Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Nonlinear 1D Time-Domain Electromagnetic
Inversion using Adaptive Differential Evolution:
Application to Volcanic-Hydrothermal System

Cahyo Aji Hapsoro

cahyo . ajihapsoro,.fmipa®um,ac. id

State University of Malang

Firman Qashdus Sabil
State University of Malang

Mochamad Khoirul Rifai
State University of Malang

Wahyu Srigutomo
Bandung Institute of Technology

Research Article

Keywords: Time-Domain Electromagnetic (TDEM), adaptive differential evolution (iL-SHADE), nonlinear
1D inversion, non-parametric statistical analysis, volcanic-hydrothermal system

Posted Date: August 13th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10521120/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Version of Record: A version of this preprint was published at Earth Science Informatics on October
17th, 2026. See the published version at https://doi.org/10.1007/s12145-026-02279-4.


https://doi.org/10.21203/rs.3.rs-10521120/v1
https://doi.org/10.21203/rs.3.rs-10521120/v1
https://doi.org/10.21203/rs.3.rs-10521120/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s12145-026-02279-4

O, I N VS B 8]

O o0 3 O

10
11
12
13

14

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Nonlinear 1D Time-Domain Electromagnetic Inversion using Adaptive

Differential Evolution: Application to Volcanic-Hydrothermal System

Cahyo Aji Hapsoro®!*, Firman Qashdus Sabil»?, Mochamad Khoirul Rifai*?,
Wahyu Srigutomo®*

“Geophysics Research Group, Department of Physics, Faculty of Mathematics and Natural
Sciences, State University of Malang, JI. Semarang 5, Malang, 65145, Indonesia
bPhysics of Earth and Complex Systems, Physics Department, Faculty of Mathematics and
Natural Sciences, Institut Teknologi Bandung, JI. Ganesa 10, Bandung, 40132, Indonesia

I https://orcid.org/0000-0003-0487-1308 (cahyo.ajihapsoro.fmipa@um.ac.id)
2 https.//orcid.org/0009-0009-4334-2506 (firman.qashdus.2503218@students.um.ac.id)
3 https://orcid.org/0000-0002-3900-7678 (moch.khoirul.rifai@um.ac.id)
* https://orcid.org/0000-0001-6483-2410 (srigutomo@itb.ac.id)

*Corresponding Author: cahyo.ajihapsoro.fmipa@um.ac.id

ABSTRACT

Time-Domain Electromagnetic (TDEM) subsurface resistivity inversion is a highly
nonlinear, ill-posed optimization problem hindered by parameter coupling, layer equivalence,
and local minima trapping. To address these challenges, this study presents an advanced
stochastic inversion framework based on Improved Linear Population Size Reduction Success-
History Based Adaptive Differential Evolution (iL-SHADE). The algorithm incorporates
dynamic memory-driven parameter adaptation and linear population size reduction to balance
global exploration and local exploitation, eliminating the need for manual tuning of mutation
and crossover parameters. Evaluated over 30 independent stochastic runs across four distinct
5-layer synthetic earth models (Ascending, Bell, Bowl, and Descending), iL-SHADE achieved
superior solution quality, reaching median misfits of 10® to 10, outperforming standard DE
and SHADE by 2 to 4 orders of magnitude. Non-parametric Wilcoxon rank-sum hypothesis
testing confirmed that these performance enhancements are statistically significant (p < 0.01).
Noise robustness assessments demonstrated consistent convergence to noise-floor-bounded
minima under Gaussian noise levels up to 20%. Field data validation at Station UZ01 on Unzen
Volcano, Japan (1.4 km grounded electric wire transmitter, 2.0 km offset) successfully resolved

the 5-layer subsurface structure extending to a depth of 5.6 km. These results demonstrate that
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iL-SHADE provides a highly robust, parameter-adaptive optimization framework for reliable

electromagnetic imaging in complex volcanic-hydrothermal systems.

Keywords: Time-Domain Electromagnetic (TDEM); adaptive differential evolution (iL-
SHADE); nonlinear 1D inversion; non-parametric statistical analysis; volcanic-hydrothermal

system.

1. INTRODUCTION

Electrical resistivity has long been recognized as one of the most informative physical
properties for characterizing subsurface geological structures (Akingboye, 2025; Xia et al.,
2026) because it is highly sensitive to variations in lithology (Nielsen et al., 2026), fluid
saturation, porosity (Grana et al., 2026), temperature (Xia et al., 2026), and hydrothermal
alteration (Revil & Gresse, 2021). Reliable resistivity imaging is therefore fundamental for a
wide range of geophysical applications, including mineral and groundwater exploration
(Aizawa et al., 2009; Akingboye, 2025), geothermal reservoir characterization (Aizawa et al.,
2009; Revil & Gresse, 2021), environmental investigations (Xia et al., 2026), and volcanic
monitoring (Aizawa et al., 2009; Caudron et al., 2023). In volcanic and geothermal systems,
subsurface resistivity imaging becomes particularly important because hydrothermal alteration,
fracture networks, and fluid circulation generate highly heterogeneous electrical structures that
cannot be reliably characterized using surface observations alone (Lin et al., 2023). Among the
available electromagnetic methods, Transient Electromagnetic (TEM) or Time-Domain
Electromagnetic (TDEM) surveying has become an established technique due to its capability
to provide high-resolution resistivity information over a broad depth range while maintaining
operational efficiency in complex field environments (Akingboye, 2025; Rulff et al., 2026). By
measuring the transient decay of induced electromagnetic fields after the transmitter current is
suddenly terminated, TDEM enables the reconstruction of subsurface resistivity distributions
that are closely associated with geological and hydrogeological features (Rulff et al., 2026).
Consequently, the reliability of geological interpretation derived from TDEM surveys depends
critically on the accuracy and robustness of the inversion process used to transform measured
transient responses into physically meaningful resistivity models (Hapsoro et al., 2021; Zhang
et al., 2025).

TDEM inversion is a highly nonlinear and ill-posed optimization (Hapsoro et al., 2021;
Srigutomo et al., 2021) problems in which multiple subsurface models may produce nearly
indistinguishable responses. This non-uniqueness is further exacerbated by measurement noise

(Falk et al., 2025; Haber et al., 2007), limited data coverage (Falk et al., 2025; Heagy et al.,
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2017), and the strong coupling between model parameters (Hapsoro et al., 2021; Wang et al.,
1994), resulting in a complex objective function characterized by multiple local minima.
Furthermore, strong trade-offs between layer resistivity and thickness are commonly revealing
equivalent models that fit the observed responses equally well, thereby increasing inversion
ambiguity and reducing model reliability (Franz et al., 2021; Maurya et al., 2023). As model
complexity increases, particularly for multilayered resistivity structures commonly
encountered in volcanic and geothermal environments, the search space expands substantially,
making it increasingly difficult to obtain stable and globally optimal solutions (Horikawa &
Kusumoto, 2025; Lindsey & Newman, 2015; Pollack et al., 2021). Such characteristics
substantially increase the difficulty of navigating the inversion landscape, where an
optimization algorithm must simultaneously preserve population diversity during global
exploration while ensuring stable convergence toward physically meaningful solutions.
Consequently, the performance of TDEM inversion is governed not only by data quality and
forward modelling accuracy, but also by the capability of the optimization algorithm (Hapsoro
et al., 2021; Srigutomo et al., 2021) to effectively balance global exploration and local
exploitation while maintaining convergence stability.

To overcome the challenges associated with nonlinear and multimodal inverse problems,
numerous inversion strategies have been developed over the past decades. Conventional
deterministic approaches, such as Gauss—Newton (Blanchy et al., 2020; Chen & Sacchi, 2020),
Levenberg—Marquardt (Bergou et al., 2022), and Occam-type (de Groot-Hedlin & Constable,
1990) inversion, have been widely adopted because of their computational efficiency and rapid
convergence when the initial model is sufficiently close to the true solution (Laloy et al., 2019;
Puzyrev & Swidinsky, 2021). Nevertheless, their performance commonly deteriorates for
highly nonlinear inverse problems due to their dependence on initial parameter estimates (Bai
et al,, 2021) and their susceptibility to becoming trapped in local minima (Puzyrev &
Swidinsky, 2021). These limitations have motivated the increasing adoption of global
optimization algorithms, including Genetic Algorithms (GA) (Dossi et al., 2021; Ekinci et al.,
2023), Particle Swarm Optimization (PSO) (Hapsoro et al., 2021), Simulated Annealing (SA)
(Anthony et al., 2022; Brown et al., 2022; Srigutomo et al., 2021), and Differential Evolution
(DE) (Price et al., 2005), which employ stochastic search mechanisms to explore the solution
space more comprehensively. Among these approaches, DE has attracted considerable attention
owing to its simple implementation (Das & Suganthan, 2011; Price et al., 2005; Storn & Price,

1997), relatively small number of control parameters (Das & Suganthan, 2011; Price et al.,
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2005), and strong capability to locate near-global solutions across a wide range of continuous
optimization problems (Das & Suganthan, 2011), including geophysical inversion.

Although classical DE has demonstrated competitive performance in solving nonlinear
optimization problems, its application to TDEM inversion remains challenged by the selection
of mutation and crossover parameters, which are typically assigned fixed values throughout the
optimization process. The use of static parameter settings frequently lack the flexibility to
address the dynamic search requirements that arise during different evolutionary phases (Price
et al., 2005; Zhang & Sanderson, 2009), leading to reduced population diversity (Zhu et al.,
2020; Zuo & Gao, 2025), premature convergence (Tanabe & Fukunaga, 2013), and stagnation
in solving highly nonlinear inverse problems (Tanabe & Fukunaga, 2014). To address these
limitations, adaptive variants of DE have been developed to automatically regulate search
behavior according to the optimization progress. Success-History based Adaptive Differential
Evolution (SHADE) introduces historical parameter memory that continuously updates
mutation and crossover factors using successful search experiences (Stanovov et al., 2021;
Tanabe & Fukunaga, 2014), thereby this algorithm provides improving the balance between
global exploration and local exploitation. Subsequent developments, including Linear
Population Size Reduction SHADE (L-SHADE) and its improved variants, further enhance
search efficiency through adaptive population control and refined evolutionary strategies,
aiming to achieve faster convergence while preserving solution quality in increasingly complex
optimization landscapes (Brest et al., 2016).

Despite the remarkable progress achieved by adaptive DE algorithms, their superiority
has been demonstrated predominantly on mathematical benchmark functions and generic
continuous optimization problems. However, the effectiveness of these adaptive strategies
cannot be directly generalized to TDEM inversion, where nonlinear forward responses
(Puzyrev & Swidinsky, 2021; Ren & Kalscheuer, 2020), strong parameter coupling (Bai et al.,
2021; Glubokovskikh et al., 2023), model equivalence (Liu et al., 2021), and progressively
increasing model complexity fundamentally alter the characteristics of the optimization
landscape (Hapsoro et al., 2021; Price et al., 2005; Ren & Kalscheuer, 2020). Consequently, it
remains insufficiently understood how successive adaptive mechanisms within the DE
algorithm influence convergence behavior, solution stability, and inversion accuracy as the
complexity of TDEM inverse problems increases. Addressing this knowledge gap requires a
systematic evaluation that extends beyond conventional benchmark functions and examines
the practical robustness of adaptive search mechanisms under both controlled synthetic models

and field geophysical data observations.
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Motivated by these challenges, this study systematically investigates the evolutionary
progression of adaptive DE strategies for solving TDEM inverse problems. This work
investigates how successive developments in adaptive parameter control and population
management influence convergence behavior, solution stability, and inversion accuracy across
progressively more challenging inversion scenarios. The proposed investigation is conducted
using a hierarchical validation framework consisting of synthetic multilayer models with
varying complexity, followed by application to TDEM field data acquired from a volcanic
environment. By progressively increasing inversion complexity from controlled synthetic
models to TDEM field data, the proposed algorithm enables a systematic evaluation of the
robustness and practical effectiveness of adaptive search mechanisms under realistic

geophysical conditions.

2. METHODS
2.1. TDEM Forward Modeling

Time-Domain Electromagnetic (TDEM) surveying operates on the principle of transient
electromagnetic field diffusion resulting from the sudden termination of a primary electric
current flowing through a transmitter loop or a grounded horizontal electric dipole (HED)
source (Hapsoro et al., 2021; Srigutomo et al., 2021). During the current-on stage, a steady
primary magnetic field is established in the subsurface. When the transmitter current is abruptly
shut off, induced eddy currents diffuse outward and downward into the conductive subsurface
media, generating secondary transient electromagnetic fields that decay over time and are
recorded by magnetic field sensors at the surface. Because the transient diffusion rate is
inherently governed by the electrical conductivity and geometry of the subsurface structures,
the recorded decay response provides essential information regarding the subsurface electrical
resistivity distribution.

In this study, the source configuration is modeled as a grounded HED oriented along the
x-axis with current moment / dx, where / is the injected current intensity and dx represents the
dipole length. For a cut-off current waveform shut off at # = 0, the source current density

distribution jy(r, ?) is expressed as (Hapsoro et al., 2021),
js(r,t) = Idx 6(r —ro)[1 — H(t)]u, (1

where J(-) is the Dirac delta function, H(¢) is the Heaviside step function, ro specifies the
transmitter location, and uy is the unit vector along the dipole direction. Under the quasi-static

approximation valid for low-frequency geophysical electromagnetic applications (where
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displacement currents are negligible compared to conduction currents, we < ¢ ), the governing

Maxwell equations in the time domain are written as,

V x h(r,t) = a(r)e(r, t) + js(r,t) (2)
oh(r,t)
Vxe(rt) = —p—p; (3)

where e and h denote the electric field (V/m) and magnetic field intensity (A/m), respectively,
(o =4m x 107 H/m is the magnetic permeability of free space, and o(r) represents the subsurface
electrical conductivity (S/m), which is inversely related to electrical resistivity by ¢ = 1/p.
To avoid source singularities in the time domain and facilitate the solution of boundary
value problems in layered media, the governing equations are transformed into the s-plane via
the Laplace transform (iw — s). In a source-free region within the i-th layer (zi.1 <z <z) (Fig.

1), Maxwell equations in the Laplace domain become
V X Hi = O-iEl' (4)

V X Ei = —SBl’ = —S‘LlOHl' (5)
To solve Egs. 4 and 5, a magnetic vector potential A (A/m?) is introduced such that the magnetic

field is expressed as

1
Hi:—VXAi (6)

ON
Fig. 1. The layered earth model employed in this study, where z; denotes the depth to the
bottom of the j-th layer, o; represents its conductivity, and /; denotes the thickness of the j-th

layer.
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Exploiting the horizontal symmetry of the HED dipole aligned along the x-axis over a
1D horizontally layered earth, the y-component of the vector potential vanishes (A; = 0),

leaving two non-zero components that satisfy decoupled scalar Helmholtz equations,
V24, + kA, =0 (7

vzAiz + kizAiz =0 (8)
By applying boundary conditions across the horizontal layer interfaces, the vertical component

of the magnetic field H-(s) at an offset distance
p=x?+y?
from the transmitter is obtained via the Hankel transform integral

Idxy

Hy(s) = f 2[e™% + 1 (2, )e™07]]; (Ap) dA ©)

where

= \/AZ + S,Lloo-o (10)

and y denotes the receiver offset in the y-direction, Ji(*) is the first-order Bessel function of the
first kind, and r1E (4, s) represents the transverse electric (TE) reflection coefficient evaluated
recursively from the layered earth conductivity-thickness model using the recursive impedance
formulation (Hapsoro et al., 2021). Numerical integration of Eq. 9 over the spatial wavenumber
domain is executed efficiently using digital linear filter algorithms (Anderson, 1979).

To transform the vertical magnetic field response from the Laplace domain H-(s) into the
time domain A(f), the inverse Laplace transform is evaluated numerically using the Gaver—

Stehfest algorithm (Hapsoro et al., 2021; Kuznetsov, 2013)

ln?2

h(®) ——ZKZH (5050 = —— (1

where L is the number of expansion terms (set to L = 8 in this study for optimal precision and

numerical stability), and the weighting coefficients K; are computed as
min(l,L/2)
kL/2(2k)!

(%—k)! k! (k— 1! (L= k)! 2k — 1)

K, = (-1t (12)

l+1J
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The transient decay response % (f) recorded post current shut-off (+ > 0) is obtained by
subtracting the dynamic transient response from the steady-state DC field 4pc (calculated as s

h_(t) = hpc — h(t) 13)

Finally, considering fluxgate magnetometer sensors that directly record magnetic flux density
B rather than its time derivative dB/dt (thereby enhancing sensitivity to highly conductive
subsurface targets), the B-(¢) is calculated as (Hapsoro et al., 2021),

B,(t) = uo h_(t) (14)

2.2. Canonical Differential Evolution

Difterential Evolution (DE) is a robust, population-based, stochastic metaheuristic global
optimization algorithm designed for continuous parameter spaces (Price et al., 2005; Storn &
Price, 1997). Canonical DE begins with a N,-population (IP) of candidate solutions represented
as real-valued vectors X, referred to as individuals. The initial population is generated randomly
from a uniform probability distribution within the predefined Q € RP, D-dimensional, search
space. Subsequently, DE iteratively evolves the population through mutation, crossover, and
selection at each generation. The iteration is terminated when a specified stopping criterion is
satisfied, for example, the maximum number of iterations or the target error threshold has been
reached. The iterative procedure consists of four sequential phases, follow the procedure of
Price et al. (2005), namely (1) population initialization, (2) mutation phase, (3) binomial

crossover phase, and (4) greedy selection phase.

2.2.1. Population Initialization

During the initialization process, the lower bound Xonin = [Xmin,1 Xmin,2» > Xmin,p] and
upper bound Xonax = [Xmax 1, Xmax 2, - Xmax,p] Of the search space are defined. An initial
population of N, candidate solutions is generated by uniformly sampling each model parameter
within its predefined lower and upper bounds. Then, the candidate solution for the j-th

dimension, j € {1, 2, ..., D}, of the i-th individual, i € {1, 2, ..., Np}, is initialized as
xl-,j = xmin,j + URand(O, 1) X (xmax,j - xmin,j)' (15)
where Xmin, ; and xmax, ; denote the lower and upper search bounds of the j-th model parameter,

respectively, and URand(0,1) is a uniformly distributed random number in the interval [0,1].

This initialization strategy ensures that the initial population is uniformly distributed
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throughout the feasible search space, thereby this strategy provides promoting population

diversity during the early stage of the optimization process.

2.2.2. Mutation Phase

After initialization, each individual xi(G)in the in current generation population (G) is
referred to as the target vector. During the mutation process, for each target vector, a scaled
difference vector is added to a base vector to generate a new vector called the mutant vector
vl-(G). The mutation operator constitutes the primary search mechanism in DE, controlling the

balance between exploration and exploitation. Three classical mutation strategies commonly

adopted in DE-based optimization as shown in Table 1 (Sun et al., 2021).

Table 1. Classical mutation strategies commonly adopted in DE-based optimization.

Name Mutation Strategies

DE/Rand/1/bin

!

G = )_()rl,G +F- ()_()rz,G - )_()r3,G)'

e~

1

DE/Best/1/bin 6 = Xpestg + F - (Xr 6 — Xy 6)

DE/Current-to-best/1/bin [71',0 = )_()l.’G +F- (}?best,G - )?i.G) +F- ()?rl,G _ )_()rz,G)

Here, r1, 72, and r3 are mutually distinct random integer indices selected from the population

{1, ..., Np} and satisfy
TFETFIr3FIL (16)

where i is the target vector index. The vector X pest,c denotes the individual with the lowest
objective function value in generation G, while F' € [0,2] is the mutation scaling factor
controlling the amplification of the differential vector. Among the classical mutation strategies,
DE/rand/1/bin provides strong exploration capability but generally exhibits relatively slow
convergence. In contrast, DE/Best/1/bin and DE/Current-to-best/1/bin achieve faster
convergence through enhanced exploitation; however, they are more susceptible to premature

convergence due to the rapid loss of population diversity (Baig et al., 2023; Popic€ et al., 2025).

2.2.3. Binomial Crossover Phase

DE employs a binomial crossover operator to recombine the target vector with its
corresponding mutant vector in order to enhance population diversity (Chauhan et al., 2025;
Yang et al., 2024). This operation generates a trial vector U; ¢, by selecting each parameter
independently from either the mutant or the target vector according to the crossover probability.

The crossover rule is defined as
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v;iq, 1f Urand(0,1) < CR or j = jrand,
oy :{ i,j,G ( ) ] Jrand (17)

Xij,Gr otherwise,
where Cr € [0,1] denotes the crossover rate controlling the probability of inheriting parameters
from the mutant vector, and jrand € [1, D] is a randomly selected parameter index that guarantees
at least one decision variable is inherited from the mutant vector. Consequently, the trial vector
always differs from the target vector by at least one parameter, thereby preventing redundant

offspring and promoting effective exploration of the search space.

2.2.4. Greedy Selection Phase

Following mutation and crossover, both the i-th target vector xl-(G) and the i-th
corresponding trial vector U; ; are evaluated using the objective function f'(-). A greedy one-
to-one selection strategy is then applied to determine the survivor for the next generation
(Ghosh et al., 2017; Stanovov et al., 2021). Specifically, the trial vector replaces the target
vector only if it produces an equal or lower objective function value(Ghosh et al., 2017). The

selection rule is expressed as Eq. 18,

N (18)

. {ﬁi,a, if f(Us6) < f(Xic),
LG+l = -
Xic otherwise,

where f(+) is the objective function to be minimized, f (ui(G)) is the fitness of the trial vector,

and f (xl-(G)) is the fitness of the target vector. The greedy selection mechanism ensures that the
objective function value of each surviving individual never deteriorates between successive
generations, thereby providing a monotonic improvement in the overall population while

preserving the population size.

2.3. Modified Differential Evolution Algorithm for TDEM Inversion

The performance of DE is strongly influenced by its control parameter settings, mutation
strategy, and the characteristics of the optimization problem being addressed. Cheng et al.
(2023) reported that the recommendations for manually configuring DE parameters are often
inconsistent and even contradictory, while the theoretical foundation for selecting optimal
parameter values remains limited (Zhu et al., 2020). Furthermore, the population plays different
optimization roles throughout the evolutionary process. During the early generations, the
population should emphasize aggressive exploration to extensively investigate the search space
(Epitropakis et al., 2008; Zuo & Gao, 2025). In contrast, during the later generations, the search

should gradually shift toward exploitation by focusing on a narrower region surrounding

10
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promising solutions (Epitropakis et al., 2008; Zuo & Gao, 2025). Consequently, achieving
satisfactory optimization performance generally requires problem-specific parameter tuning.
However, determining suitable parameter values through manual trial-and-error is
computationally expensive and time-consuming (Ekinci et al., 2023; Pamplona et al., 2025;
Zhang & Sanderson, 2009).

Instead of manually selecting the control parameters, numerous studies have proposed
adaptive variants of DE in which the algorithm automatically adjusts its parameters during the
evolutionary process. Zhang & Sanderson (2009) introduced the JADE algorithm, which
employs an optional external archive together with the DE/current-to-pbest/1/bin mutation

strategy. The mutation strategy is defined as,

-

Vie =X +F- (X)pbest,G - X)i,G) +F - (Xrl,G - }?rz,c) (19)

where )?pbest,c is randomly selected from the top (100p%, p € [0,1]) best individuals in the

current population [P, X ic and )_()rl,G are randomly selected from the current population P,

whereas )?rz,g is randomly selected from the union of the current population and the external
archive (P U A), with i # r; # r,. The DE/current-to-pbest/1/bin mutation strategy effectively
balances the exploration and exploitation capabilities of DE (Meng & Pan, 2019; Zhang &
Sanderson, 2009). The external archive is initially empty (A = @) and subsequently stores
parent vectors that are discarded during the selection process in Eq. 18. Once the archive A
reaches its maximum capacity, one archived solution is randomly removed to maintain the
predefined archive size, which is typically determined by the archive size ratio |A| = |P|.

In canonical DE, the scaling factor (F) and crossover rate (Cr) are also known to be
highly problem-dependent (Zhang & Sanderson, 2009). Therefore, JADE further introduces
adaptive parameter control for both F and Cr (Zhang & Sanderson, 2009), expressed as

( #r = (1 —c) - pp + c - mean,(Sg)

mean, (Sp) = ZFLFFZ
F = CRand(ﬂF, 0,1) h ) L Fr= ZFESFF (20)
where
Cr = NRand(ucy,0,1) per = (1 —¢) - per + ¢ - meany (S¢r)
ZCrESC Cr
S ——— —tr

where CRand(ug,0,1) is a random number generated from the Cauchy distribution with
location parameter uy and scale parameter 0.1. Meanwhile, NRand (i, 0,1) is generated from

a normal distribution with mean p.,. and standard deviation 0.1. The values of F =

11
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CRand(ug,0,1) and Cr = NRand(uc,,0,1) are constrained within the interval [0,1]. The
functions mean; (Sr) and meany (S.,) denote the Lehmer mean of the set Sr and the arithmetic
mean of the set Scr, respectively. The initial values of ur = uc = 0,5 and c are constants with
a default value of 0.1. For each generation G, the successful values of F; and CR; from U; that
survive the selection process in Eq. 18 are stored in the sets Sr and Scr, where |SF denotes the
number of elements in Sr. The two additional parameters introduced in JADE, namely ¢ and p,
are reported to be relatively insensitive to the optimization problem being solved (Zhang &
Sanderson, 2009). Nevertheless, in JADE, unsuccessful values of " and Cr may still influence
the adaptation process through Sr and Sc., potentially guiding the population toward
undesirable regions of the search space (Tanabe & Fukunaga, 2013).

Subsequently, Tanabe & Fukunaga (2013) improved JADE by introducing the Success-
History based Adaptive Differential Evolution (SHADE) algorithm, which records the
historical values of Sr and Sc, from previous generations. In SHADE, the historical means of

Sr and Sc, are stored in the memory arrays Mr and Mc, respectively, as

_ meanWL(SF), lf SF * ¢l 21

Mpne+1 = { Mg, otherwise @b
” B {meanWA(SCr), if S, # 0,

CrhG+1 = Mcr e otherwise (22)

The weighted means meany;, and meanyy are computed using Eq. 23,

[SF| 2
Zk=1 W - SF,k

meanWL(SF) = ISF| ) (23)
k1 Wk Sk
and Eq. 24,
[SFl
meany 4(Scy) = Z Wi * Scrk (24)
k=1

where wy, = Afk/ZLSfilAfk and Afy, = |f(l7kc) — f()?|k,G)| is the fitness improvement
obtained by the A-th successful trial vector. The memory M arrays consist of H-entries, with
each entry initially assigned a value of 0.5. The index h € [1, H] indicates the memory position
to be updated and is initially set to 4 = 1, then incremented by one at each generation. When 4
> H, the index 4 is reset to 1. For each generation, the values of F; and Cr; are generated by
randomly selecting an index 7; from the H-memory entries, and then using F; =

CRand (M Fory 0,1) and Cr; = NRand (MCr,ri, 0,1), with the resulting values constrained to the
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interval [0’ 1]. The use of historical memories of My and Mc, prevents SHADE from being
directly affected by Sr and Sc poor parameter values generated by the probabilistic nature of
DE (Tanabe & Fukunaga, 2013).

Furthermore, Tanabe & Fukunaga (2014) proposed an improvement to SHADE. L-
SHADE enhances SHADE through the introduction of Linear Population Size Reduction
(LPSR) (Tanabe & Fukunaga, 2014). In LPSR, if the population size Np in the first generation
is Npinit and the population size Np in the final generation is Npmin, then

Npmin - Npinit
MaxNFE

N;4q = round [( ) - NFE + Npinit (25)

Where NFE and MaxNFE denote the current and maximum numbers of objective-function
evaluations, respectively. To satisfy Eq. 19, the minimum population size Np is set to Npmin =
4. With this improvement, L-SHADE won the IEEE CEC 2014 competition on bound-
constrained real-parameter optimization, and its subsequent extensions won several CEC
competitions in the following years (Ekinci et al., 2023; Ghosh et al., 2022).

In L-SHADE, Eq. 24 is replaced by Eq. 26,

[Scrl 2
k=1 Wk - SCr,k

[Scrl
k=1

meany,; (S¢) = (26)

Wy * Scrk
When the terminal value is reached, Mc, becomes equal to L, where L denotes the terminal
value or the maximum value of Sc- = 0. Thereafter, Mc, = 1 remains constant until the final
generation. If Mc, = 1, then Sc- = 0. Finally, the archive size |A] is also reduced according to
|A| = r3¢ - Np;, where 7 is a constant (Tanabe & Fukunaga, 2014).
In this study, the improved version of L-SHADE, namely iL-SHADE (Brest et al., 2016),
is employed. iL-SHADE introduces several minor modifications.
(1) The initial value of Mc, (h =1, ... , H — 1) is set to 0.8, while one entry in H,
corresponding to a pair of Mr and Mc;, is fixed at 0.9.

(2) The update rules for Mr and Mc, in Egs. 21 and 26 are replaced by Egs. 27 and 28,

M _ ([meany,(Sp) + Mpncl/2,  if Sp# 0, @7
e Mgy 6, otherwise

M — [meanWL (Ser) + MCr,h,G]/Z; if S¢ # @,
criver Mcy otherwise (28)
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347

348

349

(3) The values of F'and Cr are adjusted according to each generation,

min(F;;,0.7),  ifG < 0.25" Gpax
Fi; ={min(F;;,0.8), ifG < 0.50 - Gpax (29)
min(F; ¢, 0.9), if G < 0.75 - Gax

c {maX(Cri,G,O.SO), if G < 0.25 - Gax
i,G =

€7 lmax(Crig,0.25),  ifG < 0.50 - Gna (30)

(4) The value of p is updated at every generation according to
Pmax — Pmin
b= MaxNFE * NFE + Prin (1)

1 G« 1:Archive A< @, Np < Npinis
) Qe {X €R|xpin; <% < Xmax»Vj = 1,..., D}
3 Initialize population Pg—; < X, ..., Xnp,;,.¢ randomly within Q. // Eq. 15
4 My < {05, ...,0.5}, M, < {038, ...,0.8}
5 h < 1//index counter
6 while NFE < MaxNFE do
7 Sp < 0,85, <0
8 for i < 1 to Np do
9 1; « select from [1, H] randomly
10 if 7, == H then My, < 0.9, Mc,.,. < 0.9 end if
11 F¢ < CRand(M,,,0.1)
g if M,.,, < 0 then Cr;, « 0 else Cr; ; — NRand(Mpy., 0,1) end if
14 if G < 0.25 - Gy then F;; « min(F;;,0.7), Cry¢ < max(Cryz, 0.50)
15 else if G < 0.50 - Gpay then F;; < min(F;,0.8),Cr; ¢ « max(Cryg,0.25)
16 else if G < 0.75 - Gy then F; ; < min(F;;, 0.9) end if
17 V; ¢ < DE/current-to-pbest/1/bin // Eq. 19
}g Apply Bound Constraint to 171-_G

U; i ¢ < Binomial Crossover // Eq. 17
20 end for 7
21
2 fori < 1to Np do
23 if f(Ug) < f(Xig) then X,y « Upgelse X 5oy « X endif // Eq. 18
24 if f(U) < f(Xic) then
;2 insert )_(1-‘6 into A, insert Cr; ; into S¢,, insert F;; into Sg

end if
27 if |A| > r3. Np, then Shrink A end if
28 if Sc, # @ AND S; # @ then
gg if Mc, ¢ == L or max(Sc,) == 0 then Mg, 41 < L
31 else M¢, 1 < (meanyy(Scr) + Mcrpg)/2 end if
32 Mp g1 < (meanyy,(Sp) + Mppg)/2
33 heh+1
34 if h > H then h < 1 end if
35 else
36 Mcr g1 < Merne Ming+1 < Mrng
37 end if
38 end for
39 NFE « NFE + Np;
40 Npg4q < Population size reducation using LPSR // Eq. 25
41 Upadate p // Eq. 31
42 G—G+1
43 end while

Fig. 2. Pseudocode of the modified differential evolution algorithm.
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The complete implementation procedure of the iL-SHADE algorithm adopted in this
study is summarized in Fig. 2. The pseudocode integrates the initialization, mutation, crossover,
selection, parameter adaptation, archive management, and linear population size reduction

mechanisms described in the preceding sections into a unified optimization workflow.

2.4. Objective Function Formulation of The TDEM Inversion

In order to evaluate the performance, convergence behavior, and optimization stability of
the proposed DE algorithm for 1D TDEM data inversion systematically, a comprehensive
experimental framework was established using four synthetic 5-layer earth model benchmark

profiles as shown in Table 2.

Table 2. Four synthetic 5-layer earth model benchmark profiles as experimental framework.

Model Benchmark Profiles

Ascending 5-layer  Represents a subsurface environment where electrical resistivity
monotonically increases with depth, typical of sedimentary basins

overlying resistive crystalline basement

Bell 5-layer Characterized by a high-resistivity intermediate layer bounded by
conductive upper and lower strata, modeling resistive intrusive dykes or

dry volcanic formations

Bowl 5-layer Characterized by a low-resistivity intermediate zone bounded by high-
resistivity upper and lower layers, representing hydrothermally altered

clay caps in volcanic geothermal systems

Descending 5-layer Represents a subsurface structure where electrical resistivity
monotonically decreases with depth, characteristic of deepening saline

aquifers or conductive sedimentary sequences

2.4.1. Model Parameterization and Search Boundaries

For a 1D 5-layer earth model, the subsurface is parameterized by a real-valued model

vector m in ]R9,

m=[o, 0, 03 0, 05 hy h, h3 h]T eR® (32)
where o; (i = 1, ..., 5) denotes the electrical conductivity of the i-th layer, while its
corresponding electrical resistivity is defined as p; =1/ 0; and #;(j =1, ..., 4) represents the

thickness of the j-th layer. Consequently, the inversion model consists of five conductivity
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parameters and four thickness parameters, yielding a total of nine unknown model parameters.

The feasible model space is constrained by lower and upper bound vectors,
Mpin < M < Miax (33)
where
m,;, = [0.001 0.001 0.001 0.001 0.001 100 100 100 100"  (34)
and
m,,,=[10 1.0 1.0 1.0 1.0 5000 5000 5000 5000]" (35)
Accordingly, the conductivity parameters satisfy
0.001<0;<10S/m, i=1,..5 (36)
which is equivalent to the resistivity range
1<p; <100002-m (37)
while the layer thicknesses satisfy
100 < hj <5000m,  j=1,..,4 (38)

These constraints define the admissible parameter space explored by the optimization
algorithm during the inversion process, ensuring that all candidate models remain physically

meaningful and consistent with realistic geological conditions.

2.4.2. Objective Function Formulation

In this study, the observed data vector Efobs € R? and the forward function G: R" —» R

are given. The observed data are used to estimate the model vector 7 € R™ from the inverse

problem G (m) = ciobs. The inversion process aims to determine the optimal subsurface model
vector by minimizing the objective function value (misfit) between the observed transient
electromagnetic response and the corresponding forward response predicted by the TDEM
model over all observation time channels. This inverse problem can be solved by minimizing

the objective function, following Hapsoro et al. (2021) and Stoffa & Sen (1991),
n - - 2
3 1 (dear — dobs)
f(dobs,8) = Zl [T . (39)
m:

where N is the number of observed data, C_l)cal is the calculated response obtained from the iL-
SHADE inversion, and ¢ is the standard deviation derived from the measurement data. An /-

layer earth model implies that the minimization is performed in D =/ x 2 — 1 dimensional
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search space Q € RP. In the context of 1D TDEM inversion, this search space consists of /

resistivity parameters and (/ — 1) layer-thickness parameters, or
TTl) = [p11p21 s Pl hl!h2! "'hl—l]' (40)

2.5. Real Data Application

To validate the practical best utility algorithm under realistic field conditions, the
algorithm was applied to actual field observations recorded at station UZ01 on the eastern flank
of Unzen Volcano, Shimabara Peninsula, Kyushu Island, Japan (Srigutomo et al., 2021). The
field survey employed a Grounded Electric Source Time-Domain Electromagnetic (Grounded-
Source TDEM) configuration to image the subsurface electrical structure at this site, as shown

in Fig. 3.

32.78
| Elevation
Y (ma.s.l)
g 32.76 1500
)
e 1250
[0)
g 32.74 1000
S 750
32.72 500
250

T T . 14’/j l'/r k/\'\j[ T T
130.20 130.22 130.24 130.26 130.28 130.30 130.32 130.34

Longitude (Degree)

32.70 "

Fig. 3. Coordinates of the UZ0O1 TDEM receiver stations (blue circles) relative to the
transmitter Tx (red star) in the Unzen volcanic area, Shimabara Peninsula, Kyushu, Japan.
Coordinates are given in meters in the local cartesian centered at Tx. Points A and B denote
locations used to define the transmitter orientation. Background colors and contours indicate

topography (elevation in meters).

The survey setup utilized a 1.4 km long grounded electric wire transmitter (Tx) anchored
at both ends to inject high-amplitude square-wave current pulses into the earth, while receiver
station UZ01 was positioned at an offset distance of approximately 2.0 km from the center of
the transmitter wire. The recorded dataset comprises the vertical component of the transient

induced magnetic flux density decay, B.(f), recorded across 158 logarithmic time channels
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spanning from early transient diffusion times (107 s) to late-time decay tails (10! s). To
establish the optimal subsurface model order, single candidate earth model parameterizations

were evaluated, namely 5-layer model (D = 9).

2.6. Performance Metrics
The performance of each optimization algorithm (iL-SHADE, SHADE, Standard DE)
was evaluated over N, = 30 independent stochastic runs per synthetic benchmark profile. Four

key performance metrics were defined as shown in Table 3.

Table 3. Key performance metrics.

Key Performances Definition

Minimum misfit Measures the absolute best solution quality located across all

stochastic runs

Median misfit Represents the central tendency of final misfit values, providing a

measure robust against outlier runs

Mean misfit Calculates the average solution quality across all independent runs

Standard deviation Measures the dispersion of final misfits around the mean, reflecting

algorithmic stability and stochastic repeatability

2.7. Evolutionary Evaluation Framework

The evolutionary evaluation framework incorporates rigorous statistical hypothesis
testing, fixed function evaluation budgeting, and noisy data robustness assessments. First,
because optimization of misfits across stochastic runs rarely follow a Gaussian normal
distribution, pairwise Wilcoxon rank-sum statistical hypothesis testing (a non-parametric test)
was performed at a significance level (o = 0.01), where an asymptotic p-value < 0.01 rejects
the null hypothesis (Ho). This hypothesis confirming that performance enhancements between
algorithms are statistically significant. To ensure fair algorithmic comparisons, each stochastic
run was allocated a strict maximum computational budget of Nevalmax = 25,000 forward
function evaluations. Finally, to assess practical resilience against observational field noise,
synthetic TDEM transient decay responses for the choosen model were contaminated with four
levels of uncorrelated zero-mean Gaussian noise (5%, 10%, 15%, and 20%), establishing a

rigorous stress-testing environment for metaheuristic TDEM inversion.
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3.  SYNTHETIC INVERSION EXPERIMENT

A systematic evaluation was conducted using synthetic benchmark models to rigorously
evaluate the performance of the proposed iL-SHADE framework for 1D TDEM data inversion.
The performance of iL-SHADE was benchmarked against canonical DE (Standard DE) and
SHADE. This section presents the experimental results across statistical robustness,
optimization efficiency, magnetic field response fitting, subsurface parameter recovery, pre-

inversion sensitivity and parameter tuning studies, and robustness under noisy field conditions.

3.1. Pre-Inversion Studies with The Modal and Sensitivity Analysis

To investigate the search-space characteristics of the TDEM inversion problem, a
modality analysis was performed by evaluating the objective function over all pairwise
combinations of model parameters. For each parameter pair, the two selected parameters were
systematically varied across their entire search ranges, while the remaining seven parameters
were fixed at their true values. The analysis was conducted using the Bowl 5-layer model, as
described in Table 2. The resulting objective-function landscapes are presented in Fig. 4, where
the red cross denotes the location of the true model.

Overall, the parameter pairs produce relatively smooth objective-function landscapes
characterized by continuous transitions toward the global optimum. Only a limited number of
local minima are observed, indicating that the inversion problem is primarily dominated by
broad solution valleys rather than highly multimodal regions. This predominantly unimodal
behavior suggests that the problem should, in principle, be efficiently solved by DE and its
variants, consistent with the favorable performance of DE reported for numerous benchmark
optimization problems. More specifically, the sensitivity analysis reveals that conductivity
parameters exert a substantially greater influence on the objective function than layer
thicknesses. This is evident from the steep contour gradients associated with parameter
combinations involving o1, o2, 03, g4, and os. In contrast, several parameter combinations
exhibit relatively broad minimum regions, indicating lower parameter sensitivity. Such
characteristics further justify the use of DE, as its one-to-one selection mechanism preserves
trial vectors with objective-function values equal to those of their parent solutions, thereby
maintaining diversity and enabling effective exploration of flat regions in the search space

(Ghosh et al., 2017).
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Fig. 4. The result of objective-function landscapes, where the red cross denotes the location

of the true model.

Beyond parameter sensitivity, Fig. 4 also reveals significant parameter correlations,
manifested as elongated valley-shaped contours. These elongated valleys indicate that
variations in one parameter can be compensated by corresponding changes in another
parameter while producing nearly identical objective-function values. The strongest
correlations are observed between conductivity and layer-thickness parameters, highlighting
the inherent trade-off between electrical resistivity and geological layer geometry in TDEM
inversion. Such parameter compensation contributes to model non-uniqueness and increases
the difficulty of accurately recovering the true subsurface structure, even when the objective-

function landscape appears relatively smooth.
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3.2. Comparison of DE, SHADE, iL-SHADE on TDEM Synthetic Model

The performance of DE, SHADE, and iL-SHADE was systematically evaluated across
four synthetic 5-layer resistivity models. Following (Sungkono, 2020), Ascending
(monotonically increasing resistivity with depth), Bell (high-resistivity intermediate layer), and
Descending (monotonically decreasing resistivity with depth), and Bowl (low-resistivity
intermediate layer) models was used (Table 4). Each algorithm was executed for 30
independent runs per model shape using a maximum budget of 25,000 objective function

evaluations.

Table 4. Nine model parameters (five conductivity parameters and four layer-thickness

parameters) of the synthetic TDEM layered-earth model.

o1 O 2 03 04 Os ha h2 h3 ha
Model
(S/'m) (S/m) (S/m) (S/m) (S/m) (m) (@m) (m) (m)
Ascending 0.01 0.03 0.10 0.30 1.00 500 1500 2000 2500
Bell 090 0.05 0.01 0.05 0.50 500 1500 2000 2500
Bowl 0.02 0.06 1.00  0.05 0.01 500 1500 2000 2500
Descending 1.00 0.30 0.10 0.03 0.01 500 1500 2000 2500

3.2.1. Analysis of Statistical Metrics

As presented in Table 5, iL-SHADE demonstrates best performance across all synthetic
model configurations. For Ascending 5-layer, Bell 5-layer, and Descending 5-layer, iL-SHADE
achieved median misfits of 3.007 x 10°, 2.499 x 108 and 2.351 x 107 respectively,
outperforming Standard DE and classical SHADE by 2 to 4 orders of magnitude. The iL-
SHADE produces the lowest median objective function value, indicating that it has a more
effective balance between exploration and exploitation in finding solutions that are closer to
the true model.

Although Standard DE achieves a relatively low minimum objective function value, the
standard deviation of misfits for iL-SHADE remained exceptionally low (e.g., 9.752 x 10~ for
Bell 5-layer) rather than Standard DE, indicating high repeatability and stability across
independent random initializations. In the highly non-unique Bowl 5-layer case, while all
algorithms experienced increased misfit dispersion due to model equivalence, iL-SHADE

achieved the lowest minimum misfit (2.555 x 10”) and lowest median misfit (5.979 x 107).
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495

Table 5. The statistical inversion misfits across all synthetic test cases.

496

497
498

Algorithm  Model Profile Min. Median Mean Std. Max.
iL-SHADE  Ascending 5-layer ~ 2.592 x 10° 3.007 x 10° 9.257 x 10® 4.849 x 107 2.660 x 10
Bell 5-layer 1.202 x 10 2.499 x 10 2.584 x 10®* 9.752 x 10° 6.097 x 10
Bowl 5-layer 2.555x 107 5979 x10° 2483 x 102 5.051 x 10% 1.241 x 10"
Descending 5-layer  5.606 x 10° 2.351 x 107 2.813 x 10% 4.964 x 10° 2.133 x 10
SHADE Ascending 5-layer  1.020 x 10° 2.239 x 10* 3.065 x 10* 2.442 x 10* 9.333 x 10*
Bell 5-layer 2.485x 10° 1.487x10° 5.328 x10° 1.567 x 10* 8.681 x 10*
Bowl 5-layer 9.591 x 10° 1.738 x 10* 1.658 x 102 3.585x 102 1.242 x 10!
Descending 5-layer  8.082 x 10°  4.104 x 10* 4.399 x 10* 1.763 x 10* 7.839 x 10*
Standard DE  Ascending 5-layer ~ 8.625 x 107  4.570 x 10° 6.304 x 10* 1.227 x 10° 6.351 x 10
Bell 5-layer 9.615x 10®  4.156 x 107 2.407 x 10% 4.993 x 10° 1.790 x 107
Bowl 5-layer 8.816 x 10 5549 x 10* 2.299 x 102 4.422x 102 1.242 x 107!
Descending 5-layer  1.296 x 10°  9.820 x 10° 1.368 x 10* 1.138 x 10* 3.391 x 10*
Ascending 5-Layer Bell 5-Layer
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Fig. 5. Comparison of the misfit values obtained by the different algorithms for each model.

The iL-SHADE algorithm consistently achieved the lowest misfit value.
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499 The Bowl 5-layer model appears to be more challenging for all three algorithms than
500 the other three models, as illustrated by the boxplots in Fig. 5. In this case, iL-SHADE achieves
501 extremely low minimum and median objective function values. However, its mean and
502  standard deviation increase substantially due to several runs that fail to converge. A similar
503  pattern is also observed for SHADE and Standard DE. Nevertheless, the median objective
504  function value obtained by iL-SHADE remains approximately five to six orders of magnitude
505  lower than those of both SHADE and Standard DE, indicating that iL-SHADE is constantly
506  performing to identify substantially better solutions in the majority of the optimization runs.
507  3.2.2. Non-Parametric Statistical Significance (Wilcoxon Rank-Sum Test)
508 Pairwise Wilcoxon rank-sum test (p = 0.01) was performed across all 30 runs per model
509  to verify whether the observed performance enhancements were statistically significant as
510 presented in Table 6. For Bell 5-layer, Ascending 5-layer, and Descending 5-layer, the
511  comparisons between iL-SHADE vs Standard DE and iL-SHADE vs SHADE yielded
512 asymptotic p-values of p = 3.020 x 10! (p << 0.01), rejecting the null hypothesis with
513  extremely high confidence. For Bowl 5-layer, iL-SHADE vs Standard DE yielded p = 1.430 x
514 107 and iL-SHADE vs SHADE yielded p = 3.157 x 10, confirming that iL-SHADE provides
515  statistically superior global search capability even under severe non-uniqueness. Overall, the
516  Wilcoxon signed-rank test indicates that iL-SHADE achieves statistically significantly better
517  performance than both Standard DE and SHADE across all synthetic models.
518 Table 6. Pairwise Wilcoxon rank-sum test across all 30 runs per model.
Model Algorithm A  Algorithm B MedianA  Median B Winner p-value Effect
Ascending 5-Layer  Standard DE ~ SHADE 4.570 x 10 2.239 x 10* Standard DE  2.643 x 10" -0.169
Standard DE  iL-SHADE 4570 x 105 3.007 x 10° iL-SHADE  4.077 x 10'''  0.993
SHADE iL-SHADE 2239 x 10* 3.007 x 10° iL-SHADE 3.020 x 101 1.000
Bell 5-Layer Standard DE ~ SHADE 4156 x 107 1.487 x 10° Standard DE 8.485 x 10°  -0.867
Standard DE  iL-SHADE 4156 x 107 2.499 x 10® iL-SHADE 3.020 x 1071 1.000
SHADE iL-SHADE 1.487 x 103 2.499 x 10® iL-SHADE 3.020 x 101 1.000
Bowl 5-Layer Standard DE ~ SHADE 5.549 x 10* 1.738 x 103 Standard DE  2.062 x 10°! -0.191
Standard DE  iL-SHADE 5.549 x 10* 5.979 x 10° iL-SHADE 1.430 x 103 0.653
SHADE iL-SHADE 1.738 x 103 5979 x 10° iL-SHADE 3.157 x 107 0.627
Descending 5-Layer Standard DE ~ SHADE 9.820 x 10 4.104 x 10* Standard DE  1.102 x 10®  -0.860
Standard DE  iL-SHADE 9.820 x 10° 2.351 x 107 iL-SHADE 5.494 x 101 0.987
SHADE iL-SHADE 4.104 x 10* 2351 x 107 iL-SHADE 3.020 x 101 1.000
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3.2.3. Optimization and Convergence Efficiency

All algorithms exhibit a rapid reduction in the objective function value during the early
stage of the optimization, indicating that they are capable of identifying promising regions of
the search space within the first few thousand function evaluations, as presented in Fig. 6.
However, after this initial exploration phase, their convergence behaviors begin to diverge.
SHADE tends to stagnate at an earlier stage, resulting in a slower reduction of the objective
function value throughout the remainder of the optimization process. Standard DE continues
to reduce the objective function gradually, although its convergence rate remains lower than
that of iL-SHADE. In contrast, iL-SHADE maintains a steady decrease in the objective
function value even after both Standard DE and SHADE have shown a tendency to converge
toward relatively stable solutions. In addition to sustaining a higher convergence rate, iL-
SHADE also demonstrates greater consistency across repeated optimization runs. This is
evidenced by the relatively tight grouping of its convergence curves, which terminate within a
similar range of objective function values. By comparison, Standard DE, and particularly

SHADE, exhibit a considerably wider dispersion of convergence trajectories.
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Fig. 6. The evolution of logarithmic objective value curves across function evaluations.
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536  3.2.4. Transient Magnetic Field and Resistivity Response Fitting

537 The quality of the inversion results was further evaluated by comparing the modeled B-
538  responses with the synthetic data, as shown in Fig. 7. All three algorithms successfully
539  reproduced the B. responses generated by the synthetic models with high accuracy time

540  channels ranging from 107 to 4 seconds.
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In nearly all cases, the median inversion response closely overlaps the synthetic-model
response. The primary difference among the algorithms is reflected in the consistency of the
inversion results across repeated optimization runs. For the Ascending 5-layer, Bell 5-layer,
and Descending 5-layer models, the spread of the inversion response curves is relatively small
for all three algorithms, although SHADE still exhibits slightly greater variability than Standard
DE and iL-SHADE.

In contrast, the Bowl 5-layer model reveals much more pronounced differences. Several
optimization runs produced by SHADE generate B. responses that deviate noticeably from the
observed data, particularly over the intermediate and late time channels, whereas the majority
of the iL-SHADE responses remain closely aligned with the observed curve. Standard DE also
demonstrates relatively good consistency for this model. These differences are more clearly
illustrated in the recovered model parameter plots shown in Fig. 8. SHADE produces several
inversion models with deep-layer resistivity estimates that deviate substantially from the true
model. Standard DE also exhibits relatively large variability in the recovered model parameters.
By contrast, most inversion results obtained by iL-SHADE preserve a consistent model
structure, although a few solutions still exhibit deviations in the deepest layer.

The superior performance of iL-SHADE across the various evaluation aspects in Sections
3.2.1 to 3.2.4, demonstrates that the combination of success-history-based parameter
adaptation and Linear Population Size Reduction (LPSR) effectively improves the balance
between exploration and exploitation during the optimization of synthetic TDEM models.

Therefore, iL-SHADE was selected for all subsequent experiments conducted in this study.

3.3. Parameter Tuning Analysis and p-best Influenced

Although iL-SHADE demonstrated superior performance compared with Standard DE
and SHADE in the previous experiments, its performance is still influenced by several
configurable parameters. Therefore, parameter tuning is required to determine the
configuration that is most suitable for the characteristics of the TDEM inversion problem. The
parameters considered in this study are the initial population size and the range of the p-best
parameter. The initial population size was selected because no general guideline exists for
determining an appropriate population size at the beginning of the optimization process,
whereas the p-best range was selected because it determines how explorative or exploitative
the search behavior of iL-SHADE will be. For the parameter-tuning procedure, the 5-layer
Bowl synthetic model was adopted because it was identified as the most challenging model in

the Section 3.2.
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The first stage evaluates the effect of the initial population size while keeping the

remaining parameters unchanged. Five population-size configurations were examined, namely

9D, 12D, 15D, 18D, and 21D, where D denotes the dimensionality of the inversion problem.

For each configuration, the inversion was performed 15 times. All configurations employed a

p-best range of 0.10—0.20, while the remaining parameters followed the default iL-SHADE

settings. A summary of the experimental results is presented in Table 7. Among the tested

configurations, 21D yields the lowest median objective function value. The 21D configuration

also exhibits a relatively small standard deviation compared with the other configurations, as

illustrated in Fig. 9a.
Table 7. the experimental results for different initial population-size configurations (9D, 12D,
15D, 18D, and 21D) using the iL-SHADE algorithm.
Experiment Npinit  Pmin Pmax runs med. mean std. min max
2A 81 0.10 0.20 15 1.175 x 10 0.033106 0.056826 3.704 x 10° 0.124147
108 0.10 0.20 15 9.197 x 10° 0.049659 0.062954 2.452 x 10° 0.124150
135 0.10 0.20 15 1.388 x 10 0.033106 0.056827 2.726 x 10° 0.124149
162 0.10 0.20 15 1.003 x 10 0.041383 0.060579 3.779 x 10° 0.124152
189 0.10 0.20 15 4.450 x 10° 0.016553 0.043683 3.335x10° 0.124149
2B 189 0.05 0.15 20 8.458 x 10° 0.037245 0.058371 3.216 x 10° 0.124152
189 0.10 0.20 20 5304 x10° 0.012415 0.038212 2.608 x 10° 0.124151
189 0.15 0.25 20 7.533 x 10° 0.018622 0.045482 3.204 x 10° 0.124152
189 0.20 0.30 20 7.853 x 10° 0.018623 0.045481 2.984 x 10° 0.124151
189 0.25 0.35 20 5.941 x 10° 0.012426 0.038209 2.830 x 10° 0.124151
Experiment 2A: Initial Population Size Experiment 2A: Convergence Histories
0.12 101
0.10 10~
T o008 3
2 S 10
8o0s 2
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8 0.041 Q — 9
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107°

Inmal Population Slze
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Fig. 9. The experimental results of 2A. (a) Final objective value of initial population size,

which reveals the minimum value for the 21D model and (b) convergence histories.
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The convergence curves shown in Fig. 9b reveal distinct differences between
configurations with smaller and larger initial population sizes. Configurations with smaller
populations, particularly 9D and 12D, achieve a rapid reduction in the objective function value
during the early stage of the optimization. However, several optimization runs stagnate before
reaching the best solutions, resulting in greater performance variability. In contrast,
configurations with larger initial population sizes, such as 21D, exhibit a slightly slower
convergence during the exploration phase but continue to refine the solutions throughout the
later stages of the optimization. Consequently, the majority of the optimization runs eventually
converge to a very low range of objective function values with considerably smaller variability.

The parameter-tuning process was subsequently continued by evaluating the effect of the
p-best range. This parameter determines the proportion of the best individuals that can be
selected as target vectors in the current-to-pbest mutation strategy, thereby directly governing
the balance between exploration and exploitation. Five p-best ranges were evaluated, namely
0.05-0.15, 0.10-0.20, 0.15-0.25, 0.20-0.30, and 0.25-0.35. All configurations employed an
initial population size of 21D.

The distribution of the objective function values and the corresponding convergence
behavior are presented in Fig. 10a. Unlike the initial population size, variations in the p-best
range have a relatively minor effect on the quality of the final solutions. All configurations
achieve median objective function values on the order of 10~°. Fig. 10b further demonstrates
that each p-best range is capable of identifying solutions close to the global optimum with
nearly identical convergence behavior. Nevertheless, the 0.10-0.20 configuration exhibits the
best overall performance, achieving the lowest median objective function value and the

smallest standard deviation among all configurations.

Experiment 2B: p-best Range Experiment 2B: Convergence Histories
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Fig. 10. The experimental results of 2B initial population size of 21D. (a) Final objective

value of p-best range and (b) convergence histories.
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3.4. Robustness Under Noisy Field Conditions

In practical TDEM surveys, measured data are inevitably contaminated by noise
originating from various sources, including environmental electromagnetic interference,
acquisition instruments, and field conditions (Horikawa & Kusumoto, 2025; Lindsey &
Newman, 2015; Pollack et al., 2021). To evaluate the practical applicability of iL-SHADE
under realistic survey conditions, four levels of independent Gaussian noise (5%, 10%, 15%,
and 20%) were added to the 5-layer Bowl model using the same random seed. The 5-layer
Bowl synthetic model was selected again because it exhibits the highest objective function
variability among the synthetic models. The inversion experiments were repeated until the
results reached saturation, beyond which no additional variation was observed. In this study,
saturation was achieved after 10 optimization runs. The objective function values obtained
from all noisy-data experiments are summarized in Table 8. As shown in Table 8§, the increase
in the objective function value associated with increasing noise levels is relatively small,
amounting to less than 0.35% across the entire range of noise levels evaluated. Furthermore,
the standard deviation remains on the order of 10 to 107 indicating that, in this case, the

increased noise does not lead to a deterioration in the consistency of the inversion process.

Table 8. The objective function value under synthetic Gaussian noise levels.

Noise Level Median Mean Std Min Max
5% 0.806587 0.806587  0.000003  0.806584  0.806591
10% 0.807272  0.807272  0.000002 0.807268  0.807275
15% 0.808688  0.808688  0.000001 0.808685 0.808690
20% 0.809341  0.809361 0.000044  0.809339  0.809445

Fig. 11 shows that the inverted B. responses closely follow the synthetic data across all
noise levels. As the noise amplitude increases, the dispersion of the observed data points
becomes more pronounced. However, the inversion responses remain capable of capturing the
overall trend of the B: signal. This behavior is also reflected in the recovered resistivity models.
At noise levels of 5% and 10%, the recovered models almost completely overlap the true
synthetic model, indicating that all subsurface layers are successfully reconstructed. When the
noise level increases to 15% and 20%, deviations begin to appear in the estimated resistivity

of the shallow layers as well as in the positions of several layer interfaces.
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Fig. 11. Addition of noise to the vertical magnetic field data and the inverted resistivity
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calculated data (left side). Comparison between the test model and the inverted resistivity

model for the vertical magnetic field data respectively (right side).
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3.5. Layer Mismatch

In practical TDEM applications, the number of subsurface layers is generally unknown.
Therefore, it is necessary to evaluate the capability of iL-SHADE to handle discrepancies
between the true subsurface model and the inversion model. In this experiment, the synthetic
data were generated using a 3-layer Bowl model, whereas the inversion was performed using
a 5-layer model. Consequently, iL-SHADE was provided with two additional layers that do not
physically exist in the true model. This experiment aims to evaluate whether the algorithm can
still reconstruct the correct subsurface structure without performance degradation resulting
from the increased number of parameters to be optimized.

Similar to the comparative study presented in the previous section, 30 independent
inversion runs were performed using the 3-layer Bowl model. The resulting objective function
values yielded a median of 1.809 x 10”, a mean of 1.831 x 10”, a standard deviation of 1.390
x 1071° a minimum of 1.568 x 10, and a maximum of 2.126 x 10”. As illustrated in Fig. 12,
the inverted B: response almost completely overlaps the synthetic data. Examination of the
recovered model parameters further shows that, although the inversion model consists of five
layers, the recovered structure still represents the principal characteristics of the true three-
layer synthetic model. The two additional layers available in the inversion model do not
develop into significant geological structures. Instead, they exhibit very small thicknesses and

therefore contribute negligibly to the final recovered model.

Magnetic Response Recovered Resistivity Model
10%F
3x10’ J
2x10 _10%¢
E
~
@ g
3]
a
101 L
10'f
100 L
6 x 100 L L 1 L L L 1
1072 107" 10° 10° 10’ 10? 10° 10*
Time (s) Resistivity (Q-m)
e Observed = median —— True 3-layer Other runs

Fig. 12. Inversion of synthetic data in the form of a vertical magnetic field. Comparison
between the synthetic (observed) data and the inverted data (left side). Comparison between
the test model that generated the synthetic data (blue line) and the inverted resistivity models

(black lines) (right side).
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4. FIELD DATA VALIDATION

Following the synthetic benchmark experiments, the proposed iL-SHADE inversion
framework was further evaluated using field TDEM data to assess its performance under
realistic geological conditions. The field dataset was acquired at station UZO01, located on the
eastern flank of Unzen Volcano in the Shimabara Peninsula, Kyushu Island, Japan (Srigutomo

etal., 2021).

4.1. Comparison of Observed and Calculated TDEM Data Responses

The response of calculated data from the inverted 5-layer model vector is properly fit to
the observed transient magnetic field decay B:(¢) at station UZ01 across all 158 time channels,
as displayed in Fig. 13 and 14. In early-to-intermediate time channels (107 to 10 s), the
response of calculated data is properly fit to the observed data with less than 0.1% error. In
late-time channels (10 to 10! s), despite lower signal-to-noise ratios, the calculated response
closely tracked the physical decay trend. Overall, the inverted 5-layer model reproduces the
observed electromagnetic transient response with a final RMS misfit of 24.388, validating the

forward modeling accuracy and optimization robustness.

o Dat. Obs
= Dat. Cal

= Dat Obs
—— Dat. Cal

B (pT)

Time (s) Time (s)

(a) D (b)

Dat. Obs

» Dat. Obs
—— Dat. Cal

B (pT)

—_— 10' 107 10™ T;r:w:-‘fsj 10° 10'
(© (d)
Fig. 13. Comparison between the calculated and observed data response of transient magnetic
field decay B: at station UZ01 for (a) iL-SHADE, (b) PSO (Hapsoro et al., 2021), (¢) VFSA

(Srigutomo et al., 2021), and (d) Occam (Srigutomo et al., 2008) inversion.
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Fig. 14. Comparison between the calculated and observed response of resistivity model vs

depth at station UZO01 for (a) iL-SHADE, (b) PSO (Hapsoro et al., 2021), (c) VFSA

(Srigutomo et al., 2021), and (d) Occam (Srigutomo et al., 2008) inversion.

4.2. Geological and Geothermal Interpretation of the Recovered Resistivity Profile

The optimal 5-layer subsurface electrical resistivity profile recovered by iL-SHADE at

station UZ01 1s detailed in Table 9. The model reveals a classic volcanic-hydrothermal system

structure extending from the surface down to a depth of 5.6 km.

Table 9. Details the recovered 5-layer subsurface electrical resistivity model for station UZO01.

Subsurface Conductivity Resistivity Layer Thickness Depth Range
Layer o (S/m) p (2'm) h (m) (m)
Layer 1 0.010011 99.89 738.5 0.0—- 7385
Layer 2 0.069224 14.45 1337.1 738.5 -2075.6
Layer 3 0.676347 1.48 400.2 2075.6 —2475.7
Layer 4 0.300872 3.32 3160.7 2475.7 — 5636.5
Layer 5 (Basement) 0.001023 977.67 infinity >5636.5
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The inverted resistivity structure at station UZ01 reveals five distinct geological units
down to a depth exceeding 5.6 km. The surficial unit (Layer 1, extending from 0 to 738.5 m)
exhibits a relatively high resistivity of p1 ~99.89 Q-m, representing dry, porous, unaltered
volcanic debris and alluvial fan deposits of the Younger Unzen complex situated above the
local water table. Beneath this surficial layer, Layer 2 (738.5-2075.6 m) displays a moderate
resistivity of p» ~14.45 Q-m, corresponding to weathered pyroclastic flow units and volcanic
breccias with partial groundwater saturation. At intermediate depths, Layer 3 (2075.6-2475.7
m) is characterized by a striking conductive anomaly with an ultra-low resistivity of p3 ~1.48
Q-m over a thickness of 400.2 m. In active volcanic geothermal systems, such pronounced
conductive zones are diagnostic of intense hydrothermal clay mineral alteration, predominantly
smectite and illite-smectite mixed-layer clays formed by low-to-moderate temperature (100—
200 °C) fluid-rock interaction (Revil & Gresse, 2021), which creates an impermeable
hydrothermal cap rock. Immediately underlying this clay cap, Layer 4 (2475.7-5636.5 m)
maintains a low resistivity of p4 ~3.32 Q-m over a 3.16 km thick interval, delineating a high-
temperature, fluid-saturated geothermal reservoir containing conductive saline hydrothermal
fluids. Finally, at depths greater than 5.6 km, Layer 5 exhibits a sharp increase in resistivity to
ps ~977.67 Q-m. This high-resistivity basement halfspace represents dense, unaltered pre-
volcanic basement rocks or a deep igneous intrusive body associated with the magmatic heat

source driving the Unzen volcanic geothermal engine.

5.  DISCUSSION

The numerical findings and field data inversions presented in this study demonstrate the
remarkable efficacy of the iL-SHADE framework for solving nonlinear 1D TDEM inverse
problems. By synthesizing synthetic benchmark evaluations across four distinct 5-layer
subsurface profiles (Ascending 5-layer, Bell 5-layer, Bowl 5-layer, Descending 5-layer) with
actual field observations at station UZ01 (Unzen Volcano, Japan), this section discusses the
evolutionary mechanics governing search adaptivity, the physical implications for overcoming
subsurface non-uniqueness and layer equivalence, the core scientific novelties introduced by

this work, and practical considerations for geophysical exploration.

5.1. Evolutionary Mechanics of Parameter Adaptation and Population Management
The performance of population-based stochastic optimization algorithms is

fundamentally governed by how effectively they balance global exploration and local

exploitation throughout the evolutionary process (Epitropakis et al., 2008). In canonical DE

(Storn & Price, 1997), the mutation scaling factor (£) and crossover rate (Cr) are assigned
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static, fixed values prior to optimization. However, as demonstrated by the pre-inversion
sensitivity studies in Section 3.1, static parameter configurations lack theoretical justification
and fail to accommodate the dynamic search requirements of highly nonlinear objective
function landscapes (Cheng et al., 2023). Static settings frequently lead to rapid loss of
population diversity, premature convergence to sub-optimal local minima, or evolutionary
stagnation when navigating narrow, elongated misfit valleys.

The adaptive evolutionary trajectory evaluated in this study, progressing from canonical
DE to JADE (Zhang & Sanderson, 2009), SHADE (Tanabe & Fukunaga, 2013), and ultimately
iL-SHADE (Tanabe & Fukunaga, 2014), represents a fundamental paradigm shift in
metaheuristic geophysical inversion. By incorporating historical memories (Mr, Mc,) of
successful mutation and crossover parameters, SHADE continuously updates parameter
probability distributions based on successful evolutionary experiences. This mechanism
prevents the optimization process from being derailed by stochastic parameter perturbations
that yield poor fitness values (Tanabe & Fukunaga, 2013).

Furthermore, iL-SHADE integrates LPSR, which dynamically decreases the population
size N, according to a linear schedule based on the remaining evaluation budget. In early
generations, a large initial population maximizes global exploration and search space coverage,
preventing the algorithm from becoming trapped in early local minima. As evolution proceeds,
non-promising individuals are progressively eliminated, concentrating the remaining
computational budget on high-performing individuals surrounding the global minimum. This
dual mechanism enables iL-SHADE to achieve median misfits as low as 10 to 10® across
synthetic test cases, outperforming canonical DE and standard SHADE by 2 to 4 orders of

magnitude.

5.2. Implications for Nonlinear TDEM Inversion and Subsurface Equivalence

TDEM inversion is a highly nonlinear, ill-posed inverse problem characterized by strong
parameter coupling and severe non-uniqueness. In 1D layered earth models, this non-
uniqueness manifests primarily as layer equivalence, where multiple combinations of layer
resistivity (p;) and thickness (/4;) yield electromagnetic transient decay curves B: that fit field
observations equally well within measurement noise tolerances (Nielsen et al., 2026). For
instance, in conductive thin layers, the transient response is primarily governed by the
longitudinal conductance (S; = A; / p; ), making it difficult to uniquely resolve p; and A;

independently.
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Conventional deterministic inversion methods, Gauss—Newton (Blanchy et al., 2020;
Chen & Sacchi, 2020), Levenberg—Marquardt (Bergou et al., 2022), and Occam-type (de
Groot-Hedlin & Constable, 1990) inversion, address ill-posedness by linearizing the forward
operator around an initial model and applying spatial smoothness regularization constraints.
While computationally efficient, these local gradient-based methods are heavily dependent on
the choice of starting model and often smooth out sharp lithological boundaries, producing
overly smoothed resistivity profiles that may obscure localized geothermal targets.

Conversely, classical stochastic global optimization algorithms explore the search space
without requiring initial model assumptions or gradient calculations (Hapsoro et al., 2021).
However, when applied to complex 5-layer resistivity models (e.g., the Bowl 5-layer profile),
standard metaheuristics often suffer from severe performance deterioration due to fixed
hyperparameter settings. The modal analysis and misfit surface mapping conducted in this
study reveal that iL-SHADE successfully navigates narrow, highly nonlinear parameter trade-
off valleys without requiring ad-hoc regularization penalty terms. In the highly non-unique
Bowl 5-layer case, iL-SHADE achieved the lowest minimum misfit (2.555 x 10) and lowest
median misfit (5.979 x 10°). This demonstrates that historical parameter adaptivity and
current-to-pbest mutation strategies effectively preserve population diversity along equivalent
parameter directions, allowing the algorithm to locate global optimal parameter combinations

that satisfy both geophysical data fit and physical structural plausibility.

5.3. Primary Scientific Novelties and Methodological Contributions
5.3.1. Adaptation of iL-SHADE to TDEM Data Inversion

While adaptive DE variants have been benchmarked on standard mathematical test
functions and applied to 3D gravity basement reconstruction (Ekinci et al., 2023), their
performance had not been systematically investigated for TDEM diffusion equations. This
work provides the first comprehensive evaluation demonstrating that iL-SHADE dual-
adaptation framework successfully resolves the nonlinear diffusion physics and parameter

coupling inherent in TDEM transient decay responses.

5.3.2. Empirical Hyperparameter Guidelines for Metaheuristic TDEM Inversion

A major barrier to adopting metaheuristic optimization in routine geophysical
workflows is trial-and-error manual tuning of algorithmic hyperparameters (Pamplona et al.,
2025). This study establishes clear guidelines, which N, = 21 x D combined with an archive

threshold of p € [0.10, 0.20]. These baseline settings achieved an inversion success rate on the
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challenging Bowl 5-layer model, providing geophysicists with a robust, standardized

configuration.

5.3.3. Rigorous Non-Parametric Statistical Verification and Noise Robustness

This research conducted 30 independent stochastic runs per model profile and applied
pairwise Wilcoxon rank-sum statistical hypothesis testing (o = 0.01). This findings reveals a
better model compared to previous studies that evaluate algorithms using a single optimization
run. The resulting asymptotic p-values (p = 3.020 x 10!, p << 0.01) provide mathematical
proof that iL-SHADE superiority over canonical DE and standard SHADE is statistically

significant.

5.4. Geophysical Insights from Volcanic-Hydrothermal Application (Unzen Volcano)
The practical utility of the proposed inversion framework is compellingly demonstrated
by its application to actual field data from station UZO01 on the eastern flank of Unzen Volcano,
Japan (Hapsoro et al., 2021). Volcanic edifices host complex hydrothermal systems
characterized by strong lateral and vertical heterogeneity, fluid circulation, and clay mineral
alteration zones (Aizawa et al., 2009; Caudron et al., 2023). The 5-layer subsurface electrical
resistivity profile recovered by iL-SHADE at station UZ01 (Table 9) provides a detailed,
physically consistent image of the volcanic-hydrothermal architecture down to depths up to 5.6

km.

5.5. Practical Considerations, Limitations, and Future Research Directions
5.5.1. Limitation of Computational Budget for Multi-Dimensional inversion

In 1D layered earth formulations, forward modeling requires evaluating Hankel
transform integrals, which compute rapidly (~ 100 runs/second per CPU core). Extending iL-
SHADE to 2D or 3D TDEM forward modeling will increase computational cost significantly.
Future work should integrate High-Performance Computing (HPC), GPU parallelization, or

surrogate machine learning acceleration (Akingboye, 2025).

5.5.2. Multi-Physics Joint Inversion

Although 1D TDEM soundings provide excellent vertical resolution for conductive
shallow-to-intermediate layers, their sensitivity to deep resistive basements is naturally
diminished due to signal attenuation. Integrating iL-SHADE into a joint inversion framework
combining TDEM with Magnetotelluric (MT) soundings or gravity anomalies (Ekinci et al.,

2023) will further suppress layer equivalence and refine deep basement boundary resolution.
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6. CONCLUSION

This study presented a systematic, highly robust global optimization framework for
solving nonlinear 1D TDEM data inversion using by applying iL-SHADE. By integrating
historical memories of successful mutation and crossover factors (Mr, Mc,) with dynamic
LPSR, iL-SHADE effectively overcomes the severe non-uniqueness, parameter coupling, and
premature convergence challenges inherent in TDEM inverse problems.

Across four distinct 5-layer synthetic benchmark models (Ascending 5-layer, Bell 5-
layer, Bowl 5-layer, Descending 5-layer), iL-SHADE consistently achieved median misfits
ranging from 10® to 10~°, outperforming canonical Differential Evolution (Standard DE) and
classical SHADE by 2 to 4 orders of magnitude. In the highly non-unique Bowl 5-layer profile,
iL-SHADE achieved the lowest minimum misfit (2.555 x 10”) and lowest median misfit (5.979
x 107).

Pairwise Wilcoxon rank-sum statistical hypothesis testing across 30 independent
stochastic runs per model confirmed that iL-SHADE performance superiority is statistically
significant (p = 3.020 x 107!, p << 0.01), achieving better results across all model profiles.
Under synthetic Gaussian noise levels up to 20%, iL-SHADE with predictable, linear error
scaling (0.8066 to 0.8094 misfit), demonstrating exceptional numerical stability.

Pre-inversion sensitivity studies established an initial population size multiplier of N, =
21 x D (where D is model dimension) combined with a greedy archive selection threshold of
p €10.10, 0.20] as the optimal baseline configuration. These empirical guidelines eliminate the
costly, trial-and-error manual hyperparameter tuning traditionally required in metaheuristic
geophysical inversion.

Application to actual TDEM field observations at station UZ01 (Unzen Volcano, Japan)
successfully imaged a 5-layer volcanic-hydrothermal system down to depths > 5.6 km. The
inverted model accurately resolved a 400.2 m thick, ultra-conductive smectite alteration clay
cap (p3 ~1.48 Q-m) sealing a fluid-saturated geothermal reservoir (p4 ~3.32 Q-m) above a deep
resistive volcanic basement (ps ~977.7 Q2'm).

In summary, iL-SHADE provides a highly efficient, accurate, and automated global
optimization framework for TDEM subsurface resistivity imaging, offering substantial
practical utility for mineral exploration, groundwater assessment, and volcanic geothermal

reservoir characterization.

39



865
866
867
868
869
870

871
872
873
874
875
876
877
878
879
880

881
882
883
884
885
886
887

888
889
890
891

892
893
894

7. FUNDING

The authors gratefully acknowledge the financial and institutional support provided by
the National Research and Innovation Agency (Badan Riset dan Inovasi Nasional - BRIN) and
the Indonesia Endowment Fund for Education (Lembaga Pengelola Dana Pendidikan - LPDP)
under the Riset dan Inovasi untuk Indonesia Maju (RIIM) Kompetisi 2025 grant scheme (Grant
No. 128/1V/KS/7/2025 and 25.7.1/UN32.14/KS/2025).

8.  AUTHOR CONTRIBUTIONS

The authors’ contributions are structured according to the CRediT (Contributor Roles
Taxonomy) guidelines. C.A.H. contributed to conceptualization, methodology, software
development (MATLAB core implementation), investigation, validation, formal analysis,
writing of the original draft, review and editing of the manuscript, supervision, and funding
acquisition. F.Q.S. contributed to software development (Python analysis codebase), data
curation, validation, formal analysis, visualization, and writing of the original draft, as well as
review and editing. M.K.R. contributed to conceptualization, methodology, formal analysis,
visualization, writing of the original draft, review and editing, and project administration. W.S.

contributed to methodology, data curation, manuscript review, and validation.

9. CONFLICT OF INTEREST

The authors declare that they have no financial interests or personal relationships that
could have appeared to influence the work reported in this paper. All analyses and
interpretations presented in this study are based solely on academic purposes, without any
external influence from commercial, financial, or political entities. The authors have
acknowledged and addressed any potential bias that may arise from the data or methodology

used, ensuring the integrity of the research findings.

10. DATA AVAILABILITY
The datasets generated during the current study are not publicly available due to
institutional data access restrictions but are available from the corresponding author upon

reasonable request.

11. REFERENCES
Aizawa, K., Ogawa, Y., & Ishido, T. (2009). Groundwater flow and hydrothermal systems

within volcanic edifices: Delineation by electric self-potential and magnetotellurics.

40



895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927

Journal of Geophysical Research: Solid Earth, 114(1).
https://doi.org/10.1029/2008JB005910

Akingboye, A. S. (2025). Electrical and seismic refraction methods: Fundamental concepts,
current trends, and emerging machine learning prospects. Discover Geoscience, 3(1), 87.
https://doi.org/10.1007/S44288-025-00169-8

Anderson, W. L. (1979). Computer program; numerical integration of related Hankel
transforms of orders O and 1 by adaptive digital filtering. Geophysics, 44(7), 1287-1305.
https://doi.org/10.1190/1.1441007

Anthony, R. E., Watzak, J., Ringler, A. T., & Wilson, D. C. (2022). Characteristics, relationships
and precision of direct acoustic-to-seismic coupling measurements from local explosions.
Geophysical Journal International, 230(3), 2019-2035.
https://doi.org/10.1093/gji/ggac154

Bai, P., Vignoli, G., & Hansen, T. M. (2021). 1D Stochastic Inversion of Airborne Time-
Domain Electromagnetic Data with Realistic Prior and Accounting for the Forward
Modeling Error. Remote Sensing, 13(19), 3881. https://doi.org/10.3390/rs13193881

Baig, M. H., Abbas, Q., Ahmad, J., Mahmood, K., Alfarhood, S., Safran, M., & Ashraf, I.
(2023). Difterential Evolution Using Enhanced Mutation Strategy Based on Random
Neighbor Selection. Symmetry, 15(10), 1916. https://doi.org/10.3390/SYM15101916

Bergou, E. H., Diouane, Y., Kungurtsev, V., & Royer, C. W. (2022). A Stochastic Levenberg--
Marquardt Method Using Random Models with Complexity Results. SIAM/ASA Journal
on Uncertainty Quantification, 10(1), 507-536. https://doi.org/10.1137/20M 1366253

Blanchy, G., Saneiyan, S., Boyd, J., McLachlan, P., & Binley, A. (2020). ResIPy, an intuitive
open source software for complex geoelectrical inversion/modeling. Computers &
Geosciences, 137, 104423. https://doi.org/10.1016/j.cageo.2020.104423

Brest, J., Maucec, M. S., & Boskovi¢, B. (2016). IL-SHADE: Improved L-SHADE algorithm
for single objective real-parameter optimization. 2016 IEEE Congress on Evolutionary
Computation (CEC), 1188—1195. https://doi.org/10.1109/CEC.2016.7743922

Brown, D., Alvarez-Marron, J., Camanni, G., Biete, C., Kuo-Chen, H., & Wu, Y.-M. (2022).
Structure of the south-central Taiwan fold-and-thrust belt: Testing the viability of the
model. Earth-Science Reviews, 231, 104094.
https://doi.org/10.1016/j.earscirev.2022.104094

Caudron, C., Lecocq, T., Yates, A., Dempsey, D., Ardid, A., Hermans, T., Vanhooren, L.,

Fontaine, O., Bultreys, T., & Girona, T. (2023). Towards monitoring volcanic

41



928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961

hydrothermal alteration using geophysical approaches. EGU General Assembly, EGU23,
EGU-12564. https://doi.org/10.5194/EGUSPHERE-EGU23-12564

Chauhan, D., Shivani, S., Jung, D., & Yadav, A. (2025). Advancements in multimodal
differential evolution: A comprehensive review and future perspectives. Artificial
Intelligence Review, 58(11), 335-. https://doi.org/10.1007/S10462-025-11314-7

Chen, K., & Sacchi, M. D. (2020). Time-domain elastic Gauss—Newton full-waveform
inversion: a matrix-free approach. Geophysical Journal International, 223(2), 1007—
1039. https://doi.org/10.1093/gji/ggaa330

Cheng, L., Zhou, J. X., Hu, X., Mohamed, A. W., & Liu, Y. (2023). Adaptive differential
evolution with fitness-based crossover rate for global numerical optimization. Complex &
Intelligent Systems, 10(1), 551-576. https://doi.org/10.1007/S40747-023-01159-4

Das, S., & Suganthan, P. N. (2011). Differential Evolution: A Survey of the State-of-the-Art.
IEEE Transactions on Evolutionary Computation, 15(1), 4-31.
https://doi.org/10.1109/TEVC.2010.2059031

de Groot-Hedlin, C. D., & Constable, S. C. (1990). Occam’s inversion to generate smooth, two-
dimensional models from magnetotelluric data. Geophysics, 55(12), 1613-1624.
https://doi.org/10.1190/1.1442813

Dossi, M., Forte, E., Andri, S., Nardini, A., Vella, R., & Pipan, M. (2021). Percolation
monitoring and water content estimation by Ground Penetrating Radar in a controlled
environment. Journal of Applied Geophysics, 190, 104336.
https://doi.org/10.1016/j.jappgeo.2021.104336

Ekinci, Y. L., Balkaya, C., Goktiirkler, G., & Ai, H. (2023). 3-D gravity inversion for the
basement relief reconstruction through modified success-history-based adaptive
differential evolution. Geophysical Journal International, 235(1), 377-400.
https://doi.org/10.1093/gji/ggad222

Epitropakis, M. G., Plagianakos, V. P., & Vrahatis, M. N. (2008). Balancing the exploration
and exploitation capabilities of the Differential Evolution Algorithm. 2008 I[EEE Congress
on Evolutionary Computation (IEEE World Congress on Computational Intelligence),
2686—2693. https://doi.org/10.1109/CEC.2008.4631159

Falk, F. A., Christiansen, A. V., & Hansen, T. M. (2025). Comparison of three one-dimensional
time-domain electromagnetic forward algorithms. Applied Computing and Geosciences,
26, 100243. https://doi.org/10.1016/j.acags.2025.100243

Franz, G., Moorkamp, M., Jegen, M., Berndt, C., & Rabbel, W. (2021). Comparison of
Different Coupling Methods for Joint Inversion of Geophysical Data: A Case Study for

42



962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994

the Namibian Continental Margin. Journal of Geophysical Research: Solid Earth,
126(12), €2021JB022092. https://doi.org/10.1029/2021JB022092

Ghosh, A., Das, S., Das, A. Kr., Senkerik, R., Viktorin, A., Zelinka, 1., & Masegosa, A. D.
(2022). Using spatial neighborhoods for parameter adaptation: An improved success
history based differential evolution. Swarm and Evolutionary Computation, 71, 101057.
https://doi.org/10.1016/j.swevo0.2022.101057

Ghosh, A., Das, S., Mallipeddi, R., Das, A. K., & Dash, S. S. (2017). A Modified Differential
Evolution With Distance-based Selection for Continuous Optimization in Presence of
Noise. IEEE Access, 5, 26944-26964. https://doi.org/10.1109/ACCESS.2017.2773825

Glubokovskikh, S., Sherman, C. S., Morris, J. P., & Alumbaugh, D. L. (2023). Transforming
microseismic clouds into near real-time visualization of the growing hydraulic fracture.
Geophysical Journal International, 234(3), 2473-2486.
https://doi.org/10.1093/gji/ggad248

Grana, D., Flinchum, B. A., Grombacher, D., Parsekian, A. D., Riebe, C. S., & Holbrook, W.
S. (2026). Rock Physics of the Critical Zone: Models, Inversion, and Interpretation.
Reviews of Geophysics, 64(2), €2025RG000912. https://doi.org/10.1029/2025RG000912

Haber, E., Oldenburg, D. W., & Shekhtman, R. (2007). Inversion of time domain three-
dimensional electromagnetic data. Geophysical Journal International, 171(2), 550-564.
https://doi.org/10.1111/j.1365-246X.2007.03365.x

Hapsoro, C. A., Srigutomo, W., Purqon, A., Warsa, W., Sutarno, D., & Kagiyama, T. (2021).
Global Inversion of Grounded Electric Source Time-domain Electromagnetic Data Using
Particle Swarm Optimization. Journal of Engineering and Technological Sciences, 53(1),
210101. https://doi.org/10.5614/j.eng.technol.sci.2021.53.1.1

Heagy, L. J., Cockett, R., Kang, S., Rosenkjaer, G. K., & Oldenburg, D. W. (2017). A
framework for simulation and inversion in electromagnetics. Computers & Geosciences,
107, 1-19. https://doi.org/10.1016/j.cageo.2017.06.018

Horikawa, T., & Kusumoto, S. (2025). Delineation of multilayered structure based on
constrained gravity inversion for geothermal resource development. Earth, Planets and
Space, 78(1), 1. https://doi.org/10.1186/s40623-025-02328-0

Kuznetsov, A. (2013). On the Convergence of the Gaver--Stehfest Algorithm. SIAM Journal
on Numerical Analysis, 51(6), 2984-2998. https://doi.org/10.1137/13091974X

Laloy, E., Linde, N., Ruffino, C., Hérault, R., Gasso, G., & Jacques, D. (2019). Gradient-based

deterministic inversion of geophysical data with generative adversarial networks: Is it

43



995

996

997

998

999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028

feasible? Computers & Geosciences, 133, 104333.
https://doi.org/10.1016/j.cageo.2019.104333

Lin, W., Yang, B., Han, B., & Hu, X. (2023). A Review of Subsurface Electrical Conductivity
Anomalies in Magnetotelluric Imaging. Sensors, 23(4), 1803.
https://doi.org/10.3390/s23041803

Lindsey, N. J., & Newman, G. A. (2015). Improved workflow for 3D inverse modeling of
magnetotelluric data: Examples from five geothermal systems. Geothermics, 53, 527—
532. https://doi.org/10.1016/j.geothermics.2014.09.004

Liu, S., Xu, Y., Yang, B., Guo, Z., Shi, Y., & Liu, Y. (2021). Deciphering Fine Electrical
Conductivity Structures in the Crust From MT Data Using the Equivalent Conductivity
Formula.  Journal of  Geophysical  Research:  Solid  Earth,  126(10).
https://doi.org/10.1029/2021JB022519

Maurya, P. K., Foged, N., Madsen, L. M., & Christiansen, A. V. (2023). Comparison of towed
electromagnetic with airborne electromagnetic and electrical resistivity tomography in a
hydrogeophysical context. Geophysical Journal International, 235(1), 817-830.
https://doi.org/10.1093/gji/ggad276

Meng, Z., & Pan, J.-S. (2019). HARD-DE: Hierarchical ARchive Based Mutation Strategy
With Depth Information of Evolution for the Enhancement of Differential Evolution on
Numerical Optimization. IEEE Access, 7, 12832-12854.
https://doi.org/10.1109/ACCESS.2019.2893292

Nielsen, S., Madsen, R. B., Hansen, T. M., Norgaard, J., Moller, 1., & Hayer, A. S. (2026). A
probabilistic approach to establishing the resistivity-lithology relationship using co-
located tTEM data and lithological logs. Journal of Applied Geophysics, 250, 106245.
https://doi.org/10.1016/J.JAPPGEO.2026.106245

Pamplona, D. A., Habermann, M., Rebougas, S., & Alves, C. J. P. (2025). Metaheuristic
Hyperparameter Optimization Using Optimal Latin Hypercube Sampling and Response
Surface Methodology. Algorithms, 18(12), 732. https://doi.org/10.3390/a18120732

Pollack, A., Cladouhos, T. T., Swyer, M. W, Siler, D., Mukerji, T., & Horne, R. N. (2021).
Stochastic inversion of gravity, magnetic, tracer, lithology, and fault data for geologically
realistic structural models: Patua Geothermal Field case study. Geothermics, 95, 102129.
https://doi.org/10.1016/j.geothermics.2021.102129

Popic, J., Boskovi¢, B., & Brest, J. (2025). Improving mutation strategies in differential
evolution with a new pbest selection mechanism. Applied Soft Computing, 185, 113978.
https://doi.org/10.1016/j.as0c.2025.113978

44



1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062

Price, K. V., Storn, R. M., & Lampinen, J. A. (2005). The Differential Evolution Algorithm. In
Differential Evolution: A Practical Approach to Global Optimization (pp. 37—134).
Springer-Verlag. https://doi.org/10.1007/3-540-31306-0 2

Puzyrev, V., & Swidinsky, A. (2021). Inversion of 1D frequency- and time-domain
electromagnetic data with convolutional neural networks. Computers & Geosciences, 149,
104681. https://doi.org/10.1016/j.cageo.2020.104681

Ren, Z., & Kalscheuer, T. (2020). Uncertainty and Resolution Analysis of 2D and 3D Inversion
Models Computed from Geophysical Electromagnetic Data. Surveys in Geophysics,
41(1), 47-112. https://doi.org/10.1007/s10712-019-09567-3

Revil, A., & Gresse, M. (2021). Induced Polarization as a Tool to Assess Alteration in
Geothermal Systems: A Review. Minerals, 11(9), 962.
https://doi.org/10.3390/MIN11090962

Rulft, P., Castillo-Reyes, O., Deleersnyder, W., Mascarell, M. C., Minsley, B. J., & King, J.
(2026). Computational electromagnetic geophysics for groundwater system studies: A
review of established practices and recent advances. Journal of Hydrology, 677, 135542.
https://doi.org/10.1016/j.jhydrol.2026.135542

Srigutomo, W., Hapsoro, C. A., Purqon, A., Warsa, W., Sutarno, D., & Kagiyama, T. (2021).
Nonlinear Inversion Using Very Fast Simulated Annealing for Horizontal Electric Dipole
Time-Domain Electromagnetic Data. Journal of Electromagnetic Engineering and
Science, 21(5), 379-390. https://doi.org/10.26866/jees.2021.5.1.46

Srigutomo, W., Kagiyama, T., Kanda, W., Munekane, H., Hashimoto, T., Tanaka, Y., Utada, H.,
& Utsugi, M. (2008). Resistivity structure of Unzen Volcano derived from time domain
electromagnetic (TDEM) survey. Journal of Volcanology and Geothermal Research,
175(1-2), 231-240. https://doi.org/10.1016/j.jvolgeores.2008.03.033

Stanovov, V., Akhmedova, S., & Semenkin, E. (2021). NL-SHADE-RSP Algorithm with
Adaptive Archive and Selective Pressure for CEC 2021 Numerical Optimization. 2021
IEEE Congress on Evolutionary Computation (CEC), 809-816
https://doi.org/10.1109/CEC45853.2021.9504959

Stoffa, P. L., & Sen, M. K. (1991). Nonlinear multiparameter optimization using genetic
algorithms; inversion of plane-wave seismograms. Geophysics, 56(11), 1794-1810.
https://doi.org/10.1190/1.1442992

Storn, R., & Price, K. (1997). Differential Evolution — A Simple and Efficient Heuristic for
global Optimization over Continuous Spaces. Journal of Global Optimization, 11(4), 341—
359. https://doi.org/10.1023/A:1008202821328

45



1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096

Sun, G., Li, C., & Deng, L. (2021). An adaptive regeneration framework based on search space
adjustment for differential evolution. Neural Computing and Applications, 33(15), 9503—
9519. https://doi.org/10.1007/s00521-021-05708-1

Sungkono, S. (2020). An efficient global optimization method for self-potential data inversion
using micro-differential evolution. Journal of Earth System Science, 129(1), 178.
https://doi.org/10.1007/s12040-020-01430-z

Tanabe, R., & Fukunaga, A. (2013). Success-history based parameter adaptation for
Differential Evolution. 2013 IEEE Congress on Evolutionary Computation, 71-78.
https://doi.org/10.1109/CEC.2013.6557555

Tanabe, R., & Fukunaga, A. S. (2014). Improving the search performance of SHADE using
linear population size reduction. 2014 IEEE Congress on Evolutionary Computation
(CEC), 1658—1665. https://doi.org/10.1109/CEC.2014.6900380

Wang, T., Oristaglio, M., Tripp, A., & Hohmann, G. (1994). Inversion of diffusive transient
electromagnetic data by a conjugate-gradient method. Radio Science, 29(4), 1143—-1156.
https://doi.org/10.1029/94RS00617

Xia, T., Li, M., Slater, L., Hu, X., Binley, A., Ma, X., & Mao, D. (2026). The Evolving Roles
of Electrical Geophysical Methods for In Situ Remediation Assessment: Progress and
Perspectives. Water Resources Research, 62(4), €2025WR043172.
https://doi.org/10.1029/2025WR043172

Yang, Q., Chu, S.-C., Pan, J.-S., Chou, J.-H., & Watada, J. (2024). Dynamic multi-strategy
integrated differential evolution algorithm based on reinforcement learning for
optimization problems. Complex & Intelligent Systems, 10(2), 1845-1877.
https://doi.org/10.1007/s40747-023-01243-9

Zhang, B., Qu, K., Yin, C., Wang, Y., Liu, Y., Ren, X., & Su, Y. (2025). Review of 3D
electromagnetic modeling and inversion for mineral exploration. Geophysics, 90(3),
WA47-WAS9. https://doi.org/10.1190/ge02024-0132.1

Zhang, J., & Sanderson, A. C. (2009). JADE: Adaptive Differential Evolution With Optional
External Archive. IEEE Transactions on Evolutionary Computation, 13(5), 945-958.
https://doi.org/10.1109/TEVC.2009.2014613

Zhu, L., Ma, Y., & Bai, Y. (2020). A self-adaptive multi-population differential evolution
algorithm. Natural Computing, 19(1), 211-235. https://doi.org/10.1007/s11047-019-
09757-3

Zuo, W., & Gao, Y. (2025). Solving numerical and engineering optimization problems using a

dynamic dual-population differential evolution algorithm. International Journal of

46



1097 Machine Learning and Cybernetics, 16(3), 1701-1760. https://doi.org/10.1007/s13042-
1098 024-02361-7
1099

47




    𝐣  s ( 𝐫 , t ) = I   d x   𝛿 ( 𝐫 −   𝐫 0 )  [ 1 − H ( t ) ]   𝐮  x


   ∇ 2   A  i z +   k  i 2   A  i z = 0


    S  C r ← ∅


  i ← 1


    r  i ←


  [ 1 ,   H ]


    r  i = = H


    M  F ,   r  i ← 0 . 9 ,     M  C r ,   r  i ← 0 . 9


    F  i , G ← CRand  (   M  F ,   r  i ,   0 . 1 )


    M  C r ,     r  i < 0  


  C   r  i , g ← 0


  C   r  i , G ← NRand (   M  C r ,   r  i , 0 , 1 )


  𝜌 =    x 2 +   y 2


  G < 0 . 25 ⋅  G max


    F  i , G ← min  (   F  i , G ,   0 . 7 ) ,     C   r  i , G ← max  (   C r  i , G ,   0 . 50 )


  G < 0 . 50 ⋅  G max


    F  i , G ← min  (   F  i , G ,   0 . 8 ) ,   C   r  i , G ← max  (   C r  i , G ,   0 . 25 )


  G < 0 . 75 ⋅  G max


    F  i , G ← min (   F  i , G ,   0 . 9 )


      V →  i , G ←


      V →  i , G


    u  i , j , G ←


  i ← 1


    H  z ( s ) =   I   d x   y  2 𝜋 𝜌   ∫ 0 ∞  𝜆  [   e  −   u 0 z +   r  T E ( 𝜆 , s )   e    u 0 z ]   J 1 ( 𝜆 𝜌 )   d 𝜆


  N p


  f  (     U →  i , G ) ≤     f  (     X →  i , G )


      X →  i , G + 1 ←     U →  i , G


      X →  i , G + 1 ←       X →  i , G


  f  (     U →  i , G ) <     f  (     X →  i , G )


  𝐢 𝐧 𝐬 𝐞 𝐫 𝐭       X →  i , G   𝐢 𝐧 𝐭 𝐨   𝔸 ,   𝐢 𝐧 𝐬 𝐞 𝐫 𝐭   C   r  i , G   𝐢 𝐧 𝐭 𝐨    S Cr ,   𝐢 𝐧 𝐬 𝐞 𝐫 𝐭       F  i , G   𝐢 𝐧 𝐭 𝐨     S  F


   | 𝔸 | >     r arc ⋅ N   p  G


  𝔸


    S  C r ≠ ∅


    S  F ≠ ∅


    u 0 =    𝜆 2 + s   𝜇 0   𝜎 0


    M  C r , h , G = =   ⊥


   max ⁡   (  S Cr ) = = 0


    M  C r , h , G + 1 ←   ⊥


    M  C r , h , G + 1 ←  (  mean WL  (   S  C r ) +   M  C r , h , G ) / 2


    M  F , h , G + 1 ←  (  mean WL  (   S  F ) +   M  F , h , G ) / 2


  h ← h + 1


  h > H


  h ← 1


    M  C r , h , G + 1 ←   M  C r , h , G ,


    M  F , h , G + 1 ←   M  F , h , G


  h ( t ) =    ln ⁡ 2  t   ∑  l = 1  L    K  l   H  z (   s  l ) ,   s  l =   l ln ⁡ 2  t


  N F E ← N F E + N   p  G


  N   p  G + 1 ←


  p


  G ← G + 1


   ℝ 9


  m =    [      𝜎 1    𝜎 2       𝜎 3    𝜎 4       𝜎 5   h 1      h 2   h 3   h 4 ]  T ∈  ℝ 9


   m  min =    [    0 . 001  0 . 001     0 . 001  0 . 001     0 . 001  100     100  100  100 ]  T


   m  max =    [    1 . 0  1 . 0     1 . 0  1 . 0     1 . 0  5000     5000  5000  5000 ]  T


  0 . 001 ≤   𝜎  i ≤ 1 . 0    S m   ,           i = 1 , … ,   5


  1 ≤   𝜌  i ≤ 1000   𝛺 ∙ m


    K  l = ( − 1  )  L / 2 + l   ∑  k =  ⌊   l + 1 2 ⌋  min ⁡ ( l , L / 2 )      k  L / 2 ( 2 k ) !   (    L 2 −  k ) !   k !   ( k − 1 ) !   ( l − k ) !   ( 2 k − l ) !


  100 ≤  h  j ≤ 5000   m ,     j = 1 , … , 4


      d → obs ∈  ℝ 1


    G → :    ℝ  n →  ℝ 1


    m → ∈  ℝ  n


    G →  (   m → ) =     d → obs


  f  (     d →  o b s , 𝛿 ) =  1  N   ∑  m = 1  n     [    (     d →  c a l −     d →  o b s )  𝛿 ] 2 .


      d →  c a l


  Ω ⊆  ℝ D


    m → =  [   𝜌 1 ,     𝜌 2 , … ,   𝜌  l ,    h 1 ,  h 2 , …  h  l − 1 ] .


   h − ( t ) =  h  D C − h ( t )


    B  z ( t ) =   𝜇 0    h − ( t )


  ℙ


    X →


  ∇ × 𝐡 ( 𝐫 , t ) = 𝜎 ( 𝐫 ) 𝐞 ( 𝐫 , t ) +   𝐣  s ( 𝐫 , t )


  Ω ⊆  ℝ D ,


  D


      X → min = [   x  min , 1 ,   x  min , 2 , … ,   x  min , D ]


      X → max = [   x  max , 1 ,   x  max , 2 , … ,   x  max , D ]  


  j ∈ { 1 ,   2 , … , D }


  i ∈ { 1 ,   2 , … , N p }


    x  i , j =   x  m i n , j + URand ( 0 ,   1 ) ×  (   x  m a x , j −   x  m i n , j ) ,


  j


    x  i   ( G )


    v  i   ( G )


  ∇ × 𝐞 ( 𝐫 , t ) = −   𝜇 0   ∂ 𝐡 ( 𝐫 , t )  ∂ t


      V →  i , G =     X →    r 1 , G + F ⋅  (     X →    r 2 , G −     X →    r 3 , G ) ,


      V →  i , G =     X →  b e s t , G + F ⋅  (     X →    r 1 , G −     X →    r 2 , G )


      V →  i , G =     X →  i , G + F ⋅  (     X →  b e s t , G −     X →  i , G ) + F ⋅  (     X →    r 1 , G −     X →    r 2 , G )


    r 1 ≠   r 2 ≠   r 3 ≠ i


      X →  b e s t , G


    U  i , G


    u  i , j , G =  {      v  i , j , G ,  if  U rand ⁡ ( 0 , 1 ) ≤ C R   or   j =   j rand ,     x  i , j , G ,  otherwise ,


    x  i   ( G )


    U  i , G


      X →  i , G + 1 =  {        U →  i , G ,  if  f  (     U →  i , G ) ≤ f  (     X →  i , G ) ,       X →  i , G ,  otherwise,


  𝜎 = 1 / 𝜌


  f ( ⋅ )


  f (   u  i   ( G ) )


  f (   x  i   ( G ) )


      V →  i , G =     X →  i , G +   F  i ⋅  (     X →  p b e s t , G −     X →  i , G ) +   F  i ⋅  (     X →    r 1 , G −       X → ~    r 2 , G )


      X →  p b e s t , G


  ℙ


      X →  i , G


      X →    r 1 , G


  ℙ


        X → ~    r 2 , G


  ∇ ×   𝐇  i =   𝜎  i   𝐄  i


  ℙ ∪ 𝔸


  i ≠   r 1 ≠   r 2


  𝔸 = ∅


  𝔸


  | 𝔸 | = | ℙ |


     F = C R a n d  (   𝜇  F , 0 , 1 )    C r = N R a n d  (   𝜇  C r , 0 , 1 ) }   where    {         𝜇  F =  ( 1 − c ) ⋅   𝜇  F + c ⋅   mean  L (   S  F )     mean  L  (   S  F ) =     ∑  F ∈   S  F    F 2    ∑  F ∈   S  F  F        𝜇  C r =  ( 1 − c ) ⋅   𝜇  C r + c ⋅   mean  A (   S  C r )     mean  A  (   S  C r ) =     ∑  C r ∈   S  C r  C r  |   S  C r |


  C R a n d  (   𝜇  F , 0 , 1 )


    𝜇  F


  N R a n d  (   𝜇  C r , 0 , 1 )


    𝜇  C r


  ∇ ×   𝐄  i = − s   𝐁  i = − s   𝜇 0   𝐇  i


  F = C R a n d  (   𝜇  F , 0 , 1 )


  F = C R a n d  (   𝜇  F , 0 , 1 )


  C r = N R a n d  (   𝜇  C r , 0 , 1 )


    mean  L  (   S  F )


    mean  A  (   S  C r )


    𝜇  F =   𝜇  C r = 0 , 5


  G


    F  i


  C   R  i


    U  i


    𝐇  i =  1    𝜇 0 ∇ ×   𝐀  i


    M  F , h , G + 1 =  {      mean  W L (   S  F ) ,      if       S  F ≠ ∅ ,     M  F , h , G ,      otherwise


    M  C r , h , G + 1 =  {      mean  W A (   S  C r ) ,      if      S  C r ≠ ∅ ,     M  C r , h , G ,      otherwise


    mean  W L  (   S  F ) =     ∑  k = 1  |   S  F |    w  k ⋅   S  F , k 2      ∑  k = 1  |   S  F |    w  k ⋅   S  F , k ,  


    mean  W A  (   S  C r ) =   ∑  k = 1   |   S  F |    w  k ⋅   S  C r , k


    w  k = Δ   f  k /   ∑  k = 1  |   S  C r |  Δ   f  k


  Δ   f  k =  | f  (     U →  k , G ) − f  (     X → |  k , G ) |


  h ∈ [ 1 ,     H ]


    F  i = C R a n d  (   M  F ,   r  i ,   0 , 1 )


    F  i = C R a n d  (   M  F ,   r  i ,   0 , 1 )


  C   r  i = N R a n d  (   M  C r ,   r  i , 0 , 1 )


  y


   [ 0 , 1 ]


    N  G + 1 = round  [  (   N   p  min − N   p  init  Max N F E ) ⋅ N F E + N   p  i n i t ]


   mean  W L  (   S  C r ) =     ∑  k = 1  |   S  C r |    w  k ⋅   S  C r , k 2      ∑  k = 1  |   S  C r |    w  k ⋅   S  C r , k


  | 𝔸 |


   | 𝔸 | =   r arc ⋅ N   p  G


    M  F , h , G + 1 =  {     [  mean  W L  (   S  F ) +   M  F , h , G ] / 2 ,      if       S  F ≠ ∅ ,     M  F , h , G ,      otherwise


    M  C r , h , G + 1 =  {     [  mean  W L  (   S  C r ) +   M  C r , h , G ] / 2 ,      if      S  C r ≠ ∅ ,     M  C r , h , G ,      otherwise


    F  i , G =  {    min  (   F  i , G ,   0 . 7 ) ,     if   G < 0 . 25 ⋅   G max   min (   F  i , G ,   0 . 8 ) ,     if   G < 0 . 50 ⋅   G max   min (   F  i , G ,   0 . 9 ) ,     if   G < 0 . 75 ⋅   G max


  C   r  i , G =  {    max  (   C r  i , G ,   0 . 50 ) ,     if   G < 0 . 25 ⋅   G max   max  (   C r  i , G ,   0 . 25 ) ,     if   G < 0 . 50 ⋅   G max


  p =     p max −   p min    Max N F E ⋅ N F E +   p min


   ∇ 2   A  i x +   k  i 2   A  i x = 0


  G ← 1


  𝔸 ← ∅


  N p ← N   p  i n i t


  Ω ←  {   X → ∈ ℝ   |     x  min , j ≤   x  j ≤   x  max ,     j ,   ∀ j = 1 ,   … ,   D }  


   ℙ  G = 1 ←     x →  i , G , … ,       x →  N   p init , G


  Ω


    M  F ←  { 0 . 5 , … , 0 . 5 } ,       M  C r ← { 0 . 8 , … , 0 . 8 }


  h ← 1


  NFE < MaxNFE


    S  F ← ∅

