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Abstract—This letter explores the suitability of the nature-
inspired genetic algorithm (GA) for estimating propagation chan-
nel parameters in an indoor millimeter-wave environment at
60 GHz. Our work is based on real propagation channel mea-
surements and the goal is twofold: 1) to estimate physically plau-
sible parameters; and 2) to provide improvements in terms of
the goodness-of-fit when compared to traditional methods such
as nonlinear least-squares (NLS). To better contextualize the use
of the GA within the meta-heuristic family of algorithms, a more
recent meta-heuristic approach, named the hybrid grey wolf and
whale optimization algorithm (HGW-WOA), is also exercised. We
adopt popular small-scale and shadowed-fading models which ac-
curately characterize these mm-wave links. A total of 72 fading
scenarios are investigated. The goodness-of-fit of these models,
using different parameter estimation methods, is assessed through
the Akaike information criterion. Our investigation has shown that
the GA overwhelmingly outperformed the NLS. Similarly, the GA
performed better than the HGW-WOA in the majority of scenarios.
Thus, we demonstrate that the GA is a promising technique for the
robust estimation of fading parameters.

Index Terms—Channel measurements, genetic algorithms,
meta-heuristic algorithms, millimeter-wave communications.

I. INTRODUCTION

THE effective design and operation of wireless communi-
cation systems require a thorough understanding of the

propagation characteristics of the operating environment [1].
This is especially true in millimeter-wave (mm-wave) com-
munications, which will be integral to 6G. Propagation losses
at mm-wave frequencies can be critical, leading to significant
challenges in maintaining link reliability [2], [3]. Characterizing
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the fading conditions in these cases requires suitable channel
models along with accurate parameter estimation methods. The
method of moments and maximum likelihood estimation (MLE)
are commonly used to estimate parameters from observed data
in wireless channels. However, these methods have limitations
when dealing with intricate distributions, often requiring the use
of nonlinear numerical techniques like nonlinear least squares
(NLS) for estimation. The effectiveness of these methods of-
ten relies on the initial value chosen. Evolutionary algorithms
(EAs) [4] are nonconventional approaches that have emerged
as alternative methods to address these limitations. Unlike the
NLS, they provide gradient-free procedures that can handle
nondifferentiable fitness functions.

EAs are nature-inspired algorithms that establish a relation
between Darwin’s natural selection of biological evolution and
complex optimization problem. The genetic algorithm (GA) [4]
is the simplest EA applicable to several wireless communica-
tions problems, including joint channel and data estimation [5],
user detection [6], and joint user detection and channel esti-
mation [7], [8]. In terms of estimating wireless channel pa-
rameters, GA was used to estimate parameters in a multipath
environment in [9], and has shown superior performance com-
pared to traditional numerical methods for estimating Weibull
parameters in [10]. Recent studies have also demonstrated
the effectiveness of EAs in parameter estimation for α–κ-μ
fading channels [11]. However valuable, these analyses were
based on simulated channel environments. Motivated by this
drawback, we focus on using the GA for estimating practical
channel parameters.

The main contributions are as follows. First, we present an
extensive investigation on the applicability of the GA that uses
mean squared error (MSE) and resistor-average distance (RAD)
as fitness functions to estimate: 1) κ–μ and α–μ parameters for
small-scale fading; and 2) single-shadowed κ–μ Types I and II
parameters for shadowed fading. Second, the estimations are
applied to practical (real-world) mm-wave indoor distributed
antenna system (DAS) measurements at 60 GHz. Finally, we
compare the estimation performance of GA with the hybrid grey
wolf and whale optimization algorithm (HGW-WOA), a recent
meta-heuristic algorithm, leading to valuable insights. Choos-
ing an appropriate estimation technique is crucial as different
approaches can yield varying results for the same propagation
environment, which can impact the conclusions drawn from the
data. To our knowledge, the application of GAs to estimate
fading parameters for real mm-wave propagation channels has
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TABLE I
PDFS OF THE SINGLE SHADOWED κ–μ TYPES I AND II, κ–μ AND α–μ FADING MODELS

Fig. 1. MM-wave measurement set-up and environment [13].

not been explored in the literature. Similarly, the use of RAD as
a fitness function.

II. PROPAGATION MEASUREMENTS AND FADING MODELS

1) mm-Wave Measurements: Fig. 1 shows an indoor DAS
set-up. The red points denote the various ceiling locations in an
office environment1 where nine 60 GHz receiver (RX) boards
were placed. A test user bearing a transmitter (TX) pretended
to make a voice call while holding the device at their right
ear. Two propagation scenarios were considered, namely, the
user walking along paths AB and BA when the office area was
unoccupied. As per [13], the TX transmitted a continuous wave
signal with a power level of +10.9 dBm at 60.05 GHz. A v1.4
Red Pitaya data acquisition board recorded the received signal
power. For more measurement details, see [13, Sec. II].

2) Shadowed and Small-Scale Fading Models: Shadowed and
small-scale fading datasets were extracted from the received
signal power measurement for analysis. As indicated in [13],
before characterizing the fading observed at each receiver, the
path loss was removed by fitting the log-distance path loss
expression to the data [14]. The shadowing (or composite fading)
was then extracted by applying a moving average window of
ten lambda (10λ) length [15]. After implementing the above
procedures, we are then left with the small-scale fading. Since
the test user walked along two paths (AB and BA), and there are
nine RXs, we have 18 datasets in total. Each of these 18 datasets
were filtered to form small-scale and shadowed fadings. Hence, a
total of 36 datasets were obtained and archived in [19]. Statistical
characterization was performed using shadowed fading models

1The exact details of the considered office environment can be found in [12].

like the single shadowedκ–μTypes I and II [16], and small-scale
fading models like the κ–μ [17] and α–μ [18]. Table I presents
their probability density functions (PDFs). Here, r̄ is the root
mean squared (rms) power of the signal envelope R, κ> 0 is the
ratio of the total power of the dominant component to that of the
scattered waves, α > 0 captures the nonlinearity of the medium
and μ > 0 is related to the number of clusters. 1F1(a; b; z),
and 2F1(a, b; c; z) denote confluent and Gauss hypergeometric
functions, respectively. Iν(·) is the modified Bessel function
of the first kind and order ν, Γ(·) is the Gamma function and
B(a, b) is the Beta function [20]. Finally, md and ms denote the
amount of shadowing experienced by the dominant component
and scattered components, respectively. Since two distributions
are characterized for each fading type, the total number of cases
analyzed in this work is 72.

III. PARAMETER ESTIMATION METHODS

For the parameter estimation analysis, we assume that the data
vector R = {ri, i = 1, 2, . . . , n} belongs to a set of n measured
signal envelopes acquired from a population that hypothetically
follows a given PDF, and is specified by the M -dimensional
parameter θ = {θm,m = 1, 2, . . . ,M}.

1) Nonlinear Least Squares: NLS is a well-established opti-
mization technique that seeks to minimize the sum of squares
of the residuals (difference between the observed and estimated
values) [21]. To compute the estimates, starting points for the
parameters are obtained using the MLE, which in this work were
taken using the Rician and Nakagami-m distributions (particular
cases of the considered PDFs).

2) Genetic Algorithms: Typically, a GA requires a genetic
representation of the solution, and a fitness function to assess
the solution. The genetic representation is given as an array of
floating-point solutions that denote the parameters of the target
PDFs. The fitness function F(·) is defined over the genetic
representation and assesses the quality of a given solution. It
is used with the purpose of finding the parameter vector2 θ̂
that yields the highest fitness quality (lowest value) possible
among empirical (true) and estimated PDFs. The algorithm then
generates a population of solutions, which is refined by looping
the selection, crossover, and mutation operators.

A population of NP estimated parameters θ̂ ∈ R
M is gener-

ated randomly following an arbitrary uniform distributions. As
a parent selection algorithm, the roulette wheel method [4] is
employed. The roulette wheel is divided into slots with prob-
abilities adding up to 1. Each slot is made proportional to the

2θ̂ = {α,μ, r̄};{κ, μ, r̄};{κ, μ, r̄,md};{κ, μ, r̄;ms}; forα-μ,κ-μ, single
shadowed κ-μ Types I and II, respectively.
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fitness value of each individual, using the fitness function as a
measure. A random selection point is chosen on the rim of the
wheel. It is then repeatedly spun to choose parents based on the
slot that lands at the point. Parents that have low fitness scores
are more likely to be selected for reproduction. Unlike others,
we propose using the RAD3 [22] in the fitness function

FRAD (θ) =
(
1/P(f, f̂) + 1/P(f̂ , f)

)−1

(1)

where P(f, f̂) =
∫∞
−∞ fR(ri,θ) log2(fR(ri,θ)/f̂R(ri,θ)) dr

is the KLD between the true PDF of the measured dataset
fR(ri,θ) and estimated PDF f̂R(ri, θ̂). The corresponding MSE
was also incorporated in F(·) as [11]

FMSE (θ) = E

{
n∑

i=1

[
fR(ri,θ)− f̂R(ri,θ)

]2}
(2)

where E{·} is the expectation operator. The GA looks for the
value of θ̂ that minimizes the MSE or RAD between the kernel
density estimation (KDE) [23] of the measured signal sample
set f(R,θ), and estimated distribution4 f̂(R, θ̂).

Crossover is implemented through arithmetic recombination.
Two offsprings are created from parents θ̂p1

, θ̂p2
∈ R

M , i.e.,
θ̂z1

= βθ̂p1
+ (1− β)θ̂p2

and θ̂z2
= βθ̂p2

+ (1− β)θ̂p1
[4],

for some uniformly distributed β ∼ U [−γ, 1 + γ]. These off-
springs are then mutated. This involves generating random num-
bers from a normal distribution N (0, 1) in each element of the
parameter vector θ̂zi

, and comparing them to a fixed threshold
pM (mutation rate). If the generated number is below pM , a value
drawn randomly from a normal distribution with 0 mean and
standard deviation σ is added to its corresponding element. The
new offsprings replace two solutions with poor fitness quality in
the population. This is repeated for a maximum number of gener-
ations5 G, or until the difference between the best fitness function
obtained at each iteration is less than 10−8. Although the GA
is not guaranteed to converge to a global optimum, it maintains
a population of solutions agnostic from specific initialization.
Thus, it provides a way to escape from the local optima, and
cope with large and discontinuous search spaces [4]. This is a
fundamentally different search to the Levenberg–Marquardt al-
gorithm, which uses a trust region approach and adopted in NLS.

IV. COMPARING PARAMETER ESTIMATION METHODS

The usefulness of the GA to estimate parameters of the fading
models is now verified by comparing it with the model fits
obtained when using the traditional NLS. The second-order
Akaike information criterion (AIC) is employed to estimate
the quality of each model relative to the others, similar to the
analysis in [24] and [25]. A smaller AIC value indicates a higher
likelihood that the candidate model generated the dataset. In our
analysis, we assume that if the AIC score computed using GA
estimates (labeled as GA-MSE or GA-RAD based on the fitness
function) is lower than that computed using the NLS estimates,

3RAD is a symmetric distance measure between two probability distributions,
offering properties akin to the popular Kullback–Leibler divergence (KLD) but
with the added advantage of satisfying the triangle inequality [22].

4Note that (1) and (2) represent the fitness functions that the optimization
problem aims to minimize. To obtain the PDF from the measured samples, we
have adopted a KDE on the linear-scale data of the measured signal with a
Gaussian kernel and a fixed bandwidth of 0.05 [13].

5NP is in the range 70–80, G in 500–600, γ, σ, and pM in 0.2–0.3.

Fig. 2. Flowchart of GA along with the steps taken to compare GA and NLS.

TABLE II
ESTIMATED PARAMETERS FOR THE κ-μ, SINGLE SHADOWED κ-μ TYPES I AND

II MODELS USING THE GA AND NLS

then the GA estimates of the candidate model provide a better
description of the dataset.6 Fig. 2 shows the complete process
of parameter estimation for both methods. The simulation code
that supports our work can be found here [27].

Table II provides a sample of the 72 scenarios examined.
It shows the parameters estimated using the two approaches
along with their AIC ranks when the κ–μ PDF is fitted to the
small-scale dataset for RX1 (path AB); and also when the single
shadowed κ–μ Types I and II PDFs are fitted to the composite
dataset for RX8 (path AB), and RX5 (path BA), respectively. The
corresponding model fits are shown in Fig. 3(a)–(c), respectively.
From these, it is clear that the GA is capable of estimating
physically plausible fading parameters. For example, consider
the parameters estimated via GA-RAD for the κ-μ model for
RX1 (path AB). Although there existed a strong dominant
signal component (κ > 1), it is observed that the received
signals experienced considerable fading (μ < 1). Furthermore,
the model estimates obtained using the GA-RAD provide the
best fit to the dataset, possibly because RAD makes use of
rigorous information theory methods to describe probability and
information distances. Thus, it has precise theoretic distance
interpretations within this branch of mathematics (e.g., [28, Th.
5.4.3]). The superior fit provided by GA-RAD is visible at the
lower and upper tails of the empirical PDFs. Similar conclusions
can be drawn from the AIC rankings (that depends on the AIC
computed) in Table II.

The estimated parameters for all models using both methods
along with their AIC ranks, can be found in [29]. We observe

6Another goodness-of-fit test called the Bayesian information criterion [26]
(BIC) was also implemented in a similar manner to the AIC. The results were
in agreement with the AIC results obtained and discussed in Section IV.
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Fig. 3. Empirical versus theoretical probability densities for the (a) κ–μ,
(b) single shadowed κ–μ Type 1, and (c) single Shadowed κ–μ Type 2 models.
Here the model parameters are estimated using NLS and GA. See Table II.

that the parameters estimated via the GA outperformed NLS
estimates for all four fading models across the vast majority of
tested cases, e.g., for theα–μmodel, the GA estimates described
the dataset better than the NLS estimates in 94% of the cases, and
for the κ–μ, single shadowed κ–μ Type I, and single shadowed
κ–μ Type II models, the GA estimates described the dataset
better than the NLS estimates in 89%, 72%, and 83% of the
tested cases, respectively. Overall, the GA outperformed NLS

Fig. 4. Empirical versus theoretical probability densities for the (a) α–μ
model. (b) Model parameters estimated using GA and HGW-WOA.

in 85% of all tested scenarios; performed similarly to the NLS
in 14% of the cases and was slightly worse than the NLS in 1%
of the tested cases.

To better contextualize the use of the GA within the meta-
heuristic family of algorithms, a modern meta-heuristic ap-
proach called the HGW-WOA [30] was explored. The HGW-
WOA is a hybrid swarm-based technique inspired by the social
hierarchy and hunting behavior of gray wolves and the feeding
behavior of humpback whales, in contrast to the evolution-based
GA. The estimated parameters obtained using the HGW-WOA
can be found in [31]. Fig. 4 shows an example of the GA per-
forming better than this algorithm. Here, the α-μ PDF was fitted
to the small-scale dataset for RX3 (path AB), while Fig. 4(b)
shows the corresponding parameters estimated. Overall, it was
found that the GA performed better than the HGW-WOA in 72%
of the scenarios; exhibited a similar performance in 15% of the
cases, and performed marginally worse than HGW-WOA in 13%
of the tested scenarios.7 Thus, among the two meta-heuristic
algorithms, the GA was found to be more suited for parameter
estimation of fading distributions.

V. CONCLUSION

This letter showcased the significant potential of the GA
for channel parameter estimation in real propagation studies.
When compared using the goodness-of-fit technique, GA out-
performed NLS in the vast majority of the mm-wave scenarios,
particularly with RAD as the fitness function. Furthermore,
GA demonstrated better performance when compared to HGW-
WOA (a more recent meta-heuristic approach). Thus, the GA
stands out as a prominent meta-heuristic algorithm for parameter
estimation in future propagation studies.

7The effectiveness of an optimization algorithm varies based on the problem’s
complexity and characteristics. Certain algorithms are better suited to specific
problems due to their inherent search strategies. The fading parameter estimation
problem’s specific nature and the presence of particular features in the search
space (e.g., problem regularity and convergence behavior) may have favored
GA’s search mechanisms.
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