PSO algorithm implemented. [image: $$n$$]: swarm population size; [image: $$P$$]: number of plasma parameters; [image: $${\text{max\_iterations}}$$]: maximum number of generations; [image: $$t$$]: generations counter (from 1 to [image: $${\text{max\_iterations}}$$]); [image: $$i$$]: particle’s id counter (from 1 to [image: $$n$$]); [image: $$j$$]: parameter’s dimension from 1 to [image: $$P$$]; [image: $${v}_{ij}(t)$$] and [image: $${x}_{ij}(t)$$]: [image: $$i$$]th particle’s [image: $$j$$]th dimension’s [image: $$t$$]th generation’s velocity and position value, respectively; count_const: counter of stagnation cases (i.e., identical fit values of [image: $$g{\text{best}}$$]; from 1 to [image: $${\text{max\_count\_const}}$$]); [image: $${\text{count\_const\_init}}$$]: minimum generation to start counting for stagnation cases


The main difference between our implementation and the SPSO algorithm employed by Wu et al. (2015) is the use of a counter to identify stagnation (indicated by a dashed box in the flowchart in Fig. 1). The stagnation problem is generated when the best historical position of particles and the global best position remain constant during some iterations. In these cases, particles would only be able to leave their current positions if their previous velocities were non-zero (Freitas et al. 2020). In our implementation, a counter named [image: $$\text{count\_const}$$] increases when the global best fit value remains equal during successive iterations; otherwise it is set to zero. If this counter reaches the maximum value ([image: $${\text{max\_count\_const}}$$]) the search is stopped. This stop condition reduces the computing time when stagnation occurs, but does not affect the estimation performance of the algorithm. It is relevant to highlight that, when all particles were initially located far from the local or the global optimum, the global best fit would remain constant during the initial part of the search. Therefore, erroneous stagnation detections may occur during the initial exploration of the search space. To avoid possible stagnation misinterpretations during the initial iterations of the algorithm, the stagnation counter is allowed to increase only when the minimum number of iterations is reached ([image: $${\text{count\_const\_init}}$$]).
To detect the stagnation of the optimization search, the maximum number of consecutive repetitions with identical best fit ([image: $${\text{max\_count\_const}}$$]) was set to 200. This value was selected to ensure that the number of repetitions should be less than half the number of maximum iterations of the fitting ([image: $${\text{max\_iterations}}$$]). To avoid erroneous initial stagnation detections, the [image: $${\text{count\_const\_init}}$$] parameter was configured to 100. Furthermore, simulations were performed using the following values: [image: $${\text{count\_const\_init}}$$] of 100 and 200, and their results are shown in Additional file 1: Text S2 and Figures S4, S5, S6, and S7.
By the addition of a penalty function, the PSO algorithm can be applied to problems with restricted search spaces (i.e., constrained optimization problems). To implement this feature, particles with positions out of the allowed space of parameters ([image: $${x}_{ij}&lt;{x}_{j,{\text{min}}}$$] or [image: $${x}_{ij}&gt;{x}_{j,{\text{max}}}$$]) should have their objective functions increased by a large penalty factor (Freitas et al. 2020). As a result of this addition, the minimization process of the new objective function bounds the search space by always selecting solutions without penalization. In our work, a penalty function has been used to constrain the search to the allowed plasma parameters ranges, as in the work of Wu et al. (2015). The ranges of plasma parameters considered in our study are indicated in Sect. 2.5. Additionally, to improve the optimization performance, the velocity of the particles can be restricted ([image: $${v}_{j, {\text{min}}}&lt;{v}_{ij}&lt;{v}_{j, {\text{max}}}$$]). This restriction helps avoid an overfly of potential solutions or an insufficient exploration of the search space (Freitas et al. 2020; Clerc and Kennedy 2002; Eberhart and Shi 2000). In our study, no velocity limitation has been implemented, as in Wu et al. (2015).
At each iteration, the PSO algorithm requires to simultaneously evaluate the objective function of multiple particles. To reduce the computing time required, the ISR theoretical spectrum of Martínez-Ledesma and Díaz (2019) was implemented using vectorization. Despite the fact that the PSO algorithm is known to be a parallelizable algorithm (Wang et al. 2018), the ISR spectrum model employed is not easily parallelizable due to the lack of parallelization of the Faddeeva Dawson function (Johnson 2012) it uses. Using this vectorizing computing scheme, multiple sets of plasma parameters were simultaneously evaluated. This process finally obtained a matrix of theoretical spectrums that can be evaluated to minimize the cost function of multiple sets of plasma parameters. Computing times obtained with this vectorized scheme were linearly increased with the input vector length, as it can be verified in Additional file 1: Figure S3. Additionally, to improve the overall computing time of Monte Carlo simulations, the fittings of different spectra were parallelized by executing each optimization in a different CPU core at the nodes of a supercomputing infrastructure (of the Chilean National Laboratory for High Performance Computing, NLHPC), as in Martínez-Ledesma and Díaz (2019).
Monte Carlo data fitting simulations
Simulation methods were identical to those implemented in Martínez-Ledesma and Díaz (2019). The simulations were done considering a radar frequency of 450 MHz and without magnetic aspect angle effects (Milla and Kudeki 2011). Synthetic radar signals ([image: $${\varvec{m}}$$]) were created using a theoretical ISS model ([image: $$f({\varvec{x}})$$]) based on Kudeki and Milla (2011) plus an additional noise contribution ([image: $${\varvec{\varepsilon}}$$]; Vallinkoski 1988). These radar signals were assumed to be obtained with weak SNR conditions, obtaining a signal-independent noise related to thermal and sky noises (Huuskonen and Lehtinen 1996; Sulzer 1986a). Signals from multiple radar pulses are required to be integrated to provide an accurate statistical estimate (Farley 1969). According to the central limit theorem, these multiple integrations provide Gaussian characteristics to the random noise (Vallinkoski 1988). Therefore, in our simulations, an additive white Gaussian noise (AWGN) was used with zero mean and a standard deviation ([image: $$\sigma$$]) defined by the selected signal fluctuation level ([image: $$\delta$$]) multiplied by the maximum absolute value of the theoretical spectrum signal.
As a consequence of the noise normalization with respect to the maximum of the power spectrum, the same signal fluctuation level may correspond to different SNR values. As the shape of the ISR signal spectrum depends on the plasma parameters, the maximum of the power spectrum is dependent on those parameters. Nevertheless, the average signal fluctuation level should be correctly related to the SNR level of ISR signals, as explained in Additional file 1: Text S3 and Figure S8.
Plasma parameters were estimated from ISR signals using the PSO optimization algorithm by the minimization of the reduced Chi-square cost function ([image: $${\chi }_{r}^{2}$$]). This objective function is a normalization of the Chi-square least squares estimator ([image: $${\chi }^{2}$$]) commonly used in ISR fittings (Erickson 1998; Vallinkoski 1988) by the number of degrees of freedom ([image: $$DoF$$]). Therefore, this objective function is given by (Bevington and Robinson 2003; Taylor 1997):[image: $$\chi_{r}^{2} = \frac{1}{DoF}\mathop \sum \limits_{i = 1}^{M} \frac{{\left( {m_{i} - f_{i} \left( {\varvec{x}} \right)} \right)^{2} }}{{\sigma_{i}^{2} }},$$]

 (2)


 where [image: $${m}_{i}$$], [image: $${\sigma }_{i}^{2}$$], and [image: $${f}_{i}({\varvec{x}})$$] are the [image: $$M$$] vector components of the measured signal, measured signal variance, and theoretical model function, respectively. In our work, the ion-acoustic ISR spectra are obtained at frequencies between [image: $$\pm$$] 10 kHz and with a vector length [image: $$M$$]=50.
The reduced Chi-square criterion is the maximum likelihood estimator for signals with AWGN stochastic noise characteristics and a diagonal measurement variance‐covariance matrix (Swoboda et al. 2017; Vallinkoski 1988). The [image: $$DoF$$] of the estimation problem was calculated as the vector length of the ISR signal minus the number of parameters to estimate (i.e., [image: $$DoF =M - P$$]). The [image: $${\chi }_{r}^{2}$$] criteria allows the ‘goodness of the fit’ to be statistically determined (Bevington and Robinson 2003), providing information about the solutions that converged to a minimum of the cost function.
Estimated plasma parameters were different than those selected in the PSO analysis of Wu et al. (2015). In our work, plasma parameters were electron density ([image: $${N}_{e}$$]), electron temperature ([image: $${T}_{e}$$]), ion temperature ([image: $${T}_{i}$$]), and molecular ion concentration ([image: $$p$$]). The ion drift radial velocity ([image: $${V}_{i}$$]) was assumed to be known a priori, as it does not affect the determination of the other parameters (Martínez-Ledesma and Díaz 2019; Wu et al. 2015). On the other hand, the study of Wu et al. (2015) assumed that [image: $${N}_{e}$$] and [image: $${V}_{i}$$] parameters were obtained independently. Also, instead of estimating the [image: $${T}_{e}$$] parameter, these authors estimated the ratio of electron to ion temperature ([image: $${T}_{e}/{T}_{i}$$]). Therefore, they considered the following list of fitting parameters: [image: $${T}_{i}$$], [image: $${T}_{e}/{T}_{i}$$], and [image: $$p$$]. Furthermore, in our work, different combinations of plasma parameters were assumed to be known a priori from the plasma line (given [image: $${N}_{e}$$], [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$], and [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters), based on previous studies of the plasma line of the radar (Aponte et al. 2007; Nicolls et al. 2006; Bjørnå and Kirkwood 1988; Waldteufel 1971). Also, this selection of plasma parameters allows a direct comparison with the estimation results of the MCLM method (Martínez-Ledesma and Díaz 2019). Alternatively, Wu et al. (2015) studied different scenarios in which the ion composition or the ion temperature were assumed to be known a priori, although these parameters are currently not possible to be obtained independently from the plasma line. Also, note that in Wu et al. (2015) all a priori known plasma parameters were considered without uncertainty. Although the addition of a priori parameters without uncertainty is unrealistic, it provides the best-case estimate that can be obtained by the optimization algorithm, as demonstrated by Martínez-Ledesma and Díaz (2019).
To determine the unambiguous estimation performance of the PSO algorithm, Monte Carlo simulations of the plasma parameters estimation process were conducted. Simulations were done at different signal fluctuation levels to determine the impact of increasing the noise level of ISR signals on the estimation performance. To allow a direct comparison with the results of the MCLM method, these fittings were done for the same 2000 true input parameters ([image: $${{\varvec{x}}}_{\varvec{true}}$$]) used in the Monte Carlo analysis done by Martínez-Ledesma and Díaz (2019). Furthermore, to provide enough statistical representation, the fitting process for each set of input parameters was repeated 100 times adding a different random noise. The same set of true input plasma parameters was used in all simulations, allowing a direct comparison of results for different noise fluctuation levels. These true input parameters were uniformly selected from the space of parameters defined by the following ranges (Martínez-Ledesma and Díaz 2019): electron density, [image: $${10}^{9}\le {N}_{e}\le {10}^{12} {m}^{-3}$$], electron temperature, [image: $$300\le {T}_{e}\le 5000$$] °K, ion temperature, [image: $$300\le {T}_{i}\le 3000$$] K, electron-to-ion temperature ratio, [image: $$0.1\le {T}_{e}/{T}_{i}\le 5$$], and ion composition, [image: $$0\le p\le 1$$].
On the other hand, in our work, the plasma parameter search intervals of the optimization algorithm were identical to the previously indicated true input parameter ranges. However, electron and ion temperatures were configured more broadly than the input parameter ranges, with values ranging from 200 to 6000 °K, as in Martínez-Ledesma and Díaz (2019). Alternatively, in the study of Wu et al. (2015) the plasma parameter search ranges of the PSO algorithm were confined with a priori information of the true input plasma parameters. The search interval for the molecular ion fraction was limited by Wu et al. (2015) to [[image: $${\text{max}}({p}_{\text{true}}-\mathrm{0.5,0})$$], [image: $${\text{min}}({p}_{\text{true}}+\mathrm{0.5,1})$$]], where [image: $${p}_{\text{true}}$$] is the true input ion composition parameter of the simulation. This limited ion composition search range is shown in Fig. 2. Moreover, the search ranges for [image: $${T}_{i}$$] and [image: $${T}_{e}/{T}_{i}$$] were confined by Wu et al. (2015) to [100, [image: $$2{T}_{i, true}$$]] and [1, 3], respectively.[image: ../images/40623_2020_1297_Fig2_HTML.png]
Fig. 2Graphic representation of the limited search interval of the ion composition parameter used in the PSO analysis of Wu et al. (2015). Maximum and minimum values of the search range are shown as red and blue dash-dotted lines. The allowed search range is represented in gray color. The parameter [image: $${p}_{\text{true}}$$] is the true input ion composition value of the simulation


Moreover, to provide a more realistic scenario, we also analyzed the impact of providing a priori parameters with uncertainty, as in Martínez-Ledesma and Díaz (2019). The uncertainty levels considered were [image: $$\epsilon =\pm$$] 0.05%, [image: $$\pm$$] 0.1%, [image: $$\pm$$] 0.5%, [image: $$\pm$$] 1%, [image: $$\pm$$] 5%, [image: $$\pm$$] 10%, [image: $$\pm$$] 25%, [image: $$\pm$$] 50%, and [image: $$\pm$$] 100%. In this analysis, each repetition of the PSO algorithm estimation process was done with a different a priori parameter uniformly selected from the range [image: $$[{{\varvec{x}}}_{\varvec{true}}(1-|\epsilon |/100), {{\varvec{x}}}_{\varvec{true}}(1+|\epsilon |/100)]$$], where [image: $$\epsilon$$] is the a priori parameter uncertainty percentage of the simulation.
Statistical analysis of results
To determine the impact of the PSO algorithm on the estimation ambiguity in different noise scenarios, results from the Monte Carlo simulations were analyzed. Simulations performed with different signal fluctuation levels were evaluated with the statistical methods defined by Martínez-Ledesma and Díaz (2019), which are briefly explained below.
First, the convergence of the fitting was determined by selecting the solutions with [image: $${\chi }_{r}^{2}$$] value smaller or equal to the maximum cost function value ([image: $${\chi }_{r,{\text{max}}}^{2}$$]). This maximum cost function value was selected to have a [image: $$4\sigma$$] probability criterion (i.e., [image: $$P\left({\chi }_{r}^{2}&gt;{\chi }_{r,{\text{max}}}^{2}\right)=0.00317\mathrm{\%}$$], provided by the Chi-square statistical distribution of the [image: $${\chi }_{r}^{2}$$] cost function), ensuring that a fit with [image: $${\chi }_{r}^{2}&gt;{\chi }_{r,{\text{max}}}^{2}$$] is obtained by an invalid convergence of the algorithm. As in Martínez-Ledesma and Díaz (2019), maximum and minimum values of [image: $${\chi }_{r,{\text{max}}}^{2}$$] are 2.073 and 2.0317 for 5 and 2 plasma parameters ([image: $$P$$]), respectively. Figures S9 and S10 of Additional file 1 show the histograms of the estimation error of all plasma parameters, providing a graphical verification that the fittings with [image: $${\chi }_{r}^{2}&gt;{\chi }_{r,{\text{max}}}^{2}$$] obtain large errors in all plasma parameters.
Secondly, convergent solutions were selected as “correct” or “incorrect” depending on the distance of the estimated solution ([image: $$\widehat{{\varvec{x}}}$$]) to the true input plasma parameters ([image: $${\varvec{x}}_{\varvec{true}}$$]). The ion composition parameter was selected as a discriminator of correctness because of the known existence of two different solutions in the limited range [0, 1] (Lathuillere et al. 1983; Oliver 1979; Wu et al. 2015). The statistical distributions of both “correct” and “incorrect” ion composition solutions are assumed Gaussian. Therefore, the distribution of solutions follows a bimodal Gaussian mixture model (GMM) given by the following:[image: $$f_{GMM} \left( {x{|}\alpha ,\mu_{0} ,\sigma_{0}^{2} ,\mu_{1} ,\sigma_{1}^{2} } \right) = \alpha \cdot{\mathcal{N}}\left( {x{|}\mu_{0} ,\sigma_{0}^{2} } \right) + \left( {1 - \alpha } \right)\cdot{\mathcal{N}}\left( {x{|}\mu_{1} ,\sigma_{1}^{2} } \right),$$]

 (3)


 where [image: $$\alpha$$] is the weight of the mixture distribution ([image: $$0\le \alpha \le 1$$]), and [image: $$\mathcal{N}\left(x | {\mu }_{0},{\sigma }_{0}^{2}\right)$$] and [image: $$\mathcal{N}\left(x | {\mu }_{1},{\sigma }_{1}^{2}\right)$$] are the probability density functions (PDF) of “correct” and “incorrect” results, respectively.
For each set of true input plasma parameters, the statistical distribution of the ion composition estimation error ([image: $${\varepsilon }_{p}={p}_{\text{true}}-\widehat{p}$$]) was analyzed using the expectation maximization (EM) algorithm (Dempster et al. 1977). The determination of the GMM distribution by the EM algorithm allows the clustering of both “correct” and “incorrect” solutions.
Finally, the performance of the optimization algorithm was evaluated using different probabilities. The probability of valid convergence of the fit ([image: $${P}_{\text{fit\;valid}}$$]) was calculated as:[image: $$P_{{{\text{fit }}\;{\text{valid}}}} = {{N_{{{\text{fit}}\;{\text{ valid}}}} } \mathord{\left/ {\vphantom {{N_{{{\text{fit}}\;{\text{ valid}}}} } {N_{{{\text{total}}}} }}} \right. \kern-\nulldelimiterspace} {N_{{{\text{total}}}} }},$$]
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where [image: $${N}_{\text{fit\;valid}}$$] is the number of convergent results of a simulation ([image: $${\chi }_{r}^{2}(\widehat{{\varvec{x}}})\le {\chi }_{r,{\text{max}}}^{2}$$]), and [image: $${N}_{total}$$] is the total number of parameters simulated ([image: $${N}_{total}={N}_{MC}\cdot {N}_{rep}$$], and where [image: $${N}_{MC}$$] is the number of different input parameters of the Monte Carlo simulation, [image: $${N}_{MC}$$]=2000, and [image: $${N}_{rep}$$] is the number of fitting repetitions of each input parameter of the simulation, [image: $${N}_{rep}$$]=100).
The probability of ‘correct’ estimation ([image: $${P}_{\text{correct}}$$]) was calculated as:[image: $$P_{{{\text{correct}}}} = {{N_{{{\text{correct}}}} } \mathord{\left/ {\vphantom {{N_{{{\text{correct}}}} } {N_{{{\text{fit }}\;{\text{valid}}}} }}} \right. \kern-\nulldelimiterspace} {N_{{{\text{fit }}\;{\text{valid}}}} }},$$]

 (5)



where [image: $${N}_{\text{correct}}$$] is the number of “correct” results of a simulation obtained by the EM clustering algorithm.
And, the probability of valid convergence and ‘correct’ estimation ([image: $$P_{{{\text{fit}}\;{\text{valid}}\; \&amp; \;{\text{correct}}}}$$]) was calculated as:[image: $$P_{\text{fit }}\;{\text{valid }}\;\&amp; \;{\text{correct}} = P_{\text{fit }}\;{\text{valid}} \cdot P_{\text{correct}} = N_{\text{correct}}/ N_{\text{total}}.$$]

 (6)



Results and discussion
The following sections show the results of the Monte Carlo simulations of fittings using the PSO algorithm with different combinations of plasma parameters assumed to be known a priori from the plasma line. The following case studies were analyzed: a) 4 unknown parameters ([image: $${N}_{e}$$], [image: $${T}_{i}$$], [image: $${T}_{e}$$], and [image: $$p$$]); b) 3 unknown parameters ([image: $${T}_{i}$$], [image: $${T}_{e}$$], and [image: $$p$$]) given a priori [image: $${N}_{e}$$]; c) 2 unknown parameters ([image: $${T}_{i}$$] and [image: $$p$$]) given a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$]; and d) 2 unknown parameters ([image: $${T}_{i}$$] and [image: $$p$$]) given a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$].
Effects of the limited ion composition search space
In Wu et al. (2015), the limited ion composition search range (shown in Fig. 2) restricts the possible ambiguous solutions obtained by the optimization algorithm. This search interval uses a priori information of the true input ion composition, which is information not available in real radar measurements. Therefore, it is assumed that the restricted search range applied by Wu et al. (2015) artificially enhances the unambiguous estimation performance of the PSO algorithm.
To identify the number of “incorrect” solutions not considered in the limited ion composition search interval of Wu et al (2015), Monte Carlo simulations were done with the full ion composition search range (i.e., [image: $$0\le \widehat{p}\le 1$$]) at different signal fluctuation levels. Furthermore, these simulations were done with the PSO parameters used by Wu et al (2015) (i.e., parameters configuration “Param. 1” indicated in “PSO parameters choice” section). Figure 3 shows the estimated ion composition parameters obtained from simulations with the full ion composition search range at different signal fluctuations and (as black dashed lines) the boundaries of the limited search interval of Wu et al (2015).[image: ../images/40623_2020_1297_Fig3_HTML.png]
Fig. 3Scatter plot of estimated and input values of ion composition, obtained from the Monte Carlo analysis of different combinations of parameters known a priori from the plasma line using the PSO algorithm: a without a priori information, b given [image: $${N}_{e}$$], c given [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$], and d given [image: $${N}_{e}$$] and [image: $${T}_{e}$$]. Each color represents results obtained by simulations with a particular signal fluctuation percentage ([image: $$\delta (\%)$$]). Simulations were done with the full ion composition search range. Black dashed lines represent the maximum and minimum values of the confined ion composition search range of Wu et al. (2015)


Simulation results without a priori information (case study a in Fig. 3) at mid and large signal fluctuations ([image: $$\delta &gt;0.05\mathrm{\%}$$]) obtained several ion composition estimates outside of the limited search interval. The addition of information from the plasma line (case studies b, c, and d) reduced the number of estimates located in these intervals. Particularly, the addition of a priori knowledge of [image: $${N}_{e}$$] and [image: $${T}_{e}$$] information (case study d) had almost no “incorrect” estimates. Therefore, in this case study, almost all solutions were found inside of the limited search range of Wu et al. (2015). This combination of a priori known parameters solves the TICA problem even at high signal fluctuations, as does the MCLM algorithm (Martínez-Ledesma and Díaz 2019). The number of convergent solutions found outside of the search interval of Wu et al (2015) is shown in Fig. 4 at different signal fluctuations for these different combinations of parameters known a priori. At large signal fluctuations ([image: $$\delta &gt;10\mathrm{\%}$$]), the number of “incorrect” solutions found in the limited search range greatly increases in all case studies. It is relevant to highlight that the area outside of the search space of Wu et al. (2015) corresponds to 25% of the total available space. Therefore, the number of cases higher than 25%, obtained at high signal fluctuations, indicates that “incorrect” ion composition values were more often obtained at highly noisy scenarios. This result suggests that ion composition solutions were not uniformly distributed in the search space at high signal fluctuations. Alternatively, the number of cases outside the search interval was abruptly reduced at small signal fluctuations in case studies a and b (with [image: $$\delta &lt;0.2\mathrm{\%}$$] and [image: $$\delta &lt;0.5\mathrm{\%}$$], respectively). It is assumed that this reduction is related to the decrease of convergent estimates that occurs at small signal fluctuations, which is explained below.[image: ../images/40623_2020_1297_Fig4_HTML.png]
Fig. 4Number of convergent solutions located outside of the search range defined by Wu et al. (2015), obtained from the analysis of the PSO simulations shown in Fig. 2 at different signal fluctuation percentages ([image: $$\delta (\%)$$])


Additionally, to evaluate the impact of the limited search range on the unambiguous estimation performance of the PSO algorithm, similar Monte Carlo simulations were done using the ion composition search interval employed by Wu et al (2015). Figure 5 shows the probabilities obtained with a limited ion composition search range and with a full search range (dashed and continuous lines, respectively). This figure shows the probability of convergence of the optimization algorithm ([image: $${P}_{\text{fit\;valid}}$$]), the probability of having a “correct” estimation ([image: $${P}_{\text{correct}}$$]), and their joint probability ([image: $$P_{{\text{fit\;valid}}\;\&amp; {\text{ correct}}}$$]).[image: ../images/40623_2020_1297_Fig5_HTML.png]
Fig. 5Probability of convergence ([image: $${P}_{\text{fit\;valid}}$$]) and probability of “correct” estimation ([image: $${P}_{\text{correct}}$$]) (in percentage) obtained by simulations (dashed lines) with the limited search range of Wu et al. (2015) and (continuous lines) with the full ion composition search range ([0, 1]). Simulations were done at different signal fluctuation percentages ([image: $$\delta (\%)$$]) fitting different combinations of known a priori plasma parameters from the plasma line: without a priori information, given [image: $${N}_{e}$$], given [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$], and given [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters


Simulations with a limited ion composition search range showed slightly higher values of [image: $${P}_{\text{fit\;valid}}$$] for case studies a and b (without a priori information and knowing a priori [image: $${N}_{e}$$] parameter, respectively). The increase in convergent solutions of case study b was larger than those of case study a (with values ~ 11% and ~ 4%, respectively). Also, the probability of convergence in these two case studies decayed for signal fluctuations smaller than 0.5%. Alternatively, simulations of case studies c and d obtained almost perfect convergences ([image: $${P}_{\text{fit\;valid}}\approx 100\mathrm{\%}$$]) in all noise scenarios, independently of the search range configuration. These results suggest that the limited ion composition search range of Wu et al. (2015) does not generate a significant impact on the convergence of the PSO algorithm. Nevertheless, a relevant result was obtained in simulations without adding a priori information. In these simulations, independently of the ion composition search range, more than half of the total number of estimations were not convergent ([image: $${P}_{\text{fit\;valid}}&lt;50\mathrm{\%}$$]) for small signal fluctuations ([image: $$\delta &lt;0.1\mathrm{\%}$$]). Moreover, at very small noise scenarios ([image: $$\delta =0.01\mathrm{\%}$$]) almost no estimations were convergent ([image: $${P}_{\text{fit\;valid}}\approx 10\mathrm{\%}$$]), indicating that the optimization algorithm was unable to find a minimum of the cost function in the majority of the cases. This result suggests that the selection of the PSO algorithm parameters ([image: $${c}_{1}$$], [image: $${c}_{2}$$], [image: $$\omega$$], and number of particles [image: $$n$$]) made by Wu et al. (2015) is not useful to estimate plasma parameters of ISR signals in very small noise scenarios without the addition of a priori information. Note that this case study (i.e., fitting 4 plasma parameters without a priori information) was not evaluated in their study.
On the other hand, the use of the limited search range produced an impact on the probability of unambiguous estimation. The increments of [image: $${P}_{\text{correct}}$$] when using the search range of Wu et al. (2015) were ~ 17% and ~ 11% for case studies a and b, respectively. Note that the effect of using the limited ion composition search range in simulations without adding any a priori information generates a [image: $${P}_{\text{correct}}$$] similar to the case of knowing a priori [image: $${N}_{e}$$]. Alternatively, case study c displayed a probability increment smaller than 5% at signal fluctuations smaller than [image: $$\delta \le 10\mathrm{\%}$$]. On the other hand, almost identical and perfectly unambiguous estimations were obtained when knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters (case study d), as in the case of using the MCLM algorithm (Martínez-Ledesma and Díaz 2019). The small increase obtained in case studies c and d implies that the knowledge of [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] or [image: $${N}_{e}$$] and [image: $${T}_{e}$$] provided more information than the use of the confined ion composition search range of Wu et al. (2015). Also, of relevance is that [image: $${P}_{\text{correct}}$$] value without a priori information (case study a) did not reach 100% at very small signal fluctuations ([image: $$\delta =0.01\mathrm{\%}$$]). This result is assumed to be related to the small number of convergent solutions at this signal fluctuation level ([image: $${P}_{\text{fit\;valid}}\approx 10\mathrm{\%}$$]) which impacted the average number of “correct” solutions.
In summary, these results verify that the use of the confined search range provides a priori information that artificially increases the unambiguous estimation performance of the algorithm in almost all case studies. Nevertheless, this segmented search range did not impact the convergence of the algorithm of case studies c and d. Therefore, the knowledge of [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] or [image: $${N}_{e}$$] and [image: $${T}_{e}$$] provides more information than the use of the confined search range. Furthermore, almost no performance improvement was obtained in the case of knowing a priori or [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters. This suggests that the addition of those parameters already solved the ambiguity problem. Even so, to avoid “incorrect” estimates in case these ion composition assumptions were invalid, it is suggested to fit plasma parameters always using the full search range of parameters. The following sections show the probability results that were obtained using the full search range.
Impact of PSO parameters choice
To evaluate the impact of the selection of the PSO internal parameters, Monte Carlo simulations were also done at different signal fluctuation levels using the configuration of parameters “Param. 2” (defined by Wang et al. 2012). Figures included in Additional file 2 show the histograms of [image: $${\chi }_{r}^{2}$$] and the error of the ion composition estimate of case studies a, b, c, and d using this configuration of parameters. Figure 6 shows [image: $${P}_{\text{fit\;valid}}$$] and [image: $${P}_{\text{correct}}$$] values obtained from the simulations of the previously indicated combinations of plasma parameters known from the plasma line (i.e., case studies a, b, c, and d; dashed lines). For comparison purposes, Fig. 6 also shows the probability results of simulations done with the configuration of parameters “Param. 1” (dash-dotted lines) and with the MCLM method (continuous black lines; obtained from Fig. 7 of Martínez-Ledesma and Díaz 2019; available at https://​doi.​org/​10.​5281/​zenodo.​1466184).[image: ../images/40623_2020_1297_Fig6_HTML.png]
Fig. 6Probability of convergence ([image: $${P}_{\text{fit\;valid}}$$]) and probability of ‘correct’ estimation ([image: $${P}_{\text{correct}}$$]) (in percentage) obtained by simulations (black continuous lines) using the MCLM method, and using the PSO algorithm with the parameter configuration (dash-dotted lines) “Param. 1” used by Wu et al. (2015) and (dashed lines) “Param. 2”. Simulations were done at different signal fluctuation percentages ([image: $$\delta (\%)$$]) fitting different combinations of known a priori plasma parameters from the plasma line: without a priori information, given [image: $${N}_{e}$$], given [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$], and given [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters


Simulation results without a priori information (case study a) showed different probabilities of convergence using the configuration of parameters “Param. 2”. In this case, this configuration obtained an increase of [image: $${P}_{\text{fit\;valid}}$$] between 14 and 22% at signal fluctuations smaller than [image: $$\delta &lt;0.5\mathrm{\%}$$]. Nevertheless, the other case studies (i.e., b, c, and d) showed almost identical values of [image: $${P}_{\text{fit\;valid}}$$] for both configurations of PSO parameters. Moreover, [image: $${P}_{\text{correct}}$$] values were almost identical in all case studies. The unambiguous estimation probability differences obtained in case studies b, c, and d were smaller than 1%, but differences up to 5% were found in simulations without a priori information. These results indicate that the use of a different configuration of PSO parameters did not affect the unambiguous estimation performance of the algorithm, but slightly increased the convergence of solutions when no a priori information was provided.
Figure 7 shows the average standard deviation of both “correct” and “incorrect” distributions of the GMM PDFs calculated by the EM algorithm ([image: $${\sigma }_{\text{correct}}$$] and [image: $${\sigma }_{\text{incorrect}}$$], respectively) for simulations using the configuration of PSO parameters “Param. 1” and “Param. 2” (left and right columns, respectively). In small noise regimes (signal fluctuations smaller than δ < 2%), standard deviations increased with the signal fluctuation percentage. In this signal fluctuation region, estimated regressions of standard deviation ([image: $${\sigma }_{\text{est}}$$]) were obtained. In higher noise regimes, an almost constant standard deviation ([image: $${\sigma }_{\text{sat}}$$]) was obtained with a value of ~ 0.16. The signal fluctuation level where the standard deviation reaches this saturation value is approximately equal to [image: $${\delta }_{\text{cross}}$$], which is the signal fluctuation level at which [image: $${P}_{\text{correct}}$$] = 50% in Fig. 6. In case studies a and b, the estimated [image: $${\sigma }_{\text{est}}$$] were slightly smaller when the configuration “Param. 2” was used. Furthermore, in case study a (without a priori information) at small signal fluctuations the values of “correct” standard deviations were much larger than the “incorrect” values, an effect not obtained by simulations with information provided from the plasma line. Alternatively, identical estimates of [image: $${\sigma }_{\text{est}}$$] and [image: $${\delta }_{\text{cross}}$$] were obtained in case studies c and d using both configurations of parameters. These results suggest that the estimation accuracy (i.e., ion composition estimation uncertainty) of the PSO algorithm did not improve significantly using different configurations of parameters. Moreover, when no a priori information was provided, larger estimation uncertainties were obtained by the optimization algorithm at small signal fluctuations.[image: ../images/40623_2020_1297_Fig7_HTML.png]
Fig. 7Average standard deviation values (in logarithmical scale) of “correct” (blue) and “incorrect” (red) statistical distributions obtained by fitting simulations using the PSO algorithm with the configuration of parameters (left column) “Param. 1” used by Wu et al. (2015) and (right column) “Param. 2”. Simulations were done estimating different combinations of known a priori plasma parameters from the plasma line at different signal fluctuation percentages ([image: $$\delta (\%)$$]). Vertical dotted line represents the estimated fluctuation value ([image: $${\delta }_{\text{cross}}$$]) at which [image: $${P}_{\text{correct}}=50\%$$]. The maximum standard deviation value is represented with a horizontal dashed line ([image: $${\sigma }_{\text{sat}}$$]). The continuous black line represents the estimated regression of the standard deviation of “correct” solutions ([image: $${\sigma }_{\text{est}}$$]) before arriving to the saturation value. The dash-dotted black line represents the estimated regression of the MCLM method ([image: $${\sigma }_{\text{MCLM}}$$])


PSO algorithm computation time
The number of iterations and computing times of the PSO algorithm for simulations using both configurations of PSO parameters (“Param. 1” and “Param. 2”) are shown in Fig. 8. The average number of iterations (Fig. 8, top) obtained by simulations using the configuration “Param. 1” were equal to the maximum number of iterations ([image: $${\text{max\_iterations}}$$]= 500 plus 1 for the determination of the initial random particle locations) in all case studies. Alternatively, simulations using the configuration “Param. 2” presented a smaller number of iterations. The number of iterations obtained was gradually reduced by the addition of different a priori information in each case study. Simulations assuming known a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters obtained the minimum number of iterations (~ 472 iterations). The maximum reduction of iterations was found in the high signal fluctuation range in all case studies. This reduction of iterations is related to the increase of stagnation detections obtained at high signal fluctuations when using the configuration “Param. 2”, shown in Fig. 9. Note that, at high signal fluctuations almost all solutions were convergent ([image: $${P}_{\text{fit\;valid}}\approx 100\mathrm{\%}$$] in Fig. 6), indicating that stagnated solutions detected were the minimums of the cost function. Therefore, this result suggests that the configuration “Param. 2” improves the optimum detection speed of the PSO algorithm. Nevertheless, the reduction of iterations obtained by the stagnation detections did not generate a large impact on the overall computing time, as can be seen in Fig. 8 (middle). This effect is related to the large number of minimum iterations of the algorithm required to determine stagnation ([image: $${\text{max\_count\_const+count\_const\_init}}$$]= 300). As this number is large relative to [image: $${\text{max\_iterations}}$$], the detection of stagnation cases generated only a small reduction in the total number of iterations.[image: ../images/40623_2020_1297_Fig8_HTML.png]
Fig. 8(Top) Average number of iterations and (middle) corresponding computing times of the PSO algorithm estimating different combinations of known a priori plasma parameters from the plasma line at different signal fluctuation percentages ([image: $$\delta (\%)$$]). Results were obtained from simulations with the parameter configuration (dash-dotted lines) “Param. 1” used by Wu et al. (2015) and (dashed lines) “Param. 2”. (Bottom) Boxplot of average computing times of simulations with different combinations of a priori plasma parameters using the configurations “Param. 1” and “Param. 2”

[image: ../images/40623_2020_1297_Fig9_HTML.png]
Fig. 9Number of stagnation detections obtained by fitting simulations using the PSO algorithm with the configurations of PSO parameters “Param. 1” and “Param. 2”. Simulations were done estimating different combinations of known a priori plasma parameters from the plasma line at different signal fluctuation percentages ([image: $$\delta (\%)$$])


Nevertheless, computing times were smaller when using the configuration of parameters “Param. 2” in all case studies. Boxplots of computing times for each case study are shown in Fig. 8 (bottom). Average computing time reductions were of 8.37%, 5.76%, 6.74%, and 5.96% for case studies a, b, c, and d, respectively. Therefore, this result indicates that the configuration of PSO parameters “Param. 2” obtains a reduction in the overall computing time of the PSO algorithm.
Comparison with MCLM optimization algorithm
Probabilities obtained by the MCLM optimization algorithm (Martínez-Ledesma and Díaz 2019) shown in Fig. 6 (continuous black lines) allow a visual comparison of the estimation performance with the PSO algorithm. Results of PSO simulations without a priori information (case study a) obtained much lower convergences ([image: $${P}_{\text{fit\;valid}}$$]) than MCLM simulations at very small signal fluctuations (with probability differences up to ~ 44% or ~ 58% depending on the configuration of PSO parameters). On the other hand, PSO simulations of case studies b and c obtained larger [image: $${P}_{\text{fit\;valid}}$$] values than MCLM simulations, with differences of ~ 8% and ~ 14%, respectively. Finally, the PSO simulations of case study d were almost perfectly convergent ([image: $${P}_{\text{fit\;valid}}\approx 100\mathrm{\%}$$]), as obtained by the MCLM algorithm. Of relevance is that the simulations of case study c have an almost perfect convergence using the PSO algorithm, while the use of the MCLM provided [image: $${P}_{\text{fit\;valid}}\approx 85\mathrm{\%}$$] at small signal fluctuations. Therefore, the PSO algorithm improves the convergence of the MCLM algorithm when adding a priori information, particularly when assuming known a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters.
Approximately similar unambiguous estimation performance ([image: $${P}_{\text{correct}}$$]) was obtained by the PSO algorithm and the MCLM method. The most remarkable result was obtained in the case of simulations knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters (case study d). In this case, identical values of [image: $${P}_{\text{correct}}$$] were obtained using both optimization algorithms. These probability values were almost perfectly “correct” up to high signal fluctuations. This result suggests that the use of the a priori information of [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters solves the ambiguity and provides the maximum unambiguous estimation probability that could be obtained by any optimization algorithm, as indicated by Nicolls et al. (2006). On the other hand, the PSO simulation results without adding a priori information (case study a) obtained probabilities similar to the MCLM. In this case study, probability differences between PSO and MCLM algorithms were between ± 6%, and between − 2.8% and 4% when using the configuration of PSO parameters “Param. 1” and “Param. 2”, respectively. Also, PSO simulation results of case studies b and c were identical to those of the MCLM method for signal fluctuations [image: $$\delta \le 0.2\%$$]. In those study cases, probability differences obtained were below 7%, with maximum differences located at signal fluctuations [image: $$\delta$$]=2% and 5%, respectively.
The signal fluctuation thresholds for obtaining a [image: $${P}_{\text{correct}} \ge$$] 95.45% (a [image: $$2\sigma$$] criterion) of the PSO algorithm were identical to those obtained by the MCLM algorithm only in case studies b and d ([image: $${\delta }_{\text{th}\left(\text{Ne}\right)\text{ PSO}}$$] = 0.14% and [image: $${\delta }_{\text{th}\left(\text{Ne}\;\text{and}\;\text{Te}\right) \text{PSO}}$$] = 7.9%, respectively). However, PSO simulations without adding a priori information obtained a value of [image: $${P}_{\text{correct}}\approx$$] 95% at signal fluctuations [image: $$\delta$$] = 0.01%, which is smaller than the global threshold ([image: $${\delta }_{\text{th(no \; a \;priori) MCLM}}$$] = 0.05%) obtained by Martínez-Ledesma and Díaz (2019). It is assumed that this small threshold value is related to the lower convergence of the algorithm at this signal fluctuation level ([image: $${P}_{\text{fit\;valid}}\left(\delta =0.01\mathrm{\%}\right)\approx$$] 10% or 25%, depending on the configuration of PSO parameters used). Aside, the signal fluctuation threshold obtained in simulations of the PSO algorithm knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters (case study c) was approximately [image: $${\delta }_{\text{th(Ne \;and \;Te/Ti) PSO}}$$] = 1.4%. In this case study, the threshold value when using the MCLM algorithm was [image: $${\delta }_{\text{th}(\text{Ne}\;\text{and}\;\text{Te}/\text{Ti}) \text{MCLM}}$$] = 0.568%. Therefore, the PSO algorithm improved the unambiguous estimation threshold of the MCLM algorithm when adding a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters.
On the other hand, in some case studies, the joint probability [image: $$P_{{\text{fit\;valid}}\;\&amp; {\text{ correct}}}$$] obtained a much larger improvement. Of relevance is the increase in probability of ~ 7.3% and ~ 14% in case studies b and c, respectively. Simulations of the PSO algorithm knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters showed almost perfect [image: $$P_{{\text{fit\;valid}}\;\&amp; {\text{ correct}}}$$] values up to this signal fluctuation threshold value, as in the case of knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters. Therefore, in these two cases of adding a priori information, the convergence of the PSO algorithm is not required to be verified.
The estimated tendencies of standard deviation of “correct” distributions calculated from simulations of the MCLM optimization algorithm ([image: $${\sigma }_{\text{MCLM}}$$] obtained from Fig. 6 of Martínez-Ledesma and Díaz 2019) are shown in Fig. 7. In case studies b, c, and d, the results of simulations with the PSO algorithm have similar or identical increase tendencies to the results of the MCLM algorithm. Alternatively, when no a priori information was provided (case study a) the average values of “correct” standard deviation of the PSO algorithm were much larger than the results of the MCLM algorithm at small signal fluctuations. Furthermore, “incorrect” standard deviations obtained by the PSO algorithm were similar to the estimated standard deviation values of the MCLM algorithm. This result suggests that the PSO algorithm without a priori information obtained “correct” estimations with larger uncertainties than the MCLM algorithm at the small signal fluctuation range.
Moreover, PSO simulations were done to analyze the impact of using a priori information with uncertainty. The resulting probabilities of convergence and unambiguous estimation are shown in Fig. 10. These Monte Carlo simulations were done with the configuration of PSO parameters “Param. 2” at different signal fluctuation levels and with different uncertainty levels on the a priori parameters. To allow a direct comparison, this figure also shows the probabilities obtained by the MCLM method (gray dotted lines) when considering the uncertainty of the a priori parameters (obtained from Fig. 9 of Martínez-Ledesma and Díaz, 2019). Very similar probability results were obtained by both the PSO algorithm and the MCLM method. As indicated in Martínez-Ledesma and Díaz (2019), these results verify that the uncertainty of a priori parameters should be smaller than the signal fluctuation level of the ISR signal ([image: $$\delta \ge |\epsilon |$$]) to ensure the convergence of the algorithm. Moreover, the use of a priori parameters with uncertainties [image: $$\left|\epsilon \right|\le 1\%$$] provide [image: $${P}_{\text{correct}}$$] values almost identical to simulations without uncertainty. Finally, the results at low signal fluctuation verify the existence of a global signal fluctuation threshold [image: $${\delta }_{th}=0.05\%$$] to completely solve the estimation ambiguity ([image: $${P}_{\text{correct}}=100\%$$]) independently of the type of a priori information provided and the level of uncertainty of the a priori parameters.[image: ../images/40623_2020_1297_Fig10_HTML.png]
Fig. 10(Continuous colored lines) probability of convergence ([image: $${P}_{\text{fit\;valid}}$$]) and probability of unambiguous estimation ([image: $${P}_{\text{correct}}$$]) (in percentage) obtained by simulations considering uncertainty on the a priori parameters known from the plasma line: (left) given [image: $${N}_{e}$$], (middle) given [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$], and (right) given [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters and at different signal fluctuation percentages ([image: $$\delta (\%)$$]). Simulations were done using the PSO algorithm with the parameter configuration “Param. 2”. Probabilities obtained without uncertainty (shown in Fig. 6) are shown with dashed black lines. Results from simulations using the MCLM method (dotted gray lines) are shown for comparison


As in the case of simulations without uncertainty, identical probabilities of convergence and of unambiguous estimation were obtained by both optimization algorithms from simulations knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters (study case d). Nevertheless, some differences were found at [image: $$0.1\%\le \delta \le 10\%$$] in simulations with large uncertainties ([image: $$\epsilon =\pm 50\%$$] and [image: $$\epsilon =\pm 100\%$$]) due to the small number of convergent solutions obtained. Also, the convergence rates ([image: $${P}_{\text{fit\;valid}}$$]) obtained by the PSO algorithm were larger than those of the MCLM method when assuming a priori known [image: $${N}_{e}$$] and [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] (study cases b and c). Moreover, in these study cases, slightly larger probabilities of unambiguous estimation ([image: $${P}_{\text{correct}}$$]) were obtained at [image: $$\delta &gt;0.2\%$$] by the PSO algorithm.
The average iterations required by the L–M algorithm used by the MCLM method are shown in Supporting Information Figure S7 of Martínez-Ledesma and Díaz (2019). Computing times of each fitting of the L–M algorithm were always less than 0.45 s. Also, computing times were reduced when adding information from the plasma line and when estimating radar signals with lower noise characteristics. Simulations of case studies b, c, and d were approximately 1.2, 2.3, and 4 times faster than simulations without a priori information, respectively. On the other hand, the computing times obtained by our vectorized implementation of PSO algorithm were between 6.5 and 7.7 s for each fit, depending on the addition of a priori information and the internal configuration of the PSO algorithm parameters (Fig. 8, bottom). The lack of computing time information in Wu et al. (2015) prevents the direct comparison with our PSO implementation. Furthermore, no stagnation detection was implemented in the study of Wu et al. (2015).
Figure 11 shows the ratio between computing times of fittings using the PSO algorithm relative to fittings of the L–M algorithm. These ratios were highly dependent on the a priori information provided and the signal fluctuation level. The L–M algorithm was between 15 and 250 times faster than the PSO algorithm at the high and low signal fluctuation ranges, respectively. For noise levels smaller than the signal fluctuation thresholds of the MCLM method (shown as vertical bars in Fig. 11), the probability of unambiguous estimation is high enough ([image: $${P}_{\text{correct}}\ge 95.45\mathrm{\%}$$]) to assume that all estimates are “correct”. In these cases, the MCLM method only requires evaluating one L–M fitting. On the other hand, for noise levels larger than the signal fluctuation thresholds, multiple fittings of the L–M algorithm are required to be done with different initial parameters of the search to select the “correct” solution in the MCLM method. In the Monte Carlo simulations of Martínez-Ledesma and Díaz (2019), fittings were repeated 500 times. This large number of repetitions was required to determine with high accuracy the unambiguous estimation performance of the algorithm, obtaining high quality statistical distributions of “correct” and “incorrect” estimates that were clustered by the EM algorithm. Also, the executions of the multiple L–M fittings of Martínez-Ledesma and Díaz (2019) were parallelized in 8 different CPU nodes to reduce the global computing time of the MCLM simulations, as in our implementation of the Monte Carlo simulations of the PSO algorithm. Therefore, the theoretical computing time of the MCLM method can be roughly approximated as [image: $${T}_{\text{MCLM}}={T}_{\text{L}-\text{M}}\cdot R/P$$] (where [image: $${T}_{\text{L}-\text{M}}$$] is the L–M algorithm computing time, [image: $$R$$] is the number of repetitions of the fitting, and [image: $$P$$] is the number of parallelized nodes used). It is relevant to indicate that Martínez-Ledesma and Díaz (2019) did not suggest the number of fitting repetitions required by the MCLM algorithm to operationally estimate real radar measurements. Hence, we consider using 100 fitting repetitions in the MCLM method, although a much smaller number would be required to provide good estimates of the statistical distributions of “correct” and “incorrect” solutions. This number of repetitions of L–M fittings in the MCLM method is identical to the number of particles used in our implementation of the PSO algorithm, allowing a direct comparison between the computation requirements of both optimization algorithms. Therefore, the sequential execution of the MCLM method would require 100 times the L–M algorithm computing times at noise levels higher than the signal fluctuation thresholds. This result indicates that the computing times of the sequential execution of the MCLM are larger than the computing times of the vectorized PSO algorithm (Fig. 11). Nevertheless, if we parallelize the execution of the multiple fittings in 8 CPU nodes, the MCLM algorithm would only require 12.5 times the L–M algorithm computing times, which is much lower than the minimum computing time ratio of the PSO algorithm in any case study. Although further work is required to verify the computing time improvement of the parallelization of the PSO algorithm, the execution of the parallelized MCLM method would require lower computing times than the parallelized PSO algorithm. This is because the L–M algorithm requires a much lower number of iterations than the PSO algorithm to obtain a solution (as shown in Figure S7 of Martínez-Ledesma and Díaz, 2019).[image: ../images/40623_2020_1297_Fig11_HTML.png]
Fig. 11Ratio between computing times of fittings using the PSO algorithm relative to fittings of the L–M algorithm at different signal fluctuation percentages ([image: $$\delta (\%)$$]). Vertical bars indicate the signal fluctuation thresholds of the MCLM method, for which the MCLM method should require only one L–M fit with random initial parameters


Conclusions
In this paper we have statistically analyzed the performance of the PSO algorithm estimating incoherent scatter radar data at different signal fluctuation levels. A standard PSO algorithm similar to the used in the study of Wu et al. (2015) was implemented. Nevertheless, our implementation considered stagnation detection and a vectorized cost function evaluation. To reduce the fitting computation time, the PSO algorithm was configured with 100 particles and a maximum number of 500 iterations. Two different configurations of PSO parameters ([image: $${c}_{1}$$], [image: $${c}_{2}$$], and [image: $$\omega$$]) were analyzed: “Param. 1”, corresponding to the parameters used in Wu et al. (2015), and “Param. 2” suggested by Wang et al. (2012).
Monte Carlo simulations were done to determine the capacities of the PSO algorithm to solve the TICA estimation problem of ISR at different noise scenarios. Simulations were done with different combinations of plasma parameters assumed to be known a priori from the plasma line of the radar. Simulation results were evaluated using the statistical analysis of Martínez-Ledesma and Díaz (2019). Probabilities of convergence of the optimization algorithm ([image: $${P}_{\text{fit\;valid}}$$]), of having a “correct” estimation ([image: $${P}_{\text{correct}}$$]), and their joint probability ([image: $$P_{{\text{fit\;valid}}\;\&amp; {\text{ correct}}}$$]) were calculated.
The study of Wu et al. (2015) limited the search range of the ion composition parameter using information from the true input ion composition value. To determine the impact of this confined range on the estimation of plasma parameters, Monte Carlo simulations were done with the full search range and were compared with simulations with the restricted search range of ion composition. Results demonstrate that the fittings of Wu et al. (2015) artificially enhanced the unambiguous estimation performance of the PSO algorithm. Nevertheless, similar probabilities were obtained in simulations knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters and [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters from the plasma line. This suggests that the knowledge of these parameters from the plasma line provides more information than the reduction of the ion composition search range. Nevertheless, to avoid “incorrect” estimates in case the assumptions of the ion composition search range were invalid, it is suggested to fit plasma parameters using the full search range of parameters.
Monte Carlo simulations were done to evaluate the impact of the selection of the PSO algorithm internal parameters. Similar convergences and unambiguous estimation performances were obtained using both configurations. Even so, the parameter configuration “Param. 2” required less computing time than the configuration selected by Wu et al. (Wu et al. 2015).
PSO simulation results were also compared to those of the MCLM technique developed by Martínez-Ledesma and Díaz (2019). Simulations without adding a priori information obtained very low convergences at small signal fluctuations, indicating that the PSO algorithm was almost unable to find solutions to the problem. Moreover, in these simulations the signal fluctuation threshold to unambiguously estimate plasma parameters (calculated using a 2[image: $$\sigma$$] criterion) was much smaller than that achieved by the MCLM method ([image: $${\delta }_{\text{th}(\text{no}\;\text{a}\;\text{priori}) \text{PSO}}\approx$$] 0.01%). These results suggest that the PSO algorithm is not useful to estimate plasma parameters of ISR signals without the addition of a priori information. In the other study cases, similar probabilities of unambiguous estimation were obtained by both optimization algorithms. Nevertheless, the convergence of the PSO algorithm was higher in simulations knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters from the plasma line. In this case study, the PSO algorithm obtained convergent solutions at all noise regimes and a signal fluctuation threshold larger than that achieved by the MCLM method ([image: $${\delta }_{\text{th(Ne \;and \;Te/Ti) PSO}}$$] = 1.4%). The PSO algorithm also improved the unambiguous estimation performance of the MCLM algorithm when knowing a priori [image: $${N}_{e}$$] parameter and [image: $${N}_{e}$$] and [image: $${T}_{e}/{T}_{i}$$] parameters for signal fluctuations [image: $$\delta &gt;0.2\%$$]. Finally, in the case of simulations knowing a priori [image: $${N}_{e}$$] parameter and [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters, the signal fluctuation thresholds of the PSO algorithm were identical to those of the MCLM method ([image: $${\delta }_{\text{th}\left(\text{Ne}\right) \text{PSO}}$$] = 0.14% and [image: $${\delta }_{\text{th}\left(\text{Ne}\;\text{and}\;\text{Te}\right) \text{PSO}}$$] = 7.9%, respectively). Furthermore, the probabilities of simulations knowing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters were also identical to those obtained by the PSO simulations with the confined ion composition search range of Wu et al. (2015). In these simulations, solutions were convergent at all noise regimes and estimates were unambiguous up to high signal fluctuations. This result verifies that the addition of [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters provides the most information to solve the ambiguity problem.
Monte Carlo simulations were done to evaluate the impact of adding a priori information with different levels of uncertainty. The probability of convergence and the probability of unambiguous estimation of these simulations presented similar behavior to those of the MCLM method. In all study cases, the PSO algorithm presented large convergence reductions for signal fluctuations smaller than the uncertainty level ([image: $$\delta &lt;|\epsilon |$$]). Simulations with uncertainly levels [image: $$\left|\epsilon \right|&gt;1\%$$] obtained [image: $${P}_{\text{correct}}$$] values smaller than those of the simulations without uncertainty. Perfectly unambiguous estimations ([image: $${P}_{\text{correct}}=100\%$$]) were obtained in all simulations with signal fluctuation level [image: $$\delta \le {\delta }_{th}=0.05\%$$]. Moreover, identical probabilities were obtained by both optimization algorithms in the case of providing a priori [image: $${N}_{e}$$] and [image: $${T}_{e}$$] parameters.
Computing times of PSO algorithm were also compared to those of the MCLM method. Multiple evaluations of the cost function are simultaneously done by the particles in the PSO algorithm, increasing the computational requirements. The computing times of single fittings of the L–M algorithm are one or two orders of magnitude smaller than our vectorized implementation of the PSO algorithm. Nevertheless, at noise levels higher than the signal fluctuation thresholds, the MCLM method also requires executing multiple fittings of the Levenberg–Marquardt algorithm with different initial parameters to determine the “correct” set of parameters. Therefore, the sequential execution of the MCLM technique requires longer computing times than the vectorized PSO algorithm when using the same number of MCLM fitting repetitions as the number of particles of the PSO algorithm. Nevertheless, the MCLM technique obtains much smaller computing times than the PSO algorithm when parallelizing the multiple fittings in different CPU nodes. This final result suggests that the MCLM method provides better characteristics than the PSO technique for unambiguously estimating plasma parameters in ISR.
Supplementary information
Supplementary information accompanies this paper at https://​doi.​org/​10.​1186/​s40623-020-01297-w.
Acknowledgements
The authors would like to thank the reviewers for their assistance in evaluating this paper. Authors sincerely acknowledge Dr. M. Díaz, Dr. J. Silva, and Dr. M. Orchard of Universidad de Chile for their support and helpful advice during the initial part of this research.

Authors’ contributions
MM made all the plots and data analysis of this study. FJ provided the initial optimization code that was used for the analysis. MM and FJ actively participated in the early discussions and analysis of the data as well as contributed to the writing of this paper. All authors read and approved the final manuscript.

Funding
This study was partially supported by the AFOSR Project Number FA9550-19-1-0384. Also, M. Martínez-Ledesma acknowledges the support of Comité Mixto ESO-Chile ORP061/19.
Powered@NLHPC: This research was partially supported by the supercomputing infrastructure of the NLHPC (ECM-02).

Availability of data and materials
All the simulated data and the codes used to produce the figures within this publication can be retrieved online from https://​doi.​org/​10.​5281/​zenodo.​4009464. Please contact the corresponding author with any question regarding the software or data shown in this publication.

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.


[image: Creative Commons]Open AccessThis article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article are included in the article's Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://​creativecommons.​org/​licenses/​by/​4.​0/​.

References
	Akbari H, Bhatt A, La Hoz C, Semeter JL (2017) Incoherent scatter plasma lines: observations and applications. Space Sci Rev. https://​doi.​org/​10.​1007/​s11214-017-0355-7Crossref

	Aponte N, Sulzer MP, Nicolls MJ, Nikoukar R, González SA (2007) Molecular ion composition measurements in the F1 region at Arecibo. J Geophys Res 112:A06322. https://​doi.​org/​10.​1029/​2006JA012028Crossref

	Behnke RA, Ganguly S (1986) First direct ground-based measurements of electron drift in the ionospheric F region. J Geophys Res 91(A9):10178–10182. https://​doi.​org/​10.​1029/​JA091iA09p10178Crossref

	Bevington PR, Robinson DK (2003) Data reduction and error analysis for the physical sciences, 3rd edn. McGraw-Hill, New York

	Beynon WJG, Williams PJS (1978) Incoherent scatter of radio waves from the ionosphere. Rep Prog Phys 41(6):909. https://​doi.​org/​10.​1088/​0034-4885/​41/​6/​003Crossref

	Bjørnå N, Kirkwood S (1988) Derivation of ion composition from a combined ion line/plasma line incoherent scatter experiment. J Geophys Res 93(A6):5787–5793. https://​doi.​org/​10.​1029/​JA093iA06p05787Crossref

	Blelly P-L, Alcaydé D, van Eyken AP (2010) A new analysis method for determining polar ionosphere and upper atmosphere characteristics from ESR data: illustration with IPY period. J Geophys Res 115:A09322. https://​doi.​org/​10.​1029/​2009JA014876Crossref

	Borovsky JE, Valdivia JA (2018) The earth’s magnetosphere: a systems science overview and assessment. Surv Geophys 39:817. https://​doi.​org/​10.​1007/​s10712-018-9487-xCrossref

	Brinton HC, Grebowsky JM, Brace LH (1978) The high-latitude winter F region at 300 km: thermal plasma observations from AE-C. J Geophys Res 83(A10):4767–4776. https://​doi.​org/​10.​1029/​ja083ia10p04767Crossref

	Cabrit B, Kofman W (1996) Ionospheric composition measurement by EISCAT using a global fit procedure. Ann Geophys 14(12):1496–1505. https://​doi.​org/​10.​1007/​s00585-996-1496-2Crossref

	Chen, T., Wu, L., Liang, J. J., Zhou, Q. H. (2013) Research and analysis on ionospheric composition based on particle swarm optimization. In: D.-S. Huang et al. Proceedings of 2013 international conference on intelligent computing, pp. 596–604, Springer, Berlin

	Clerc M, Kennedy J (2002) The particle swarm - explosion, stability, and convergence in a multidimensional complex space. IEEE Trans Evol Comput 6(1):58–73. https://​doi.​org/​10.​1109/​4235.​985692Crossref

	Dempster A. P., Laird, N. M., Rubin, D. B. (1977) Maximum Likelihood from incomplete data via the EM algorithm. J R Stat Soc 39: 1–38. www.​jstor.​org/​stable/​2984875.

	Eberhart R, Kennedy J (1995) A new optimizer using particle swarm theory. Proc Sixth Int Symp 1995:39–43. https://​doi.​org/​10.​1109/​MHS.​1995.​494215Crossref

	Eberhart RC, Shi Y (2000) Comparing inertia weights and constriction factors in particle swarm optimization. In: Proceedings of the 2000 congress on evolutionary computation. CEC00 (Cat. No. 00TH8512), La Jolla, CA, USA, 2000, vol. 1, 84–88, doi: https://​doi.​org/​10.​1109/​CEC.​2000.​870279

	Erickson P (1998) Observations of light ions in the midlatitude and equatorial topside ionosphere. Dissertation, Cornell University.

	Evans JV, Oliver WL (1972) The study of E-region ion concentration and composition by incoherent scatter radar. Radio Sci 7(1):103–112. https://​doi.​org/​10.​1029/​RS007i001p00103Crossref

	Evans JV (1969) Theory and practice of ionosphere study by Thomson scatter radar. Proc IEEE 57(4):496–530. https://​doi.​org/​10.​1109/​PROC.​1969.​7005Crossref

	Farley DT (1969) Incoherent scatter correlation function measurements. Radio Sci 4(10):935–953. https://​doi.​org/​10.​1029/​RS004i010p00935Crossref

	Fredriksen Å (1990) High latitude quiet summer ion composition profiles derived from a combined ion line/plasma line incoherent scatter experiment. J Atmos Terr Phys 52(1):77–84. https://​doi.​org/​10.​1016/​0021-9169(90)90117-6Crossref

	Fredriksen Å, Bjørnå N, Hansen TL (1989) First EISCAT two-radar plasma line experiment. J Geophys Res 94(A3):2727–2732. https://​doi.​org/​10.​1029/​JA094iA03p02727Crossref

	Freitas D, Lopes LG, Morgado-Dias F (2020) Particle swarm optimisation: a historical review up to the current developments. Entropy 22:362. https://​doi.​org/​10.​3390/​e22030362Crossref

	Hoffman JH, Johnson CY, Holmes JC, Young JM (1969) Daytime midlatitude ion composition measurements. J Geophys Res 74(26):6281–6290. https://​doi.​org/​10.​1029/​JA074i026p06281Crossref

	Huuskonen A, Lehtinen MS (1996) The accuracy of incoherent scatter measurements: error estimates valid for high signal levels. J Atmos Terr Phys 58(1–4):453–463. https://​doi.​org/​10.​1016/​0021-9169(95)00048-8Crossref

	Hysell DL, Rodrigues FS, Chau JL, Huba JD (2008) Full profile incoherent scatter analysis at Jicamarca. Ann Geophys 26(1):59–75. https://​doi.​org/​10.​5194/​angeo-26-59-2008Crossref

	Jiang M, Luo YP, Yang SY (2007) Stochastic convergence analysis and parameter selection of the standard particle swarm optimization algorithm. Inf Process Lett 102(1):8–16. https://​doi.​org/​10.​1016/​j.​ipl.​2006.​10.​005Crossref

	Johnson SG (2012) The Faddeeva Package. Open source code distributed under the MIT License. https://​ab-initio.​mit.​edu/​Faddeeva.

	Kelley MC (1989) The Earth’s ionosphere: plasma physics and electrodynamics. Academic Press, New York

	Kelly JD, Wickwar VB (1981) Radar measurements of high-latitude ion composition between 140 and 300 km altitude. J Geophys Res 86(A9):7617–7626. https://​doi.​org/​10.​1029/​JA086iA09p07617Crossref

	Kennedy, J., Eberhart, R. (1995) Particle swarm optimization. In: Proceedings, IEEE international conference on neural networks, vol. 4, 1942–1948.

	Kofman W, Lejeune G, Hagfors T, Bauer P (1981) Electron temperature measurements by the plasma line technique at the French Incoherent Scatter Radar Facilities. J Geophys Res 86(A8):6795–6801. https://​doi.​org/​10.​1029/​JA086iA08p06795Crossref

	Kudeki E, Milla MA (2011) Incoherent scatter spectral theories—Part I: a general framework and results for small magnetic aspect angles. IEEE Trans Geosci Remote Sens 49(1):315–328. https://​doi.​org/​10.​1109/​TGRS.​2010.​2057252Crossref

	Lathuillere C, Pibaret B (1992) A statistical model of ion composition in the auroral lower F region. Adv Space Res 12(6):147–156. https://​doi.​org/​10.​1016/​0273-1177(92)90048-3Crossref

	Lathuillere C, Wickwar VB, Kofman W (1983) Incoherent scatter measurements of ion-neutral collision frequencies and temperatures in the lower thermosphere of the auroral region. J Geophys Res 88(A12):10137–10144. https://​doi.​org/​10.​1029/​JA088iA12p10137Crossref

	Levenberg K (1944) A method for the solution of certain non-linear problems in least squares. Q Appl Math 2(2):164–168Crossref

	Lin WT, Lian Z, Gu X, Jiao B (2014) A local and global search combined particle swarm optimization algorithm and its convergence analysis. Math Probl Eng 2014:11. https://​doi.​org/​10.​1155/​2014/​905712Crossref

	Litvine A, Kofman W, Cabrit B (1998) Ion composition measurements and modelling at altitudes from 140 to 350 km using EISCAT measurements. Ann Geophys 16(10):1159–1168. https://​doi.​org/​10.​1007/​s00585-998-1159-6Crossref

	Lu Z, Yao M, Deng X (2016) An effective method for incoherent scattering radar’s detecting ability evaluation. Radio Sci 51:852–857. https://​doi.​org/​10.​1002/​2015RS005827Crossref

	Marquardt D (1963) An algorithm for least-squares estimation of nonlinear parameters. SIAM J Appl Math 11:431–441Crossref

	Milla M, Kudeki E (2011) Incoherent scatter spectral theories—Part II: Modeling the spectrum for modes propagating perpendicular to B. IEEE Trans Geosci Remote Sens 49(1):329–345. https://​doi.​org/​10.​1109/​TGRS.​2010.​2057253Crossref

	Martínez-Ledesma M, Díaz M (2019) Determination of the signal fluctuation threshold of the temperature-ion composition ambiguity problem using monte carlo simulations. J Geophys Res 124(1–2):2897–2919. https://​doi.​org/​10.​1029/​2018JA026217Crossref

	Nicolls MJ, Sulzer MP, Aponte N, Seal R, Nikoukar R, González SA (2006) High-resolution electron temperature measurements using the plasma line asymmetry. Geophys Res Lett 33:L18107. https://​doi.​org/​10.​1029/​2006GL027222Crossref

	Nikoukar R, Kamalabadi F, Kudeki E, Sulzer M (2008) An efficient near-optimal approach to incoherent scatter radar parameter estimation. Radio Sci 43:5007. https://​doi.​org/​10.​1029/​2007RS003724Crossref

	Oliver WL (1979) Incoherent scatter radar studies of the daytime middle thermosphere. Annal Geophys 35:121–139

	Raß A, Schmitt M, Wanka R (2015) Explanation of stagnation at points that are not local optima in particle swarm optimization by potential analysis. In: Proceedings of the companion publication of the 2015 annual conference on genetic and evolutionary computation, 2015, 1463–1464, doi: https://​doi.​org/​10.​1145/​2739482.​2764654.

	Richmond AD, Lu G (2000) Upper-atmospheric effects of magnetic storms: a brief tutorial. J Atmos Solar Terr Phys 62(12):1115–1127. https://​doi.​org/​10.​1016/​s1364-6826(00)00094-8Crossref

	Sarris TE (2019) Understanding the ionosphere thermosphere response to solar and magnetospheric drivers: status, challenges and open issues. Philosoph Trans R Soc A. https://​doi.​org/​10.​1098/​rsta.​2018.​0101Crossref

	Schunk RW, Nagy AF (2009) Ionospheres: physics, plasma physics, and chemistry, 2nd edn. Cambridge University Press, CambridgeCrossref

	Seki K, Keika K, Kasahara S, Yokota S, Hori T, Asamura K et al (2019) Statistical properties of molecular ions in the ring current observed by the Arase (ERG) satellite. Geophys Res Lett 46:8643–8651. https://​doi.​org/​10.​1029/​2019GL084163Crossref

	Sengupta S, Basak S, Peters RA II (2019) Particle Swarm Optimization: A Survey of Historical and Recent Developments with Hybridization Perspectives. Mach Learn Knowl Extract 1(1):157–191. https://​doi.​org/​10.​3390/​make1010010Crossref

	Shi Y, Eberhart RC (1998) Parameter selection in particle swarm optimization. In: Porto VW, Saravanan N, Waagen D, Eiben AE, eds. Evolutionary programming VII. EP 1998. Lecture notes in computer science, vol 1447. Springer, Berlin. doi: https://​doi.​org/​10.​1007/​BFb0040810

	Shi Y, Eberhart RC (1999) Empirical study of particle swarm optimization. In: Proceedings of the 1999 congress on evolutionary computation-CEC99 (Cat. No. 99TH8406), vol. 3, Washington, DC, USA, 1945–1950, doi: https://​doi.​org/​10.​1109/​CEC.​1999.​785511.

	Shibata T, Matsuya H, Hoashi J (2000) Ion composition in the auroral lower F-region inferred from residuals of ion temperature profiles observed with EISCAT. Adv Space Res 25:201–210. https://​doi.​org/​10.​1016/​S0273-1177(99)00919-9Crossref

	Sojka JJ, Raitt WJ, Schunk RW (1981) Theoretical predictions for ion composition in the high-latitude winter F region for solar minimum and low magnetic activity. J Geophys Res 86:2206–2216Crossref

	Sulzer MP (1986a) A phase modulation technique for a sevenfold statistical improvement in incoherent scatter data-taking. Radio Science 21(4):737–744. https://​doi.​org/​10.​1029/​RS021i004p00737Crossref

	Sulzer MP (1986b) A radar technique for high range resolution incoherent scatter autocorrelation function measurements utilizing the full average power of klystron radars. Radio Science 21(06):1033–1040. https://​doi.​org/​10.​1029/​RS021i006p01033Crossref

	Swoboda J, Semeter J, Zettergren M, Erickson PJ (2017) Observability of ionospheric space-time structure with ISR: a simulation study. Radio Sci 52:215–234. https://​doi.​org/​10.​1002/​2016RS006182Crossref

	Taylor JR (1997) An introduction to error analysis: the study of uncertainties in physical measurements, 2nd edn. University Science Books, Sausalito

	Trelea C (2003) The particle swarm optimization algorithm: convergence analysis and parameter selection. Inf Process Lett 85:317–325. https://​doi.​org/​10.​1016/​S0020-0190(02)00447-7Crossref

	Vallinkoski M (1988) Statistics of incoherent scatter multiparameter fits. J Atmos Terr Phys 50(9):839–851. https://​doi.​org/​10.​1016/​0021-9169(88)90106-7Crossref

	Van den Bergh F, Engelbrecht AP (2006) A study of particle swarm optimization particle trajectories. Inf Sci 176(8):937–971. https://​doi.​org/​10.​1016/​j.​ins.​2005.​02.​003Crossref

	Waldteufel P (1971) Combined incoherent-scatter F1-region observations. J Geophys Res 76(28):6995–6999. https://​doi.​org/​10.​1029/​JA076i028p06995Crossref

	Wand RH (1970) Electron-to-ion temperature ratio from radar Thomson scatter observations. J Geophys Res 75(4):829–838. https://​doi.​org/​10.​1029/​JA075i004p00829Crossref

	Wang D, Tan D, Liu L (2018) Particle swarm optimization algorithm: an overview. Soft Comput 22:387–408. https://​doi.​org/​10.​1007/​s00500-016-2474-6Crossref

	Wang D-S, Wang H-J, Zhang J-K (2012) Selection of the PSO Parameters for Inverting of Ellipsometry. In: 2012 international conference on industrial control and electronics engineering, Xi'an, 2012, 776–780, doi: https://​doi.​org/​10.​1109/​ICICEE.​2012.​207

	Wang, K., Shen, J. (2012) The convergence basis of particle swarm optimization. In: Proceedings of the 2012 international conference on industrial control and electronics engineering, 2012, 63–66, doi: https://​doi.​org/​10.​1109/​ICICEE.​2012.​25

	Wu LL, Zhou QH, Chen TJ, Liang JJ, Wu X (2015) Application of particle swarm optimization method to incoherent scatter radar measurement of ionosphere parameters. J Geophys Res Space Phys 120:8096–8110. https://​doi.​org/​10.​1002/​2014JA020970Crossref

	Yang X-S (2014) Chapter 7—Particle swarm optimization. In: Nature-inspired optimization algorithms, edited by Xin-She Yang, Elsevier, Oxford, P. 99–110, ISBN 9780124167438

	Yngvesson KO, Perkins FW (1968) Radar Thomson scatter studies of photoelectrons in the ionosphere and Landau damping. J Geophys Res 73(1):97–110. https://​doi.​org/​10.​1029/​JA073i001p00097Crossref

	Yuan Q, Yin G (2015) Analyzing convergence and rates of convergence of particle swarm optimization algorithms using stochastic approximation methods. IEEE Trans Autom Control 60(7):1760–1773. https://​doi.​org/​10.​1109/​TAC.​2014.​2381454Crossref

	Zettergren M, Semeter J, Heinselman C, Diaz M (2011) Incoherent scatter radar estimation of F region ionospheric composition during frictional heating events. J Geophys Res 116:A01318. https://​doi.​org/​10.​1029/​2010JA016035Crossref

	Zhang Y, Wang S, Ji G (2015) A comprehensive survey on particle swarm optimization: algorithms and its applications. Math Probl Eng 2015:1–38. https://​doi.​org/​10.​1155/​2015/​931256Crossref



Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/40623_2020_1297_Article_TeX_IEq26.png
gbest





OEBPS/images/40623_2020_1297_Article_TeX_IEq25.png
pbest;





OEBPS/images/40623_2020_1297_Article_TeX_IEq28.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq27.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq29.png





OEBPS/images/40623_2020_1297_Fig1_HTML.png
Initialize the size of the particle swarm n and internal parameters (w, ¢y, 7).
Initialize particles positions (x;; (0)) and velocities (v;; (0)) randomly.

V!

t=0
t+1 |
Calculate the fit value (f(x,-(t))) of each particle (x;(t));
gbest(t) = argminiH! (f(gbest(t — 1), f (1), ooe, f (D)), ,f(xn(t)))
W/
i=1
pbest;(t) = argmin (f(pbesti(t - 1)),f(xi(t)))
j=1
vi(t+1) =w v () + ¢ q- (pbest(t) — X (t)) +cy @y (gbest(t) — X (t))
i=i+1 x;(t+1) =x;(0) +v; (E+ 1)

xij € [xj,min 'x/',max]
v; € [vj v

;min » Yj,max

j=j+1

(t > count_const_init) &&

|f (gbest(t)) — f(gbest(t — 1))| ==

count_const = count_const + 1

count_const =0

count_const >
max_count_const

\Y

t > max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq370.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq361.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq240.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq360.png
P true





OEBPS/images/40623_2020_1297_Article_TeX_IEq121.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq363.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq242.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq120.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq362.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq241.png
6CI‘OSS





OEBPS/images/40623_2020_1297_Article_TeX_IEq123.png
Xtrue





OEBPS/images/40623_2020_1297_Article_TeX_IEq365.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq244.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq122.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq364.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq243.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq125.png
300 < T, <5000





OEBPS/images/40623_2020_1297_Article_TeX_IEq367.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq246.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq124.png
10° < N, < 102m73





OEBPS/images/40623_2020_1297_Article_TeX_IEq366.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq245.png
6CI‘OSS





OEBPS/images/40623_2020_1297_Article_TeX_IEq127.png
01<T,/T; <5





OEBPS/images/40623_2020_1297_Article_TeX_IEq369.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq248.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq126.png
300 < T; <3000





OEBPS/images/40623_2020_1297_Article_TeX_IEq368.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq247.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq20.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq129.png
max(ptrue - 057 O)





OEBPS/images/40623_2020_1297_Article_TeX_IEq128.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq249.png
Pt vatia = 100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq22.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq21.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq24.png
gbest





OEBPS/images/40623_2020_1297_Article_TeX_IEq23.png
pbest;





OEBPS/images/40623_2020_1297_Figa_HTML.png
Monte Carlo Simulation:

x 2000

Uniform

Selection

=

< random -

Xtrue

A\ 4

>
x 100

Estimation

using PSO

Probabilistic Analysis of Results:

Fitted lon Composition

lon Compositio

n Ambiguous

0.4 0.5 0.6
True lon Composition

0.7

0.8

Fluctuation Percentage (%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq15.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq14.png
<50





OEBPS/images/40623_2020_1297_Article_TeX_IEq17.png
Te/Ti;





OEBPS/images/40623_2020_1297_Article_TeX_IEq16.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq19.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq18.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq350.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq352.png
vi(t)





OEBPS/images/40623_2020_1297_Article_TeX_IEq110.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq231.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq351.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq230.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq354.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq112.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq233.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq353.png
x; (1)





OEBPS/images/40623_2020_1297_Article_TeX_IEq111.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq232.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq356.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq114.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq235.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq355.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq113.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq234.png
0 <0.5%





OEBPS/images/40623_2020_1297_Article_TeX_IEq358.png
max_count_const





OEBPS/images/40623_2020_1297_Article_TeX_IEq116.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq237.png
O-COI' rect





OEBPS/images/40623_2020_1297_Article_TeX_IEq357.png
gbest





OEBPS/images/40623_2020_1297_Article_TeX_IEq115.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq236.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq118.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq239.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq359.png
count_const_init





OEBPS/images/40623_2020_1297_Article_TeX_IEq117.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq238.png
O incorrect





OEBPS/images/40623_2020_1297_Article_TeX_IEq11.png
H+





OEBPS/images/40623_2020_1297_Article_TeX_IEq10.png
0+





OEBPS/images/40623_2020_1297_Article_TeX_IEq119.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq13.png
p=n(M")/N,





OEBPS/images/40623_2020_1297_Article_TeX_IEq12.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq48.png
C2>O





OEBPS/images/40623_2020_1297_Article_TeX_IEq47.png
Cl>0





OEBPS/images/40623_2020_1297_Article_TeX_IEq49.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq220.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq341.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq340.png
0 <6 =0.05%





OEBPS/images/40623_2020_1297_Article_TeX_IEq343.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq101.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq222.png
0=0.01%





OEBPS/images/40623_2020_1297_Article_TeX_IEq100.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq221.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq342.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq345.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq103.png
DoF





OEBPS/images/40623_2020_1297_Article_TeX_IEq224.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq344.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq102.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq223.png
Pt vatia = 10%





OEBPS/images/40623_2020_1297_Article_TeX_IEq40.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq347.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq105.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq226.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq346.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq104.png
DoF =M - P





OEBPS/images/40623_2020_1297_Article_TeX_IEq225.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq42.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq349.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq107.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq228.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq41.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq348.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq106.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq227.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq44.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq109.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq43.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq108.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq229.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq46.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq45.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq37.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq36.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq39.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq38.png
¢ €0, 1]





OEBPS/images/40623_2020_1297_Article_TeX_IEq330.png
Oth(Ne)PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq211.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq332.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq210.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq331.png
Oth(Ne and Te)PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq213.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq334.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq212.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq333.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq215.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq336.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq214.png
0 < 10%





OEBPS/images/40623_2020_1297_Article_TeX_IEq335.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq31.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq217.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq338.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq30.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq216.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq337.png
lel > 1%





OEBPS/images/40623_2020_1297_Article_TeX_IEq33.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq219.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq32.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq218.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq339.png
Peorect = 100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq35.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq34.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq170.png
Nrep





OEBPS/images/40623_2020_1297_Article_TeX_IEq291.png
Peorect = 100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq290.png
Om = 0.05%





OEBPS/images/40623_2020_1297_Article_TeX_IEq172.png
N correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq293.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq171.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq292.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq163.png
Nt vatid





OEBPS/images/40623_2020_1297_Article_TeX_IEq284.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq162.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq283.png
P fit valid & correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq165.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq286.png
O MCLM





OEBPS/images/40623_2020_1297_Article_TeX_IEq164.png
2 2
Xr(X) < X7 max





OEBPS/images/40623_2020_1297_Article_TeX_IEq285.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq167.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq288.png
le] < 1%





OEBPS/images/40623_2020_1297_Article_TeX_IEq166.png
Niotat = Nyc - Nrep





OEBPS/images/40623_2020_1297_Article_TeX_IEq287.png
0 > |€|





OEBPS/images/40623_2020_1297_Article_TeX_IEq169.png
Nrep





OEBPS/images/40623_2020_1297_Article_TeX_IEq168.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq289.png
P correct





OEBPS/images/40623_2020_1297_Fig8_HTML.png
Iterations (num)

Average Computing Time (sec)

Average Computing Time (sec)

Average Number of Iterations

O T SCER Toin SRl SRR SSCE SEEE EEEES Rde At EEL S
P e s T 1Ire el LT
495 - e A e a1y -N 8.
- - _<> S N PR 4
~ <. o, ~a-
490 - S~ S 3
~ % n
485 = |_.gp—- PSO[Param. 1] - 4 parameters (N, T, T, p) 9\ DR Py,
450 - —-¥—- PSO [Param. 1] - 3 parameters (T, T,, p) given N_ hS . to” ,f
—-3¢=- PSO [Param. 1] - 2 parameters (Ti, p) given Ne and TeITi ') N ,
475 + —-=4—- PSO [Param. 1] - 2 parameters (T;, p) givenN_and T Ss 4 ,' 4
- - PSO[Param. 2] - 4 parameters (N_, T_, T;, p) X
470 - |- g- PSO [Param. 2] - 3 parameters (T, T, p) given N, 2
465 - — ©- PSO [Param. 2] - 2 parameters (Ti, p) given Ne and Te/Ti 1
~ &~ PSO [Param. 2] - 2 parameters (Ti, p) given Ne and Te
460 i H N I I I H H HI I | H H PR S A | H H I R R R At
102 10”" 10° 10’ 102
Fluctuation Percentage ( 6(%) )
- Average Computing Time vs. Number of Iterations
; T T T T T T T T T T T T T T
7.6 b
7.5 b
7.4 b
73 b
7.2 b
71 o8 b
7L B 7’ \‘ a
[ £ .7 @
6.9 = b
ad 5} Q%\
6.8 - ,0\ ) IR g o
6.7 - °-\1_\~ i o b7 ?*_N_ —L--09 W .
6.6 - \\\\~~‘:§___8——T_—T_,:\_—_8._e ————— b
6.5 1 I A | I 1 I 1 I I 1 I I I
472 474 476 478 480 482 484 486 488 490 492 494 496 498 500 502
Iterations (num)
- Average Computing Time vs. PSO Configuration
. T T T T
76 F 1 _
== t .
74+ + .
il ) == — —
72k = i : ]
71F + .
7r o . ] b
oof [ ] ] == B
6.8 —_ . ; 4
—i O
ol .
6.6 - o ; i
6.5 L ! ! -

(Ne, T, T, p) (Te, T, p) given N, (Ti’ p) given N_ and Te/Ti (Ti’ p) given N_andT_





OEBPS/images/40623_2020_1297_Fig10_HTML.png
(%)

correct

0
Pﬁt valid & correct (%)

3 parameters (Te,T.,p) Given N

100

Pﬁt valid (%)
Pﬁt valid (%)
Pﬁt valid (%)

107! 10° 10 10?
Fluctuation Percentage ( §(%) )

0
1= 107 10° 10' 102 102
Fluctuation Percentage ( §(%) )

== == No Error
—8— +0.05%
—+—+£0.1%
50 (| +0.5%
—O— +1%
e 5%

30 | |—&— £10%
—<— +25%
20| —p— +50%
10 | |[—F— £100%

0,
correct (%)
0
correct (A')

102 107 16° 10 102 102

107 10° 10' 102 102 107"
Fluctuation Percentage ( §(%) )

10° 10 107
Fluctuation Percentage ( §(%) )

Fluctuation Percentage ( §(%) )

100
9

S =

3 3

e e

5 5

o o

o8 o3

2 =

s s

& z

o o
102 107 10° 10° 102 102 107 10° 10 102 1072 107! 10°

10’ 10’
Fluctuation Percentage ( 6(%) )

Fluctuation Percentage ( 6(%) ) Fluctuation Percentage ( 6(%) )





OEBPS/images/40623_2020_1297_Article_TeX_IEq280.png
P fit valid & correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq161.png
—

Ep = Ptrue — P





OEBPS/images/40623_2020_1297_Article_TeX_IEq282.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq160.png
N (xl,ul, 0'%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq281.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq152.png
2
X r,max





OEBPS/images/40623_2020_1297_Article_TeX_IEq273.png
Pt vatia (0 = 0.01%) ~





OEBPS/images/40623_2020_1297_Article_TeX_IEq394.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq151.png
2 2
Xr > Xr,max





OEBPS/images/40623_2020_1297_Article_TeX_IEq272.png
6th(no a priori) MCLM





OEBPS/images/40623_2020_1297_Article_TeX_IEq393.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq154.png
2 2
Xr > Xr,max





OEBPS/images/40623_2020_1297_Article_TeX_IEq275.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq396.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq153.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq274.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq395.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq156.png
Xtrue





OEBPS/images/40623_2020_1297_Article_TeX_IEq277.png
Oth(Ne and Te/Ti)MCLM





OEBPS/images/40623_2020_1297_Article_TeX_IEq398.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq155.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq276.png
Oth(Ne and Te/Ti) PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq397.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq158.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq279.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq157.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq278.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq399.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq159.png
N (xl,uo, og





OEBPS/images/40623_2020_1297_Fig9_HTML.png
3 Parameters (Te, Ti, p) given Ne

4 Parameters (Ne, Te, Ti, p)
25 : . . ; 25 .
--0-- PSO [Param. 1] i --0-- PSO [Param. 1]
--%-- PSO [Param. 2] i --%-- PSO [Param. 2]
2t ] 20 + :
2 :' 8 "
Q1571 ; Q15+ .
@© : © h
) : (@) !
c ¥ = /
O ! k) /
T 1f : 1 T 10 , 1
D . (o)) 7
8 ] 8 i
] ! %) ,’I
05Ff / 1 5t K 1
* F
*_*»k
200 N 0 | N N O I S *__*,_*-—*
0 e T St S . e @ oo )
107 1072 107" 10° 10° 102 1073 102 107! 10° 10° 10°
Fluctuation Percentage (%) Fluctuation Percentage d(%)
2 Parameters (Ti, p) given Ne and TelTi 2 Parameters (Ti, p) given Ne and Te
40 : T : T 50 . , . :
*
35 * | 45 + \
--0-- PSO [Param. 1] ~-©-- PSO [Param. 1] ¥ 1
--%-- PSO [Param. 2] 40 [ |--*-- PSO [Param. 2]
- 30 *’ ‘qe . I,' \
X X3 1
» o5 L i J » ,?*
o ; Q30+ . 1
- 20 : 1 - 25+ * 1
RS h 9
© T 20 ]
Sl * 1 S i
S S sl e i
n ‘ n
10 **‘ 1 ***
R 10 o X 1
5| k¥ 1 o
_______ ¥ K 5} i
¥*-7
107 1072 107" 10° 10° 102 1073 102 107! 10° 10’ 107
Fluctuation Percentage §(%)

Fluctuation Percentage 6(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq390.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq150.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq271.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq392.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq391.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq270.png
P correct ~





OEBPS/images/40623_2020_1297_Article_TeX_IEq141.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq383.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq262.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq140.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq382.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq261.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq143.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq385.png
6CI‘OSS





OEBPS/images/40623_2020_1297_Article_TeX_IEq264.png
0<0.2%





OEBPS/images/40623_2020_1297_Article_TeX_IEq142.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq384.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq263.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq145.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq387.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq266.png
P correct 2





OEBPS/images/40623_2020_1297_Article_TeX_IEq144.png
[xtrue(1 - |€|/1OO)7 xtrue(1 + |€|/1OO)]





OEBPS/images/40623_2020_1297_Article_TeX_IEq386.png
Pcorrect = 50%





OEBPS/images/40623_2020_1297_Article_TeX_IEq265.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq147.png
2
X r,max





OEBPS/images/40623_2020_1297_Article_TeX_IEq389.png
O MCLM





OEBPS/images/40623_2020_1297_Article_TeX_IEq268.png
Oth(Ne) PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq146.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq388.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq267.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq149.png
P(x? > X2a) = 0.00317%





OEBPS/images/40623_2020_1297_Article_TeX_IEq148.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq269.png
Oth(Ne and Te)PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq381.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq260.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq380.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq130.png
min(Pyee + 0.5, 1)





OEBPS/images/40623_2020_1297_Article_TeX_IEq372.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq251.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq371.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq250.png
max_count_const+count_const_init





OEBPS/images/40623_2020_1297_Article_TeX_IEq132.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq374.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq253.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq131.png
P true





OEBPS/images/40623_2020_1297_Article_TeX_IEq373.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq252.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq134.png
2Ti Jrue





OEBPS/images/40623_2020_1297_Article_TeX_IEq376.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq255.png
Pt vatia = 85%





OEBPS/images/40623_2020_1297_Article_TeX_IEq133.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq375.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq254.png
Pt vatia = 100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq136.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq378.png
5(%)





OEBPS/images/40623_2020_1297_Article_TeX_IEq257.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq135.png
H





OEBPS/images/40623_2020_1297_Article_TeX_IEq377.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq256.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq138.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq259.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq137.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq379.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq258.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq139.png
-+





OEBPS/images/40623_2020_1297_Article_TeX_IEq400.png
5(%)





OEBPS/navigation.xhtml

    
      Contents


      
        		Performance evaluation of the particle swarm optimization algorithm to unambiguously estimate plasma parameters from incoherent scatter radar signals


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/40623_2020_1297_Fig2_HTML.png
_
a
e
)
o
<
5]
o
<
o
]
5]
n
j

[ Search Range
- ma)((p‘rue -05,0)

— min(ptrue +0.5,1)

0.1 02 03 04 05 06 07 08 09
True Input lon Composition (p, )





OEBPS/images/40623_2020_1297_Article_TeX_IEq91.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq90.png
J(x)





OEBPS/images/40623_2020_1297_Article_TeX_IEq93.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq92.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq95.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq94.png
SN





OEBPS/images/40623_2020_1297_Article_TeX_IEq97.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq96.png
DoF





OEBPS/images/40623_2020_1297_Article_TeX_IEq99.png
Ji(x)





OEBPS/images/40623_2020_1297_Article_TeX_IEq98.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq69.png





OEBPS/images/40623_2020_1297_Fig7_HTML.png
Standard Deviation Standard Deviation Standard Deviation

Standard Deviation

PSO [Param. 1] -4 parameters (Ne, Te, Ti, p)

10°
107"
1 0.2( —O— %ormect
=% Tincorect
o = 0017
3
10 =s=s=s Tyerm = 910
-—— 0= 0.1679
P N Foross = 35
102 107" 10° 10° 102
Fluctuation Percentage ( (%) )
PSO [Param. 1] - 3 parameters (Te, Ti, p) given Ne
O T T T
10 P ]
T > ¢
1 0-2 —0— %ormect J
=% %incorrect
3 g = 000122
107¢ e Tyowm = 9730 |3
-—— 0= 0.1630
107 X e Boross = 150
102 107" 10° 10° 102

Fluctuation Percentage ( (%) )

PSO [Param. 1] - 2 parameters (Ti, p) given Ne and TeITi
10° " " "

1 0-1 e g~
102+ —O— %eorrect
=X Trcomect
" gy = 0150
10 I Tyom = /50
- = — o_,=0.1685
( sat
o Fiross = 23.0
1072 107! 10° 10’ 102

Fluctuation Percentage ( 6(%) )

PSO [Param. 1] - 2 parameters (Ti’ p) given Ne and Te
( . . r :

10
10-1 L
102 | —— Yeomeat
=% Tjncomect
3l o = 01150
10 A o = 9150
— = = 0, =0.1661
D L Bir0ss = 55:0
1072 107! 10° 10’ 102

Fluctuation Percentage ( §(%) )

Standard Deviation Standard Deviation Standard Deviation

Standard Deviation

PSO [Param. 2] - 4 parameters (Ne, Te, Ti, p)

10° /
107!
10_2( —O0— %eomect
=X incomect
o = 0019
107 - Tycum = 910
-—— Oy = 0.1655
ot b e Fiross = 35
102 107" 10° 10" 102
Fluctuation Percentage ( 6(%) )
PSO [Param. 2] - 3 parameters (Te, Ti, p) given Ne
100 T T T /
ol
10-2 L —0— %eomect
=X Tincorect
g = 079125
10'3 d ———— Tyom = /30
-—— = 0.1636
10_4 ............ dcmss =15.0
102 107" 10° 10' 102

Fluctuation Percentage ( 6(%) )

PSO [Param. 2] - 2 parameters (Ti’ p) given Ne and TeITi
10° ' ‘ ‘

107"
10'2 s —0— %omrect
=¥ incomect
. Oost™ /50
10 I TyoLm = /50
- — — o_,=0.1684
( sat
N — Foross = 23.0
1072 107! 10° 10’ 102

Fluctuation Percentage ( (%) )

PSO [Param. 2] - 2 parameters (Ti, p) given Ne and Te
100 i T T H

10-1 L
102 | —O— Yeomect
=X %ncomect
3l o = 01150
10 N Tycim = 91150
- - ”sal=0'1661
D - L Bir0ss = 55:0
1072 107! 10° 10’ 102

Fluctuation Percentage ( §(%) )





OEBPS/images/40623_2020_1297_Article_TeX_IEq200.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq321.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq320.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq60.png
Wmin





OEBPS/images/40623_2020_1297_Article_TeX_IEq202.png
Pt vatia = 100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq323.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq201.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq322.png
Oth(Ne and Te/Ti) PSO





OEBPS/images/40623_2020_1297_Article_TeX_IEq62.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq204.png
0<0.1%





OEBPS/images/40623_2020_1297_Article_TeX_IEq325.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq61.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq203.png
Pt vatia < 50%





OEBPS/images/40623_2020_1297_Article_TeX_IEq324.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq64.png
c1 = cy = 1.49445





OEBPS/images/40623_2020_1297_Article_TeX_IEq206.png
Pt vatia = 10%





OEBPS/images/40623_2020_1297_Article_TeX_IEq327.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq63.png
w = 0.729





OEBPS/images/40623_2020_1297_Article_TeX_IEq205.png
0=0.01%





OEBPS/images/40623_2020_1297_Article_TeX_IEq326.png
0>0.2%





OEBPS/images/40623_2020_1297_Article_TeX_IEq66.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq208.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq329.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq65.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq207.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq328.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq68.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq67.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq209.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq59.png
wmax





OEBPS/images/40623_2020_1297_Article_TeX_Equ5.png
P correct — N, correct/ N fit valid,





OEBPS/images/40623_2020_1297_Article_TeX_IEq58.png





OEBPS/images/40623_2020_1297_Article_TeX_Equ6.png
Pg valid & correct = Pg valid - Peorrect = Neorreet/Niotal -





OEBPS/images/40623_2020_1297_Fig5_HTML.png
Pfit valid (%)

(%)

correct

(%)

fit valid & correct

P

100 & ST — & @
90 —= i
- *
80 - # - PSO (limited range) - 4 parameters (N, T_, T,, p) x
701 - % - PSO (limited range) - 3 parameters (T, T, )glven N, -
60 — % = PSO (limited range) - 2 parameters (T| p) given N and T /T 1
— 4 - PSO (limited range) - 2 parameters (T, p) given N and T
50 —p— PSO (full range) - 4 parameters (Ne Te Ti p) 1
40 —~&— PSO (full range) - 3 parameters (T, T,, p) given N 1
30 —z— PSO (full range) - 2 parameters (Ti, p) given Ne and Te/Ti =
20 3 PSO (full range) - 2 parameters (Ti, p) given Ne and Te
10 3
102 107 10° 10" 102

Fluctuation Percentage ( 6(%) )

107 10° 10" 102
Fluctuation Percentage ( 6(%) )

O | L L '

10” 10° 10" 102
Fluctuation Percentage ( 6(%) )





OEBPS/images/40623_2020_1297_Article_TeX_Equ1.png
vij(t+ 1) =w-v;; (@) +ci(er) (pbest (1) — x;; (f)) + C2(p2) (gbest (1) — xij (f)) xij(@+1)=x;;(0)+v; @+ 1),





OEBPS/images/40623_2020_1297_Article_TeX_Equ2.png
, 1 i (mi — £ (x))?

Xr = DoF < 02

=1 1






OEBPS/images/40623_2020_1297_Article_TeX_Equ3.png
Somm (Xl po, 0, p1, 07) = @ - N (o, 05) + (1= @) - N (s, 07)





OEBPS/images/40623_2020_1297_Article_TeX_Equ4.png
Pt vatid = Nt valid/Neotals





OEBPS/images/40623_2020_1297_Article_TeX_IEq310.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq312.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq311.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq51.png
ci+cr <3





OEBPS/images/40623_2020_1297_Article_TeX_IEq314.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq50.png
Cl+62<2(a)+1)





OEBPS/images/40623_2020_1297_Article_TeX_IEq313.png
P fit valid & correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq53.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq316.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq52.png
Cr > Cq





OEBPS/images/40623_2020_1297_Article_TeX_IEq315.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq55.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq318.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq54.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq317.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq57.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq56.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq319.png
5th(no a priori)PSO ~





OEBPS/images/40623_2020_1297_Article_TeX_IEq2.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq4.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq3.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq80.png
max_count_const





OEBPS/images/40623_2020_1297_Article_TeX_IEq82.png
max_count_const





OEBPS/images/40623_2020_1297_Article_TeX_IEq301.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq81.png
count_const_init





OEBPS/images/40623_2020_1297_Article_TeX_IEq300.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq84.png
count_const_init





OEBPS/images/40623_2020_1297_Article_TeX_IEq303.png
Peorrect = 95.45%





OEBPS/images/40623_2020_1297_Article_TeX_IEq9.png
NO*





OEBPS/images/40623_2020_1297_Article_TeX_IEq83.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq302.png
0>0.2%





OEBPS/images/40623_2020_1297_Article_TeX_IEq86.png
X jmin
P <
Xi j





OEBPS/images/40623_2020_1297_Article_TeX_IEq305.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq85.png
count_const_init





OEBPS/images/40623_2020_1297_Article_TeX_IEq304.png
Tvicev = To-m - R/P





OEBPS/images/40623_2020_1297_Article_TeX_IEq6.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq88.png
Vjmin <V j <V J.max





OEBPS/images/40623_2020_1297_Article_TeX_IEq307.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq5.png
NO*





OEBPS/images/40623_2020_1297_Article_TeX_IEq87.png
X jmax
P>
Xi j





OEBPS/images/40623_2020_1297_Article_TeX_IEq306.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq8.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq309.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq7.png
M+





OEBPS/images/40623_2020_1297_Article_TeX_IEq89.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq308.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq71.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq70.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq73.png
Cr > Cq





OEBPS/images/40623_2020_1297_Article_TeX_IEq72.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq75.png
n =100





OEBPS/images/40623_2020_1297_Article_TeX_IEq74.png
ci+cr <3





OEBPS/images/40623_2020_1297_Article_TeX_IEq77.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq76.png
max_iterations





OEBPS/images/40623_2020_1297_Article_TeX_IEq79.png
count_const





OEBPS/images/40623_2020_1297_Article_TeX_IEq78.png
max_iterations





OEBPS/css/envelope.png





OEBPS/images/40623_2020_1297_Fig3_HTML.png
3 Parameters (T T p) given N

4Parameters(N T, T.p) b

o
o

Fitted lon Composition

Fitted lon Composition

0

— e i R L A ERARE
01 02 03 04 05 06 07 08 09
True lon Composition

2 Parameters (Ti, p) given Ne and TeITi

R b e

0.1

02 03 04 05 06 07 08 09
True lon Composition

1

4].

1

0.01

0.02

e
o
a

0.1

0.2

0.5

20

Fluctuation Percentage 6(%)

Fluctuation Percentage §(%)

Fitted lon Composition

e
IS

Fitted lon Composition
&
=

o
w

© o o S o o o
= IN) w N 3 o ~

o

0

0

I SN B b s

0.1

02 03 04 05 06 07 08 09
True lon Composition

2 Parameters (T., p) glven N and T

S L RGREET R S

il

NFCERGY I OO SN S

01 02 03 04 05 06 07 08 09 1
True lon Composition

20

0.01

0.02

o
o
o

0.1

0.2

0.5

20

Fluctuation Percentage §(%)

Fluctuation Percentage 6(%)





OEBPS/css/cc-by.png
() _®





OEBPS/images/40623_2020_1297_Fig11_HTML.png
Computing TimePSO/Computing Time, ,

300 T T T -| -
250 ==9o-_ =
200 TEO---6 <. i
-r--0
150 *N.o_ =
-~o-lJodlle--_o - - 9-_
== T O a
100 ~e|___o_ < .
s o ]
70~ ~ o ~ ]
—8---=-B8-_ pos =
60— - _g - 8-} o --- i O ]
508"~ "% ‘-Io-—-ﬂ-!_-s____'“\ﬂ---a- L ~ 1
40 - 3—-_$~~~ Nﬂ\\~s \‘Q 5 a
30 [- €~ PSO [Param. 2] - 4 parameters (N, T_, T., p) ~a S~ ~ < \u\ 2
— &~ PSO [Param. 2] - 3 parameters (T, T,, p) given N, B 8. ~J O~ ::
20 - — £)— PSO [Param. 2] - 2 parameters (T., p) given N_and T _/T. Rl - o 1>
o I e e 1 -:ﬁ
15 |- 4~ PSO [Param. 2] - 2 parameters (T, p)given N_and T,
10 L t O [ (O 0 | t L M R R A | P S A | L L AN 1 [ T O |
102 10™" 10° 10’ 104

Fluctuation Percentage ( 6(%) )





OEBPS/css/sidebar.gif





OEBPS/images/40623_2020_1297_Article_TeX_IEq196.png
0 <0.5%





OEBPS/images/40623_2020_1297_Article_TeX_IEq195.png
0<0.2%





OEBPS/images/40623_2020_1297_Article_TeX_IEq198.png
P correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq197.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq199.png
P fit valid & correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq190.png
IA

IA





OEBPS/images/40623_2020_1297_Article_TeX_IEq192.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq191.png
0 > 0.05%





OEBPS/images/40623_2020_1297_Article_TeX_IEq194.png
0> 10%





OEBPS/images/40623_2020_1297_Article_TeX_IEq193.png





OEBPS/images/40623_2020_1297_Fig4_HTML.png
Cases Outside of Wu et al. (20195)

Search Interval (%)

35

—<— 4 Parameters (Ne, Te, Ti, p)
—s7— 3 Parameters (Te, Ti, p) given Ne
—3¢— 2 Parameters (Ti’ p) given Ne and Te/Ti
30 ;

4} 2 Parameters (Ti, p) given Ne and Te

e

1072 10"

Fluctuation Percentage ( §(%) )

10"





OEBPS/images/40623_2020_1297_Article_TeX_IEq185.png
Te/ Ti





OEBPS/images/40623_2020_1297_Article_TeX_IEq184.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq187.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq186.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq189.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq188.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq181.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq180.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq183.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq182.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq174.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq295.png
€ = £50%





OEBPS/images/40623_2020_1297_Article_TeX_IEq173.png
P fit valid & correct





OEBPS/images/40623_2020_1297_Article_TeX_IEq294.png
0.1% <6 < 10%





OEBPS/images/40623_2020_1297_Article_TeX_IEq176.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq297.png
Pt valid





OEBPS/images/40623_2020_1297_Article_TeX_IEq175.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq296.png
€ = £100%





OEBPS/images/40623_2020_1297_Article_TeX_IEq178.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq299.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq177.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq298.png





OEBPS/images/40623_2020_1297_Article_TeX_IEq179.png





OEBPS/images/40623_2020_1297_Fig6_HTML.png
Pfit valid (%)

(%)

correct

(%)

fit valid & correct

P

MCLM - 4 parameters (Ne, Te, Ti, p)
—B— MCLM - 3 parameters (Te, Ti, p) given Ne
—sp— MCLM - 2 parameters (Ti, p) given Ne and Te/Ti
2 V —f— MCLM - 2 parameters (Ti, p) given N and T,
#
60 , 4 ,/ - PSO [Param. 1] - 4 parameters (Ne, Te, TI, p)
50 , ‘4 /' == == PSO [Param. 1] - 3 parameters (Te, T, p) given Ne
. ,@ #/ === PSO [Param. 1] - 2 parameters (Ti, p) given Ne and Te/'l'i
40 - 7 P —=afe—= PSO [Param. 1] -2 parameters (Ti. p) given Ne and Te
30 - g’ ',/ — &= PSO [Param. 2] - 4 parameters (Ne, Te, Ti' p)
-3 ’,V — £~ PSO [Param. 2] - 3 parameters (Te, Ti, p) given Ne
20 v,.a" — €~ PSO [Param. 2] - 2 parameters (Ti, p) given Ne and Te/Ti I
10<r-"'- ~ 4~ PSO [Param. 2] - 2 parameters (Ti, p) given N, and T
0 H R S| L S R AR | . T S R A | . T S S R R
102 107 10° 10" 10

Fluctuation Percentage ( (%) )

L L R S S S | L L R S R S | L ' R S R R | L I '

10° 10" 10?
Fluctuation Percentage ( (%) )

107!

10” 10° 10° 102
Fluctuation Percentage ( 6(%) )





