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Abstract

Mineral identification from spectral data is challenging due to complex absorption fea-

tures and data variability. This thesis introduces the Elitist Bacterial Memetic Algorithm

for Spectral Deconvolution (EBMA-SD), integrating spectral decomposition with fuzzy

logic-based classification. EBMA-SD decomposes near-infrared (NIR) and short-wave in-

frared (SWIR) reflectance spectra into a background envelope minus the sum of Voigt pro-

files, represented as chromosomes of bacteria derived from database samples. Focusing

on the highest-performing bacteria, the algorithm improves solutions through memetic

local search and horizontal chromosome transfer.

A fuzzy logic system classifies decomposed spectra by comparing extracted features

with a reference mineral database, effectively managing uncertainties inherent in spec-

tral data. The methodologies were evaluated using 367 samples from 78 minerals in the

USGS database. The EBMA-SD achieved high convergence for 58% of USGS miner-

als, utilizing a diverse database with only one sample per mineral. Furthermore, in cases

where the mineral was absent from the database, it predicted the mineral type for 70%

of the samples. The proposed algorithm effectively generalizes across more than 82% of

mineral types, including carbonates, phosphates, and subgroups of silicates. However, it

faces challenges with oxides, sulfates, and minerals like quartz, as these lack distinctive

peaks within the analyzed range.
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Chapter 1

Introduction

1.1 Overview

Mineral identification using spectral data in the visible to near-infrared (VNIR) and

short-wave infrared (SWIR) ranges is vital for various geological applications, includ-

ing resource exploration, environmental monitoring, and planetary science [1, 2]. Each

mineral exhibits unique spectral signatures due to its specific chemical composition and

crystal structure, enabling geologists to discern mineral types based on their spectral re-

flectance or absorption features over a range of wavelengths.

However, accurate interpretation of spectral data is challenging. Complex absorption

features and overlapping spectral signatures often occur due to variations in grain size [3],

mineral mixtures [4], surface coatings [1], and environmental conditions [4]. These factors

introduce variability and noise into the spectral data, complicating the mineral identifica-

tion process.

Supervised learning algorithms have been employed to automate this process; how-

ever, they typically require large, labeled datasets to perform effectively [5, 6]. In mineral

spectroscopy, obtaining such extensive labeled data is impractical due to the vast diversity

of minerals and the associated costs of sample collection and preparation. Consequently,

alternative spectral analysis methods that require fewer data, such as spectral deconvolu-

tion, have garnered interest.

Spectral deconvolution involves isolating absorbed energy and decomposing it into

smaller components, thereby compacting the data and enhancing human interpretability.

Despite these advantages, classical approaches to spectral deconvolution rely heavily on

expert knowledge and are time-consuming [7]. Recent advancements, such as Exponential

4



1. Introduction

Gaussian Optimization (EGO) [8], have introduced automated selection processes based

on predefined shape databases and iterative fitting techniques. These innovations facili-

tate the direct implementation of algorithms without the need for prior expert knowledge,

and the decomposed spectra can subsequently serve as inputs for classifiers. Nevertheless,

there remains a need to balance expert knowledge and automation to improve both effi-

ciency and accuracy.

Advancements in computational intelligence offer novel approaches to solving com-

plex optimization problems. Evolutionary algorithms, particularly Bacterial Evolutionary

Algorithms (BEAs), have demonstrated effectiveness in handling challenging tasks by en-

coding solutions into the genes of individuals and enhancing them through processes that

mimic natural bacterial evolution [9]. Building upon this, Bacterial Memetic Algorithms

(BMAs) augment BEAs by incorporating local search techniques that utilize gradient-

based optimization, thereby accelerating convergence and yielding higher-quality solu-

tions [10]. Additionally, fuzzy logic has proven successful in guiding the convergence of

these evolutionary systems by providing adaptive control mechanisms [11].

In this context, we propose the Elitist Bacterial Memetic Algorithm for Spectral

Deconvolution (EBMA-SD), which builds upon the principles of BMAs with modifi-

cations in bacterial operations and the application of fuzzy rules to guide local search

and gene transfer processes. By utilizing a small and diverse database, we aim to ob-

tain more robust solutions in the deconvolution process and leverage these results to infer

mineral classification. This approach not only enhances computational efficiency but also

improves the interpretability of the results for geologists by providing clearer spectral

component analysis. Furthermore, it demonstrates the potential of using BEAs in spectral

deconvolution applications.

Following this overview, we provide a summary of the problem and the proposed

solution. In Chapter 2, Literature Review, we examine relevant studies on spectroscopy

in mineralogy, spectral preprocessing techniques, bacterial evolutionary algorithms, and

fuzzy logic systems. Chapter 3, Specification and Design, details the specifications of the

proposed EBMA-SD algorithm, highlighting how it integrates fuzzy logic into bacterial

memetic frameworks. In Chapter 4, Implementation and Usage, we describe the devel-

opment process, parameter settings, and practical guidelines for utilizing the EBMA-SD

algorithm effectively. Finally, in Chapter 5, Experimental Results and Conclusions, the

results of applying the EBMA-SD algorithm, with all samples of minerals of interest ex-

cluded to evaluate its generalization capabilities, are presented.
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1. Introduction

1.2 Motivation

The depletion of near-surface, high-grade mineral deposits compels the mining in-

dustry to venture into deeper and more geologically complex environments, as well as to

exploit lower-grade ores [12]. This shift increases the complexity and cost of exploration

and extraction processes. Accurate mineral identification becomes critical in this context

for several reasons:

• Economic Viability: Precise characterization of mineral compositions enhances

ore valuation and optimizes metallurgical processing, reducing operational

costs [13].

• Safety Considerations: Detecting minerals with lower mechanical strength is es-

sential for geotechnical assessments, preventing structural failures and ensuring the

safety of mining operations [14].

• Environmental Impact: Improved identification allows for better waste manage-

ment and mitigation strategies, minimizing the environmental footprint of mining

activities [15].

Despite the importance, current spectral analysis methods are inadequate for these

challenges due to their limitations in handling complex and variable spectral data with

limited labeled samples.

1.3 Problem Statement

The fundamental problem in mineral identification from VNIR and SWIR spectral

data is the accurate decomposition and interpretation of complex spectral signatures.

Existing methods face several key challenges:

• Overlapping Spectral Features: Minerals often have overlapping absorption

bands, making it difficult to distinguish between them using traditional methods [1].

• Spectral Variability: Factors such as particle size, surface roughness, and mixtures

introduce variability that complicates analysis [3].

• Limited Labeled Data: Supervised algorithms require extensive labeled datasets,

which are difficult to obtain in mineral spectroscopy due to practical constraints [5].
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• Interpretability: Traditional spectral decomposition techniques may yield multiple

plausible solutions, some of which lack physical or chemical validity, leading to

misinterpretation [8].

• Feature Preservation: Existing algorithms may achieve good curve-fitting but at

the cost of altering or omitting key spectral features essential for accurate mineral

identification.

These challenges highlight the need for a new approach that can effectively decom-

pose spectral data into meaningful components, preserve critical spectral features, and

operate with limited labeled data.

1.4 Proposed Solution

This research proposes an integrated algorithm that combines spectral deconvolution

with an Elitist Bacterial Memetic Algorithm (EBMA) and fuzzy logic to enhance mineral

identification from spectral data. The key components of the proposed solution are as

follows:

1. Few Samples Manual Spectral Decomposition: Guided by established literature,

an initial manual decomposition of spectra from the USGS spectral library [16] is

conducted to ensure that the initial components are coherent and physically mean-

ingful.

2. Elitist Bacterial Memetic Algorithm (EBMA): The EBMA is employed to opti-

mize the spectral decomposition process. It incorporates:

• Local Search (Levenberg-Marquardt Method): Enhances solution preci-

sion by performing gradient-based optimization in non-linear least squares

problems [17]. In this context, it fine-tunes the genes of the bacterial pop-

ulation to minimize the difference between the observed and reconstructed

spectra.

• Gene Transfer: A bidirectional gene transfer mechanism is implemented, fol-

lowing a phenotypic elitist approach. In our approach, the best-performing

mineral (elite) is selected, and the rest of the population is used to enhance

this elite individual.

7



1. Introduction

– From Population to Elite: The elite bacterium searches the rest of the

population for genes that can help it improve its fitness.

– From Elite to Population: The elite individual shares its genes with pop-

ulation members that contributed to its genetic makeup, thereby expand-

ing the search space to include other minerals and their mixtures.

3. Fuzzy Logic System: A fuzzy logic system guides the gene transfer policy and de-

fines the boundaries for local searches during the evolutionary process. It prioritizes

the conservation of spectral features that are strongly supported by the literature

while allowing modifications to less critical features.

4. Geological Interpretation: The results provide a decomposition of the spectra

along with information about the most similar minerals, mineral groups, and min-

eral types from the database used. Additionally, even if a mineral is not present in

the database, the system offers important information about which elements could

be responsible for the observed absorptions.

This integrated approach aims to overcome the limitations of existing methods by

ensuring physically valid spectral decompositions, preserving essential spectral features,

and providing interpretable results that can assist geologists in decision-making processes.

8



Chapter 2

Literature Review

This chapter provides an overview of the fundamental concepts that underpin this

research proposal. It begins with an explanation of spectrometry, covering its basic prin-

ciples and the factors that influence spectrometric measurements to assess potential data

variability. Following this, the chapter discusses preprocessing techniques and spectral de-

convolution methods essential for accurate data analysis. The discussion then introduces

bacterial algorithms and the elitist evolutionary approach, highlighting their significance

and application within this study. Subsequently, a review of fuzzy logic is presented, em-

phasizing its applications in similar problems and its relevance to the current research.

Finally, the chapter concludes with a bibliographic review of minerals, focusing on their

most extensively studied spectral peaks, particularly those cataloged in the USGS library.

2.1 Spectroscopy in Mineralogy

2.1.1 Fundamental Principles

The fundamental principles of spectroscopy in mineralogy are rooted in three primary

processes: emission, absorption, and reflection. While emission spectroscopy examines

the radiation released by excited mineral samples, absorption and reflectance spectroscopy

focus on the attenuation and scattering of incident radiation, as illustrated in Figure 2.1.

These interactions produce characteristic spectral signatures that serve as fingerprints for

mineral identification and characterization [3].

9



2. Literature Review

Figure 2.1: Interaction of radiation with matter, illustrating reflection, transmission,
absorption, and emission processes [18].

In the VNIR-SWIR range, two key absorption processes dominate mineral spectra:

• Electronic Transitions: Primarily observed in the VNIR region (400–1300 nm),

these transitions arise from crystal field effects and charge transfer processes involv-

ing transition metal ions such as Fe2+, Fe3+, and Ti3+. These processes typically

produce broad absorption features due to the wide range of possible electronic states

and transitions available within the crystal lattice. For example, the Actinolite spec-

trum in Figure 2.2 shows a broad absorption band near 1 µm, primarily attributed

to Fe2+ ions [19].

• Vibrational Processes: Dominant in the SWIR region (1300–2500 nm), these pro-

cesses arise from fundamental molecular vibrations, overtones, and combination

tones. In contrast to electronic transitions, vibrational features are typically sharper

and more distinct because they are more tightly constrained by the mineral’s crys-

tal structure. The lattice often allows only specific vibrational modes while block-

ing others, limiting the available energy states and resulting in narrower absorption

bands. This structural selectivity provides detailed information about the mineral’s

composition, bonding environment, and hydroxyl content [1].

10
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Figure 2.2: Reflectance spectrum of Actinolite, showing absorption features related to
Fe2+, Mn-OH, and Mg-OH in the VNIR-SWIR range. Adapted from [20].

2.1.2 Instrumentation Considerations

When capturing data, it is essential to acknowledge that the characteristics of the sen-

sor can significantly influence the appearance of spectral curves. Some key factors that

affect the quality and interpretability of the obtained reflectance curve include:

• Spectral Resolution: Spectral resolution refers to the ability of a spectrometer to

resolve fine details in the spectrum. As can be seen in Figure 2.3, higher spectral

resolution enables the identification of narrow absorption features, which are critical

for distinguishing between different minerals [21].

11
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Figure 2.3: Absorbance spectra at various sampling intervals, demonstrating the effect of
spectral resolution on peak identification [21].

• Signal-to-Noise Ratio: A low SNR can obscure important spectral features and in-

troduce uncertainties in the data, making it difficult to distinguish between different

minerals. Noise reduction techniques and careful data processing are necessary to

mitigate these issues [22]. In Figure 2.4, you can see how noise can cover the signal

if it is very weak.

Figure 2.4: Illustration of the Signal-to-Noise Ratio (SNR), showing how low SNR can
obscure spectral features [23].

• Sensor Calibration: Regular calibration of the hyperspectral instrument is nec-

essary to maintain measurement accuracy. This involves using standard reference

materials with known spectral properties to correct for instrument-specific biases

12
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and drift over time [24], as shown in Figure 2.5. Calibration is performed under

uniform illumination and in complete darkness.

Figure 2.5: Sensor calibration in hyperspectral imaging, displaying intensity levels for
different conditions: L - light reflected from the target, B - baseline in darkness, W -

standard material with a reference light source [25].

2.1.3 Sample considerations

The condition of the sample to be analyzed will also cause variations in the obtained

spectral curve. Some of the most important factors include:

• Grain Size: The size of the mineral grains influences the path length of light within

the material, affecting absorption and scattering processes. Larger grains can in-

crease absorption path lengths, enhancing absorption features, but the center of ab-

sorption bands is generally not affected by grain size, as shown in Figure 2.6.

Figure 2.6: Reflectance spectra demonstrating the effect of grain size on spectral
characteristics for two carbonates: Calcite (left) and Dolomite (right) [26].

13
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• Crystallinity: The crystallinity of minerals can significantly influence observed

spectral features. The amplitude of the absorption features increase as the crys-

tallinity of minerals decreases, since bond lengths show greater variation in poorly

ordered crystal structures [27]. For specific minerals like those in the kaolin group,

the relative intensity of absorption bands directly relates to their crystallinity [28].

The characteristic doublet at 2159 nm and 2209 nm in kaolin can be decomposed

into four absorption bands, with changes in the shape of this doublet indicating vari-

ations in structure and crystallinity [29], as shown in Figure 2.7. Additionally, crys-

tallinity affects mineral identification - smectites and mica-like minerals of the same

octahedral composition show different locations of OH absorption bands based on

crystallinity, with smectites absorbing at shorter wavelengths (ca. 2200 nm) com-

pared to more crystalline illite absorbing at longer wavelengths (ca. 2220 nm) [30,

31].

Figure 2.7: Comparison between a well-ordered kaolinite sample with high crystallinity
and a sample of disordered kaolinite and halloysite, both with low crystallinity [32].

• Mineral Mixtures: The spectral features of individual minerals can overlap, mak-

ing it challenging to distinguish between them, as shown in Figure 2.8.

– Homogeneous Mixtures: In a homogeneous mixture, the minerals are uni-

formly distributed, and the resultant spectrum is a weighted average of the

individual spectra. This can result in blended absorption features, which may

obscure the signatures of the constituent minerals.

– Heterogeneous Mixtures: Heterogeneous mixtures contain minerals with

varying proportions and distributions. This can lead to complex spectral fea-

tures with varying depths and shapes of absorption bands. Advanced spectral

14
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unmixing techniques are often required to deconvolve the spectra and identify

the individual components.

Figure 2.8: Absorption spectra of heterogeneous mixtures showing variations in band
depth and shape [33].

• Surface Coatings: Surface coatings, such as dust, organic matter, or oxidation lay-

ers, can modify the reflectance spectra of minerals. These coatings can introduce

additional absorption features or alter the intensity of existing ones, as shown in

Figure 2.9.

Figure 2.9: Impact of surface coatings on reflectance spectra, with changes in absorption
intensity due to dust or organic matter [34].

• Moisture: The presence of moisture can influence the reflectance spectra by intro-

ducing additional absorption features related to water. These features, particularly

in the near-infrared region, can overlap with mineral absorption bands, complicat-

ing the spectral analysis. Moisture can also affect the overall reflectance, reducing

the intensity of the spectral features, as shown in Figure 2.10.
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Figure 2.10: Multispectral analysis showing different regions of reflectance for
vegetation, including chlorophyll absorption and water content bands [35].

• Temperature: Variations in temperature can influence the vibrational states of

molecules within minerals, thereby affecting their absorption features. Higher tem-

peratures can cause broadening of the absorption bands and shifts in their positions.

However, at room temperature, these effects are typically minimal [36], as illus-

trated in Figure 2.11.

Figure 2.11: Temperature effects on absorption spectra, illustrating band broadening and
shifts at elevated temperatures [37].

2.2 Spectral Deconvolution

Spectral deconvolution is an essential process in reflectance spectroscopy, offering

a powerful technique for knowledge-driven expert applications. This technique isolates

absorption features attributed to minerals and disentangles complex spectral data into

meaningful components, enabling the identification and characterization of their chemical
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and physical properties. The process is illustrated in Figure 2.12, where the reflectance

curve of calcite and its deconvolved absorption features are shown. It consists of two

main steps: the removal of the continuum and the deconvolution of the absorption curve

into its individual components.

Figure 2.12: Left: Reflectance curve of calcite with its continuum (linear interpolation).
Right: Absorption curve obtained by subtracting the continuum, with Voigt profile

deconvolution shown.

2.2.1 Continuum Removal

The continuum in a reflectance spectrum represents the baseline shape, influenced

by factors such as grain size, surface roughness, and illumination conditions. Accurate

removal of the continuum is a prerequisite for reliable deconvolution, as it isolates ab-

sorption features from the background spectrum.

Several methods exist for continuum removal:

• Geometric Approaches: These include convex hull techniques and linear interpo-

lation methods. Convex hull techniques fit a geometric envelope above the spec-

trum, while linear interpolation connects selected points on the spectrum with

straight lines to approximate the continuum. Although geometric approaches are

straightforward and computationally efficient, they are sensitive to noise and may

introduce artifacts in the processed data [38, 39].

• Parametric Models: These involve fitting polynomial functions, such as linear

or quadratic polynomials, or using physical models to represent the continuum.

Polynomial fitting offers flexibility in capturing the continuum’s shape, with higher-

order polynomials providing more adaptability at the cost of potential overfitting.
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Modified Gaussian Models (MGM) have demonstrated the utility of quadratic poly-

nomials for continuum modeling, showing better fits for complex spectral base-

lines [39].

In this work, we employ linear interpolation within the geometric approaches for con-

tinuum removal due to its simplicity. However, it is important to note that more sophisti-

cated methods, such as polynomial fitting, are often recommended for improved accuracy

and reliability [38, 39].

2.2.2 Deconvolution Components

Spectral deconvolution involves decomposing spectral features into their constituent

mathematical distributions, typically represented by Gaussian and Lorentzian functions.

Gaussian Distribution

Gaussian distributions are often used to represent electronic transitions in spectral

data. They are characterized by their symmetric bell-shaped curves, which are defined by

the following equation:

G(x) =
1

σ
√

2π
e−

(x−x0)
2

2σ2 , (2.1)

where:

• σ is the standard deviation, determining the width of the peak.

• x0 is the position of the peak center.

Gaussian distributions are suitable for modeling features where the broadening mech-

anisms are primarily due to Doppler effects, leading to symmetric absorption lines.

Lorentzian Distribution

Lorentzian distributions better represent vibrational processes and are characterized

by their peak shape, which has longer tails compared to Gaussian distributions. The

Lorentzian function is defined as:

L(x) =
γ

π((x− x0)2 + γ2)
, (2.2)

where:
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• γ is the Lorentzian half-width at half-maximum (HWHM), determining the peak’s

width.

• x0 is the position of the peak center.

The half-width at half-maximum (HWHM) γ is the distance from the center of the

peak to the point where the function reaches half of its maximum value. It quantifies the

broadening of the peak due to interactions such as pressure broadening.

Lorentzian distributions are particularly effective in modeling spectral features where

pressure broadening or other interactions lead to asymmetrical or wider absorption lines.

Voigt Profile

The Voigt profile, a convolution of Gaussian and Lorentzian distributions, pro-

vides a robust framework for modeling absorption features influenced by both Doppler

(Gaussian) and pressure (Lorentzian) broadening effects [40, 41, 42]. It is mathematically

defined using the convolution operator ∗ as:

V (x;σ ,γ) = G(x;σ)∗L(x;γ), (2.3)

which expands to:

V (x;σ ,γ) =
∫

∞

−∞

G(t;σ)L(x− t;γ)dt. (2.4)

Here, G and L represent the Gaussian and Lorentzian components defined in

Equations (2.1) and (2.2), respectively.

The full Voigt profile can be expressed as [43]:

f (x) =
γ

σ
√

2π3

∫ +∞

−∞

e−y2/2

((x− y)2 +(γ/σ)2)
dy. (2.5)

In spectroscopic applications, it is common to express the Voigt profile in terms of

wavenumber ω and peak height h [44]:

IV (ω,h,σ ,γ) = hJ
∫

∞

−∞

e−(t/σ)2

1+
(

ω−t
γ

)2 dt, (2.6)

where:

• IV is the absorbance intensity given by the Voigt profile.
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• h is the maximum peak height (maximum absorbance).

• ω is the centralized wavenumber (ω = σ −ω0).

• ω0 is the wavenumber at peak maximum.

• σ is the Gaussian width parameter (standard deviation).

• γ is the Lorentzian width parameter (HWHM).

• J is a normalization factor: J =

[
π
∫

∞

−∞
e−(t/σ)2

1+
(

t
γ

)2 dt

]−1

.

For computational efficiency, the Voigt profile can be expressed in terms of the com-

plex error function W (z) [45]:

IV (ω,h,σ ,γ) = h
Re[W (z)]

Re[W (x = 0, iy)]
, (2.7)

where z = x+ iy, x = ω

σ
, y = γ

σ
, and Re[·] denotes the real part of a complex number.

2.2.3 Current Deconvolution Techniques

Spectral deconvolution can be categorized based on the models and algorithms em-

ployed. Current techniques include:

• Gaussian and Lorentzian Models: These classical approaches use symmetric pro-

files to fit absorption features. While effective for simple spectra, they are limited

in handling asymmetrical or overlapping features [46].

• Modified Gaussian Models (MGM): MGM extends Gaussian models by intro-

ducing parameters for asymmetry and saturation. This model is particularly suitable

for analyzing short-wave infrared (SWIR) spectra, where absorptions often exhibit

asymmetric shapes [47].

• Exponential Gaussian Optimization (EGO): The EGO model further refines

MGM by incorporating additional parameters for flexibility in fitting complex ab-

sorption features. It is commonly used for minerals exhibiting highly non-linear

spectral characteristics. The authors warn that large asymmetry values can lead to

unrealistic absorption shapes [48, 8].
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• Sparse Approximation Algorithms: Methods like Non-Negative Orthogonal

Matching Pursuit (NNOMP) apply sparsity constraints to select the most repre-

sentative spectral features. These algorithms are computationally efficient and are

increasingly used in automated analyses [49].

• Elitist Bacterial Memetic Algorithm for Spectral Deconvolution (EBMA-SD):

This is our proposed method, introducing a novel approach that integrates a phe-

notypical elitist strategy into Bacterial Memetic Algorithms and replaces random

mutation by leveraging a small, curated database of spectral components derived

from expert knowledge. This effectively balances automation with expert insight,

offering convergence more aligned with expert knowledge, and allows the transfer

of metadata into the components, improving the human interpretation of the results.

2.3 Bacterial Algorithms

2.3.1 Bacterial Evolutionary Algorithms

Bacterial Evolutionary Algorithms (BEAs) are optimization techniques inspired by

microbial evolution and horizontal gene transfer [9]. This technique was first proposed

to design fuzzy systems by encoding the components of these systems within the chro-

mosomes of bacteria. They diverge from traditional genetic algorithms by focusing on

asexual reproduction and utilizing mechanisms where one individual can donate genes to

another, rather than relying on parent-based generational reproduction. The key compo-

nents of BEAs include Bacterial Mutation and Gene Transfer.

Bacterial Mutation

Bacterial mutation simulates rapid bacterial reproduction and mutation, creating

clones with random mutations and selecting the best-performing ones. This process in-

troduces genetic diversity into the population, allowing BEAs to explore a wide range of

potential solutions and avoid premature convergence on suboptimal solutions.
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Figure 2.13: Illustration of the i-th generation in BMA, showing genes mutation in a
bacterium by selecting genes, mutating them, and propagating the best clone across the

remaining copies of the bacterium [50].

Although mutation is a fundamental component of bacterial algorithms, it will not

be utilized in this proposal. The primary role of mutation is to enhance global search by

exploring the solution space randomly. However, in our specific problem, the goal is not

broad exploration but rather the focused investigation of solution spaces closely related to

specific minerals.

Instead of employing a random global search through mutation, we will adopt a more

localized search strategy. By leveraging a diverse initial population of minerals, this ap-

proach ensures that we effectively target all relevant areas with high potential for solu-

tions, thereby maintaining diversity while focusing the search on mineral-specific regions

of the solution space.

Gene Transfer

In BEAs, one individual is selected to transfer genes to another, mimicking the ex-

change of genetic material between bacteria. To perform gene transfer, the bacterial pop-

ulation is sorted into two halves: the half with individuals of higher fitness is called the

superior half, while the other half is known as the inferior half. A chromosome is ran-

domly selected from the superior half and designated as the source chromosome, while

another chromosome is randomly chosen from the inferior half and designated as the des-

tination chromosome. According to specific criteria, a ‘good’ segment or gene from the

source chromosome is transferred to the destination chromosome as shown in Figure 2.14.
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Figure 2.14: Scheme for the gene transfer operation [51].

2.3.2 Bacterial Memetic Algorithms

Bacterial Memetic Algorithms (BMAs) enhance BEAs by incorporating local search

techniques to refine solutions [10]. The memetic component allows for fine-tuning of

candidate solutions, improving convergence and solution quality (see Figure 2.13).

Mathematically, the local search can be represented as:

b∗ = LocalSearch(b′) (2.8)

where b′ is a bacterium after mutation, and b∗ is the locally optimized bacterium.

2.4 Elitist Strategy in Genetic Algorithms

In genetic algorithms with parents, an elitist strategy typically refers to allowing the

best individuals to pass directly to the next stage without applying operations such as

crossover and mutation, and the rest of the new population is then filled with offspring

created through crossover and mutations [52]. When referring to bacterial algorithms,

these do not have an explicit offspring since there are no generations, but rather modi-

fied copies of a bacterium. These algorithms inherently possess an elitist component by

preserving the best version of all copies [53].

Therefore, in this study, we will address elitism in bacteria in a different manner.

Our focus is on exploring the space of possibilities within specific zones that represent

particular minerals. Since the good performance of a solution increases the likelihood

of a mineral being present, we will consider the best individual as the elite. The rest of

the individuals will attempt to contribute genes that improve its performance, with the

23



2. Literature Review

reciprocal benefit of also being able to obtain genes from the elite. This bidirectional gene

transfer will allow us to explore options for mineral mixtures effectively, as illustrated in

Figure 2.15.

Figure 2.15: Simplified representation of the elitist system. Given a target curve, the best
bacterium from each mineral is selected and shown in yellow. The mineral with the best
bacterium is chosen as the elite, represented in the figure with a crown. Afterwards, gene

swapping is allowed between the elite and the rest of the population.

2.5 Fuzzy Logic

2.5.1 Fundamental Concepts

Fuzzy set theory extends classical set theory by allowing elements to possess varying

degrees of membership, rather than adhering to a strict binary inclusion [54]. Unlike tradi-

tional sets, where an element is either a member or not, a fuzzy set employs a membership

function that assigns each element a value between zero and one, representing its degree

of membership. This allows for mathematical modeling of imprecise or uncertain infor-

mation, making it particularly valuable for problems involving complex decision-making

or pattern recognition.
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2.5.2 Mathematical Formulation

A fuzzy set A in a universe of discourse X is characterized by a membership function

µA(x), where:

µA(x) : X → [0,1] (2.9)

The membership value µA(x) represents the degree to which element x belongs to set

A. The basic operations on fuzzy sets extend classical set operations to handle varying

degrees of membership [54]:

• Intersection: The intersection of two fuzzy sets A and B, denoted A∩B, is charac-

terized by the membership function:

µA∩B(x) = min(µA(x),µB(x)).

This operation selects the minimum degree of membership between A and B for

each element x, representing the degree to which x belongs to both sets simultane-

ously.

• Union: The union of two fuzzy sets A and B, denoted A∪B, is characterized by the

membership function:

µA∪B(x) = max(µA(x),µB(x)).

This operation selects the maximum degree of membership between A and B for

each element x, representing the degree to which x belongs to either or both sets.

• Complement: The complement of a fuzzy set A, denoted Ā, is characterized by the

membership function:
µĀ(x) = 1−µA(x).

This operation represents the degree to which x does not belong to set A, effectively

inverting the membership grade.

2.5.3 Fuzzy Logic in Evolution Adaptive Parameter Control

Recent research has shown the effectiveness of fuzzy logic controllers in dynamically

adjusting evolutionary algorithm parameters [55]. These systems typically consist of:
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• Input Variables: Monitor population diversity and fitness improvements

• Fuzzy Rules: Map evolutionary states to parameter adjustments

• Output Functions: Generate precise parameter values through defuzzification

For example, in [11], crossover and mutation rates are adjusted based on fuzzy rules that

evaluate current population performance. When fitness improvements stagnate, mutation

rates may increase to escape local optima.

2.5.4 Fuzzy Logic in Mineral Classification

In spectral mineral identification, Rialland et al. [56] developed a fuzzy classifica-

tion system that compares absorption positions between unknown spectra and reference

database spectra. Their system processes:

• Estimated absorption positions (µe) of unknown spectrum

• Uncertainties on these positions (σµe)

• Reference database positions (µd) for known minerals

The classification employs a coincidence function to evaluate similarity:

f (x) = ∑
i

exp(
−(x−µei)

2

2σ2
µei

) (2.10)

where the function is limited to 1 when multiple Gaussians overlap. Their system uses

two key metrics for mineral identification:

• Similarity degree (S): Maximum coincidence function value (range [0,1])

• Matched positions percentage (Mpos): Proportion of database positions with coin-

cidence > 0.1

The fuzzy classification process:

1. Evaluates main and secondary absorptions separately

2. Uses membership functions for S (Low/High) and Mpos (Low/Medium/High)

3. Generates identification score (0-10) through fuzzy inference
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4. Prioritizes main absorptions over secondary features

For final classification, their system:

• Requires near to 100% matched main absorptions

• Distinguishes between mineral mixtures (>10nm maximum position distance) and

similar minerals (<10nm)

• Handles overlapping features and variable positions

• Enables identification of mineral combinations

Their approach demonstrated promising results in handling complex mineral identifi-

cation challenges. However, the authors noted potential improvements could be made by

incorporating additional spectral parameters beyond peak positions to achieve better dis-

crimination between minerals. Furthermore, special consideration is needed for minerals

with single characteristic absorption features or those lacking distinctive peaks, as their

current methodology may not provide sufficient discrimination in these cases [56].

2.6 Geology

Understanding the geological context is essential for the effective application of spec-

tral decomposition and fuzzy classification algorithms in mineralogical studies. Minerals

are the fundamental components of rocks and are defined as naturally occurring, inor-

ganic solids with a definite chemical composition and an ordered atomic structure [57].

This section provides a brief overview of the main USGS mineral types relevant to our

study, grouped by the mineral type specified in the database. Not all minerals will be des-

ignated in this section due to their large number, but we will address the most studied

minerals.

2.6.1 Actinolite

Actinolite exhibits an Mg-OH absorption feature between 2314–2324 nm, character-

istic of its Mg-rich composition. Additionally, it shows secondary peaks at 2380–2390 nm

associated with combination bands of Mg-OH vibrations. These absorption features arise

from Mg-OH bond vibrations within its crystal structure [58].
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2.6.2 Alunite

Alunite displays absorption peaks at 1473 nm for K-rich varieties due to OH stretching

and bending combinations, and at 1491 nm for Na-rich varieties, shifted due to different

cations. Additional absorption features are observed at 1770 nm and 2170 nm, related

to SO4 and OH vibrations. These features result from OH and sulfate (SO4) vibrational

modes, with cation type affecting the peak positions [27].

2.6.3 Amphibole (Hornblende)

Hornblende shows an Mg-OH absorption feature between 2326–2350 nm, indicative

of its composition. It also exhibits secondary features at 2390–2410 nm due to Fe-OH

vibrations. These absorption features result from Mg-OH and Fe-OH vibrations in its

amphibole structure, influenced by the Mg/Fe ratio [58].

2.6.4 Calcite

Calcite is characterized by an absorption peak at 2350 nm due to overtones and combi-

nation bands of C–O stretching vibrations. Weaker combination modes are observed near

1990 nm and 1870 nm. These absorption features arise from overtones and combination

bands of the fundamental vibrations of the carbonate ion (CO3
2-) [59, 60].

2.6.5 Chlorite

Chlorite exhibits an Al-OH absorption around 1400 nm, which can overlap with other

minerals, causing spectral complexities. It also shows Fe-OH absorption near 2250 nm,

with Fe-rich chlorite peaking at 2256–2265 nm, intermediate chlorite at 2250–2255 nm,

and Mg-rich chlorite at 2240–2249 nm. Additionally, Mg-OH absorption near 2350 nm

shifts depending on Mg content. These features result from vibrational overtones and

combination bands of Fe-OH and Mg-OH bonds, shifting with the Fe/Mg ratio [58, 61].

2.6.6 Dickite

Dickite, a polymorph of kaolinite, displays O-H vibrational absorption bands at 1381

nm and 1412 nm, which are sharper compared to kaolinite. It also shows an Al-OH ab-

sorption at 2178 nm. These features arise from O-H bond vibrations in a more ordered

crystal structure compared to kaolinite [62].
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2.6.7 Dolomite

Dolomite shows absorption features between 2300–2340 nm due to overtones and

combination bands of carbonate vibrations. These features are similar to those of cal-

cite but are slightly shifted to shorter wavelengths due to Mg substitution in the crystal

lattice [60].

2.6.8 Epidote

Epidote exhibits an Fe-OH absorption feature at 2255 nm and Mg-OH absorption

features between 2335–2342 nm, with positions shifting based on Mg content. Additional

features are present at 1540 nm and 1835 nm, associated with overtones of OH-related

vibrations. These absorption features arise from Fe-OH and Mg-OH vibrational overtones

within the silicate structure [58, 63].

2.6.9 Garnet (Grossular)

Grossular garnet shows crystal field transitions of Fe2+ and Fe3+ around 450 nm and

950 nm, respectively. It also exhibits an OH-related absorption feature at 1400 nm and

combination bands involving cation-OH vibrations at 2350 nm. These features are influ-

enced by Fe electronic transitions and hydroxyl group vibrations [64].

2.6.10 Gypsum

Gypsum shows a prominent absorption peak around 1750 nm, associated with the first

overtone of H2O combination bands and SO4 overtones. This feature arises from the vi-

brations of water molecules and sulfate groups within the crystal structure, specifically

from the combination of the overtone of the H2O bending mode and SO4 stretching vi-

brations unique to gypsum. This absorption peak is optimal for gypsum discrimination

due to its lower interference from other soil components compared to other features [65].

2.6.11 Goethite

Goethite displays electronic transitions of Fe3+ ions at 540 nm and 920 nm.

Additionally, it has OH and H2O combination bands at 1410 nm, 1800 nm, and 1930

nm. These absorption features arise from Fe3+ electronic transitions and OH group vibra-

tions [66].
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2.6.12 Halloysite

Halloysite exhibits O-H stretching vibrations at 1389 nm, H2O absorption at 1913

nm, and structural OH vibrations at 2138 nm. These features result from O-H and H2O

vibrations in its tubular structure [62].

2.6.13 Hematite

Hematite shows charge transfer transitions involving Fe3+ at 860 nm and crystal field

transitions at 940 nm. These electronic transitions contribute to its characteristic red col-

oration [60].

2.6.14 Hydrated Silica

Hydrated silica presents a broad absorption near 2210 nm due to Si-OH vibrational

overtones, with weaker features at 1390 nm and 1930 nm associated with H2O and Si-

OH combination bands. These features arise from silanol (Si-OH) group vibrations and

molecular water within its amorphous structure [67].

2.6.15 Illite

Illite exhibits an OH stretching vibration around 1405 nm, an H2O combination band

at 1910 nm, and an Al-OH bending vibration at 2205 nm. Secondary features at 2350

nm and 2440 nm arise from combination bands involving cation-OH vibrations. These

absorption features result from vibrational modes of OH and Al-OH groups [68].

2.6.16 Jarosite

Jarosite displays an OH vibrational absorption at 1470 nm and combination bands

involving OH and sulfate groups between 1762–1764 nm. These features are due to OH

vibrations and sulfate group combinations, similar to alunite [27].

2.6.17 Kaolinite

Kaolinite shows O-H stretching vibrations between 1340–1409 nm and a doublet of

Al-OH stretching and bending vibrations at 2160 nm and 2200 nm. High-crystallinity
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kaolinite has sharper and more distinct absorption features compared to disordered kaoli-

nite, where the doublet in the Al-OH region is less distinct. These features arise from O-H

bond vibrations and Al-OH group vibrations, with crystallinity affecting feature sharp-

ness [62].

2.6.18 Muscovite

Muscovite shows an Al-OH absorption feature between 2195–2215 nm and secondary

combination bands at 2340 nm. These features result from Al-OH stretching and bending

vibrations, serving as a key diagnostic for identifying muscovite in spectral data [61].

2.6.19 Nontronite

Nontronite exhibits an OH stretching vibration at 1420 nm, an H2O combination band

at 1910 nm, an Fe-OH bending vibration at 2290 nm, and an Fe-OH combination band at

2410 nm. These absorption features arise from vibrational modes of OH and Fe-OH in its

layered silicate structure [67].

2.6.20 Olivine

Olivine displays absorption features due to Fe2+ crystal field transitions between

1000–1080 nm, with positions shifting based on the Mg/Fe ratio. Higher Mg content

shifts these features to shorter wavelengths. Additionally, the presence of Mg affects the

crystal field environment, further influencing the absorption band positions [60].

2.6.21 Phlogopite

Phlogopite shows an Mg-OH absorption feature between 2310–2312 nm, associated

with a high Mg# of 0.90–0.95. This feature results from Mg-OH bond vibrations, reflect-

ing its high magnesium content relative to iron [69].

2.6.22 Prehnite

Prehnite exhibits an overtone of OH stretching vibrations at 1476 nm, OH combina-

tion bands at 2230 nm and 2282 nm, and combination bands involving OH and lattice

vibrations at 2350 nm. These absorption features arise from OH stretching and bending

vibrations within its crystal structure [58].
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2.6.23 Pyroxene

Pyroxene presents Fe2+ crystal field transitions in M2 sites between 1000–1100 nm

and in M1 sites around 2000 nm. The positions of these features shift depending on cation

substitutions, such as the presence of Ca and Mg, affecting the band positions [60].

2.6.24 Saponite

Saponite displays an Mg-OH absorption feature at 2310 nm and weaker hydration

features at 1390 nm and 1910 nm. These features result from Mg-OH vibrations charac-

teristic of Mg-rich smectite, along with structural hydroxyls and interlayer water [67].

2.6.25 Talc

Talc shows a primary Mg-OH absorption feature at 2310 nm and a doublet at 2280 nm

due to Mg-OH combination bands. Additionally, it has overtones from carbonate groups

and H2O at 2000 nm and 2370–2380 nm. These absorption features arise from Mg-OH

bond vibrations in its trioctahedral sheet silicate structure and carbonate overtones [66].

2.6.26 Wollastonite

Wollastonite presents Si-O overtone vibrations at approximately 1350 nm and mini-

mal absorption features at shorter wavelengths due to the lack of transition metals. These

features result from silicate bond vibrations, with the absence of significant electronic

involving transition metals [64].
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Specification and Design

This chapter outlines the structure of the proposed EBMA-SD algorithm. We begin

by defining the problem that the algorithm aims to solve and describing the representation

of bacteria within the system. Following this, we present our objetive function and detail

the bacterial operations and fuzzy rules utilized. The generation of the initial population

is then explained, along with an estimation of the algorithm’s complexity. The algorithm

is subsequently described in pseudocode to provide a clear procedural overview. Finally,

the chapter concludes with a description of the methodology used to create the initial

database and how the results are obtained.

3.1 Algorithm Overview

The EBMA-SD algorithm, as depicted in Figure 3.1, leverages Bacterial Genetic

Algorithms to embed the representation of spectral deconvolution. Memetic algorithms

are employed to explore the solution space through gradient-based optimization, enhanc-

ing the efficiency and precision of the search. Instead of performing global search via

random mutations, as is usual in traditional BGAs, this approach utilizes a diverse min-

eral database to explore possible mineral combinations. A fuzzy logic system guides gene

modifications during the evolutionary process, playing a pivotal role by determining when

to delete a gene, when to fine-tune it, and the extent of such modifications. Altogether,

this integrated approach is designed to decompose complex spectral data into meaningful

components, preserving essential spectral features and providing interpretable results that

facilitate accurate mineral identification.
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Figure 3.1: Illustration of the EBMA-SD algorithm flow.

3.2 Bacterial Embedding Structure

To achieve an effective decomposition, we propose a hierarchical bacterial evolution-

ary algorithm (BEA) that models the absorption curve as a sum of Voigt profiles, each

representing an individual absorption feature. Our approach organizes the genetic repre-

sentation into a hierarchical structure consisting of genes, chromosomes, and bacteria, as

illustrated in Figure 3.3.

Definiton 1. Gene (Voigt Profile): Each gene gi is associated with a single Voigt profile

Vi(λ ), characterized by the four parameters defining the Voigt profile function (2.7), along

with a fifth parameter used as a label in the database.

• ωi: Central wavelength of the absorption feature.

• hi: Height (amplitude) of the absorption feature.

• γi: Lorentzian width parameter of the Voigt profile.

• σi: Gaussian width parameter of the Voigt profile.

• ki: Category of the gene (1 to 5).
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Definiton 2. Chromosome: A chromosome c is a collection of related genes

{g1,g2, . . . ,gn} (see Figure 3.2) that together encode specific segments or features of the

overall absorption curve. This grouping reflects the functional or spectral relatedness of

the genes, analogous to how a genome organizes genes with related biological functions.

. . .

g1 gn

ω1

h1

γ1

σ1

k1

ωn

hn

γn

σn

kn

Figure 3.2: Representation of the chromosome as a collection of genes containing Voigt
Profile parameters and an additional label parameter k.

Definiton 3. Bacterium: A bacterium b j represents the decomposition of the target ab-

sorption curve into a continuum component minus the summation of the Voigt profiles

embedded within its chromosome parameters. Specifically, the absorption curve of bac-

terium b j is expressed as:

b j(λ ) =C(λ )−
G j

∑
i=1

Vi(λ ), (3.1)

where:

• C(λ ) is the continuum component of the absorption curve.

• G j is the total number of genes in the chromosome of bacterium b j.

• Vi(λ ) denotes the Voigt profile of the i-th gene in bacterium b j.

3.2.1 Gene Categories

To enhance the physical plausibility of the decomposition and guide the optimization

process, we classify the genes (Voigt profiles) into five categories based on their signifi-

cance and documentation in the literature:

1. Category 1: Main absorption features that are well-documented in the literature

and consistently observed in the USGS spectral database. These peaks are crucial

for mineral identification.
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2. Category 2: Absorptions that are not individually documented but consistently ap-

pear alongside primary peaks in all USGS samples of a specific mineral.

3. Category 3: Absorption features that sometimes appear, likely due to contamina-

tions such as metal ions.

4. Category 4: Peaks associated with water content in the sample, which can vary

depending on environmental conditions.

5. Category 5: Voigt profiles with no recognizable pattern, possibly due to noise or

unidentified components.

Figure 3.3: The top graph shows the original reflectance curve of a Smaragdite sample
and its linear continuum. The bottom graph depicts its Voigt profile decomposition:
Category 1 peaks are the most relevant, Category 2 peaks are present in all samples,

while Categories 3 to 5 show greater variability.

3.3 Objective Function

When decomposing the absorption curve, an approximation that exceeds the target

suggests an overestimation or misinterpretation. Therefore, the proposed solution must

always be less than or equal to the target absorption:

G j

∑
i=1

Vi(λ )≤ S(λ ), ∀λ ∈ [λmin,λmax], (3.2)

where:
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• S(λ ) is the target absorption curve.

• Vi(λ ) are the individual Voigt profiles.

• G j is the total number of genes (Voigt profiles) in the chromosome of bacterium b j.

The objective function F(b j) for each bacterium b j is designed to evaluate the quality

of the approximation while penalizing overestimation. We define the objective function

as:

F(b j) = E(b j)+α ·O(b j), (3.3)

where:

• E(b j) is the squared distance (error) between the target absorption curve S(λ ) and

the bacterium’s approximation B(λ ):

E(b j) =
∫

λmax

λmin

[S(λ )−B(λ )]2 dλ . (3.4)

• O(b j) is the overestimation penalty, calculated as:

O(b j) =
∫

λmax

λmin

max [B(λ )−S(λ ),0]dλ . (3.5)

• α is a weighting factor that controls the emphasis on the overestimation penalty.

3.4 Bacterial Operations

The bacterial operations are designed to maintain the diversity of the bacterial popula-

tion while exploring the solution space effectively. We introduce a hierarchical mutation

strategy that operates at different levels: gene, chromosome, and bacterium.

3.4.1 Local Search

To start, a local search is performed on all bacteria using the selected genes and

the target absorption curve. This involves adjusting the parameters using the Levenberg-

Marquardt optimization algorithm with reduced boundaries.
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• Primary Genes (Category 1): Can change their size (height hi and width param-

eters γi, σi) but not significantly their central position ωi. If a primary gene needs

to be changed too much or deleted, it is likely that the bacterium does not represent

the correct mineral.

• Companion Genes (Category 2): Similar to primary genes, they can adjust size

and width parameters but have limited changes to their central positions.

• Less Significant Genes (Categories 3 to 5): Have more flexibility to change their

parameters, including central position ωi, and can be deleted or merged as needed.

3.4.2 Gene Transfer

Following the local search, we calculate the fitness vector for each bacterium and

assign a fitting score to each gene according to the average of the fitness vector in the

gene’s influence range. The genes are ranked by fitness, and decisions about gene transfer

are guided by fuzzy logic rules, as detailed in the next section.

3.5 Fuzzy Logic for Gene Transfer and Local Search

Boundaries

This section describes the integration of fuzzy logic into the EBMA-SD, with mem-

bership functions and fuzzy rules designed based on expert knowledge.

3.5.1 Fuzzy Variables and Membership Functions

To implement fuzzy logic in our algorithm, we define the following fuzzy variables,

which consider the quality of the curve approximation and the significance of the peak, to

determine how abrupt the changes in the genes can be:

1. Gene Fitness Level (GFL): (Antecedent) This variable measures how effectively a

gene contributes to fitting the target curve. It is categorized as Poor, Fair, or Good.

2. Gene Importance (GI): (Antecedent) This variable assesses the significance of a

gene, classified from Very Low to Very High, corresponding to gene categories 1

through 5.
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3. Action Potential (AP): (Consequence) Based on the antecedent variables, this vari-

able determines the degree to which a gene should be modified or deleted. Its levels

range from Very Low to Very High.

Each fuzzy variable is associated with a membership function that maps numerical

values to degrees of membership in linguistic terms.

3.5.2 Fuzzy Rules for Action Potential

We define a set of fuzzy rules that use the fuzzy variables to guide gene transfer

decisions. The Table 3.1 provides a clear understanding of how various combinations of

gene fitness and importance affect the action potential. For example:

• If a gene has a Poor fitness level and a Very Low importance, the action potential

is Very High, suggesting that the gene should be considered for deletion or replace-

ment.

• If a gene has a Fair fitness level and a High importance, the action potential is

Medium, indicating that the gene’s parameters may need adjustment.

• If a gene has a Good fitness level and a Very High importance, the action potential

is Very Low, implying that the gene should be maintained.

GI
GFL Poor Fair Good

Very Low Very High High Medium
Low High Medium Low

Medium Medium Medium Low
High Low Medium Very Low

Very High Very Low Low Very Low

Table 3.1: Action Potential (Consequence) Based on Gene Fitness Level and Gene
Importance (Antecedents). The table maps Gene Importance (GI) against Gene Fitness

Level (GFL) to determine the corresponding Action Potential.

3.5.3 Fuzzy Inference System for Gene Transfer

The fuzzy inference system (FIS) processes the inputs (gene fitness levels and impor-

tance) through the rule base to produce outputs that guide gene transfer actions. The steps

involved are:
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1. Fuzzification: Convert crisp input values of the numerical gene fitness scores into

fuzzy degrees of membership using the membership functions.

2. Rule Evaluation: Apply the fuzzy rules by computing the degree to which each

rule’s antecedent conditions are satisfied.

3. Aggregation: Combine the outputs of all rules that pertain to a particular action.

4. Defuzzification: Convert the aggregated fuzzy output back into a crisp decision.

3.5.4 Action Strategy Based on Action Potential

Once the Action Potential (AP) level is determined, the EBMA-SD algorithm applies

specific gene transfer strategies to adjust the gene parameters accordingly. The table 3.2

outlines the allowable local search boundaries and corresponding actions for each AP

level.

AP Level
Central

Wavelength
Shift

Height
Variation

Width
Variation Additional Actions

Very Low ±5 nm ±25% ±15% -

Low ±10 nm ±50% ±25% -

Medium ±15 nm ±75% ±35% -

High ±25 nm 0% to +75% ±50%
Allow deletion of

gene if height reaches
zero

Very High - - -
Search for better

genes from another
bacterium

Table 3.2: Gene Transfer Strategies Based on Action Potential (AP) Levels

Regions with errors where no Voigt profile is nearby are considered as having a very

high AP level, and thus a Voigt profile will be searched for among other bacteria.

3.6 Final Solution

The final bacterium will be the best-performing one according to the objective func-

tion 3.3 after meeting the stopping criteria. This bacterium will hold the solution iden-
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tified as the most suitable based on the database used. The classification of the mineral

will involve extracting the mineral from the final bacterium and verifying if it contains

the primary peaks of another bacterium. If so, it will be classified as a mixture of both

minerals.

3.7 Initial Population Generation

The initial population (P0) of bacteria is generated by taking spectral data from the

USGS spectral library [70]. Each mineral’s spectrum is decomposed into Voigt profiles

(genes) representing individual absorption features. These genes have been manually la-

beled and pre-categorized based on their significance (Categories 1 to 5).

Bacteria are grouped by minerals, and within each mineral group, all bacteria share

the same number of Category 1 and 2 peaks, ensuring consistency in representing the

essential features of that mineral. Categories 3 to 5 genes can vary among bacteria within

the same mineral.

For each mineral group:

1. Internal Optimization: Apply the EBMA-SD algorithm using the target absorp-

tion curve as the objective. Each bacterium within the group is optimized to best fit

the target curve, focusing on adjusting Categories 3 to 5 genes while maintaining

only one gene per shared Category 1 and 2 peaks.

2. Selection of Representative Bacterium: From each mineral group, select the bac-

terium that achieves the best fit to the target curve. This bacterium represents the

mineral in the main algorithm.

The initial population for the main EBMA-SD algorithm thus consists of the best

representative bacterium from each mineral group.
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3.8 Algorithm Pseudocode

Algorithm 1 Elitist Bacterial Memetic Algorithm for Spectral Decomposition with Fuzzy
Logic (EBMA-SD)

1: Input: Target absorption curve S(λ ), maximum iterations Gmax
2: Initialize population P0 with best bacteria from each mineral group ▷ Initial

Population Generation
3: Set iteration counter g = 1
4: while not converged and g ≤ Gmax do
5: for each bacterium b j in P0 do
6: Perform local search on b j
7: Evaluate objective function F(b j) ▷ Equation ??
8: end for
9: Select elite bacterium b∗ with the best fitness

10: Gene Transfer from Rest to Elite
11: for each bacterium b j in P0, b j ̸= b∗ do
12: Identify genes in b j that can improve b∗

13: Use fuzzy logic to decide on gene transfer to b∗

14: end for
15: Gene Transfer from Elite to Rest
16: for each bacterium b j in P0, b j ̸= b∗ do
17: Identify deficiencies in b j
18: Use fuzzy logic to decide on gene transfer from b∗ to b j
19: end for
20: Update population P0
21: Increment iteration counter g = g+1
22: end while
23: Output: Best bacterium b∗ and classification results

3.9 Algorithm Complexity

The computational complexity of the EBMA-SD algorithm is influenced by several

factors, including the number of bacteria in the population, the number of iterations, and

the complexity of the operations performed on each bacterium. Below, we break down the

complexity associated with each major component of the algorithm:

• Fitness Evaluation: Each fitness evaluation involves computing the error E(b j)

and the overestimation penalty O(b j) for a bacterium b j. These computations re-

quire integrating over the wavelength range, which is discretized into W points.

Therefore, the complexity for evaluating the fitness of a single bacterium is O(K).

Since there are N bacteria in the population, the total complexity for fitness evalua-

tions per iteration is O(N ×K).
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• Mutation and Gene Transfer Operations: Mutation involves adjusting the param-

eters of genes within each bacterium’s chromosome. The complexity of mutation

depends on the number of genes per bacterium, denoted as G. For gene transfer

operations, which include transferring genes between bacteria based on fuzzy logic

decisions, the complexity is also proportional to G. Consequently, the complexity

for mutation and gene transfer per bacterium is O(G), leading to a total complexity

of O(N ×G) per iteration.

• Local Search: The local search process, such as the Levenberg-Marquardt opti-

mization algorithm, is applied to refine the parameters of each bacterium. The com-

plexity of the local search depends on the number of parameters being optimized,

typically proportional to G. Assuming the local search converges in a constant num-

ber of steps, the complexity per bacterium remains O(G), resulting in an overall

complexity of O(N ×G) per iteration.

• Fuzzy Logic Evaluation: The fuzzy inference system evaluates rules based on gene

fitness and importance to determine action potentials for gene transfer. The number

of fuzzy rules is fixed and independent of N or G, leading to a constant complexity

O(1) per gene. Thus, for all genes in the population, the complexity is O(N ×G)

per iteration.

• Overall Complexity: Combining all components, the total computational complex-

ity per iteration is:

O(N ×K)+O(N ×G)+O(N ×G)+O(N ×G) = O(N × (K +G))

Therefore, the overall complexity per iteration is linear with respect to both the

population size N and the number of genes G, scaled by the discretization of the

wavelength range W .

3.10 Evaluation Methods and Performance Metrics

As the objective of this algorithm is to fit the target absorption curve using mean-

ingful components for effective classification, we will analyze the feature selection pro-

cess alongside metrics derived from the confusion matrix to evaluate classification per-

formance.
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To confirm that the algorithm effectively converges on the expected solution, we will

evaluate a scenario where a sample of a mineral absent from our database is processed.

This assessment aims to determine how closely the algorithm’s approximation aligns with

a manually generated solution when using a diverse database devoid of samples of that

mineral. The process involves systematically excluding samples of each mineral and ap-

plying the model to the excluded sets. The results will reveal which minerals exhibit

unique peaks that the model finds challenging to accurately infer.

3.11 Dataset Creation

The initial database is created using spectral data from the USGS spectral library [16].

An interface was internally developed to facilitate the visualization, manual adjustment,

and labeling of the genes. The number and category of Voigt profiles were determined

through an iterative process based on the data found in the literature discussed in the

Section Geology, along with the observation of patterns within the dataset. Metadata such

as sample name, formula, mineral, and mineral group were also added to the bacteria.

Figure B.1 provides a visualization of the Carbonate group, illustrating an example of the

input reflectance data, absorption curve, and bacterium representation.
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Implementation and Usage

This chapter details the implementation of the methodologies discussed in Chapter 3.

We begin by describing the development of a Python-based interface for managing the

algorithm’s data structures. Subsequently, we provide examples illustrating the objective

function, graphical representations of the local search, and the gene transfer processes.

Additionally, we visualize the fuzzy inference systems and present examples of generating

initial populations and the final solution.

4.1 Software and Tools

To facilitate the creation of the database, data management, and visualization, we de-

veloped a custom desktop application (see Figure A.1). This application allows users to

load both the USGS database and SGU drill cores from .raw files, along with the cor-

responding wavelength data. The interface enables the graphical definition of initial pa-

rameters p0 for curve fitting using SciPy’s curve_fit function in Levenberg-Marquardt

(LM) mode. Additionally, it allows for the labeling of each Voigt profile according to its

category and associated phenomenon.

4.2 Objective Function Visualization

Because the components of the deconvolution represent the use of energy to excite

features within the sample material, and since these components are additive, any exceed-

ing of the absorption curve implies an overestimation of the energy used in that region,

which is physically incorrect. To address this, we empirically investigated the effect of the
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weighting factor α in the objective function (Equation 3.3). As illustrated in Figure 4.1,

using α = 1 (effectively not penalizing overestimation) results in the fitted values ex-

ceeding the target curve, particularly at the edges. This occurs because the reduction in

underestimation error compensates for the error introduced by overestimation. We found

that setting α between 3 and 4 yields solutions that closely align with the expected phys-

ical behavior.

Figure 4.1: Effect of the weighting factor α in the objective function on fitting the Voigt
profiles during the local search. Higher values of α prevent the approximation from

exceeding the target curve.

4.3 Local Search Visualization

To generate the initial population, a local search is conducted, focusing exclusively

on adjusting the heights of the Voigt profiles within the bacterial population. This ap-

proach utilizes the objective function to effectively approximate the absorption curve (see

Figure 4.2). By restricting the fitting process, it becomes possible to distinguish min-

erals with closely situated absorption peaks. For instance, in Figure 4.2, the results are

displayed for the three minerals that best match the target, an Actinolite sample. The

closest match is another Actinolite sample, followed by two minerals belonging to the

same Amphibole group. While all samples exhibit similar characteristic peaks, yielding a

generally good fit, the Actinolite sample achieves the most accurate alignment due to the

better correspondence of its peak centers and shapes.
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Figure 4.2: Initial LM optimization by adjusting gene heights to fit the target Actinolite
HS315.1B. The comparison includes Actinolite HS22.1B, Smaragdite HS290.1B, and

Nephrite HS296.4B, demonstrating the effectiveness of restricted fitting in
distinguishing closely related minerals.

In the main optimization loop, we adjust all four parameters of the Voigt profiles:

central wavelength, height, and the width parameters (γ and σ ). To limit computational

complexity, we consider a maximum of six Voigt profiles at a time, and these profiles

must be consecutive. Genes with very high Action Potential (indicating a poor fit and

low importance) are eliminated. For the remaining genes, the local search boundaries

are specified based on their Action Potential, which is influenced by the gene’s category,

as illustrated in Figure 4.3. Genes that typically vary within samples of a mineral are

granted greater freedom for adjustment. Conversely, genes representing specific, well-

documented features—often associated with vibrational effects—are modified minimally,

even if they do not yield an optimal fit.

Figure 4.3: Visualization of the Action Potential of the Voigt profiles and the
corresponding central wavelength boundaries during the local search.
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For instance, the absorption peak near 2305 nm is characteristic of hydroxide minerals

and is associated with Mg and Fe atoms and O-H bond vibrations. Small variations in its

central wavelength can be significant. In Figure 4.3, we observe that the model achieves

a good fit for most peaks, indicating the presence of Mg and Fe in the sample. However,

the misalignment of the peak at 2305 nm suggests that the sample may not be exactly

the same mineral or may have a different crystal structure compared to the reference

bacterium used for approximation.

Figure 4.4: Visualization of the results after the local search optimization.

Following the local search, we compute the Action Potential of the adjusted genes.

Genes that initially had high Action Potential but have improved to a medium range or

lower are retained. Those that remain with high Action Potential are removed prior to

initiating the gene transfer phase.

4.4 Gene Transfer Visualization

By using a weighting factor α greater than 1 in the objective function, the solutions

from the local search tend to underestimate the absorption curve. To correct this, we pro-

ceed segment by segment, determining whether to add a new gene from another bacterium

or overwrite an existing one in regions where the fit is inadequate. To justify adding a new

gene, the error in the segment must be at least 0.001, ensuring that the new gene’s contri-

bution is significant.

In Figure 4.5, the elite bacterium (representing the best current solution) searches for

genes from other bacteria to improve fitness in specific regions highlighted in purple. This

process embodies the gene transfer mechanism guided by fuzzy logic rules, facilitating

the incorporation of beneficial genetic material from various sources. In this case, the
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result was the incorporation of the water-related gene near 1450 nm. Additionally, a peak

at 2115 nm was included as it narrowly surpassed the threshold.

Figure 4.5: The elite bacterium searching for genes in other bacteria in regions
highlighted in purple, where the fitness is insufficient and greater than the threshold.

4.5 Fuzzy Logic Visualization

Fuzzy logic serves as a fundamental component of our algorithm by regulating the

flexibility of gene parameter adjustments based on their relative importance. It functions

as a dynamic buffer for parameter boundaries during optimization. For highly significant

peaks, such as those categorized as Category 1 genes, the permissible variation in param-

eters is minimal to preserve the consistency of critical spectral features. This ensures that

minerals closely aligned with the sample achieve an optimal fit early in the process.

Figure 4.6 depicts the influence of gene category on the allowable parameter adjust-

ments during optimization. Genes assigned lower importance (e.g., Categories 3 to 5) are

afforded broader parameter boundaries, enabling more extensive modifications. In con-

trast, essential genes (Categories 1 and 2) are subject to tightly constrained boundaries.

It can also be noticed that peaks within Categories 1 and 2 exhibit increased bound-

aries only under Fair Gene Level Fitness conditions. For Good or Poor fitness levels, the

adjustments are more restricted. This design minimizes the use of these critical absorption

features for solution-space exploration, instead prioritizing lower-importance categories

to drive exploratory adjustments.
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Figure 4.6: Impact of gene category on permissible parameter boundaries during the
local search, as defined by the Action Potential.

4.6 Final Solution Visualization

The algorithm culminates in a ranking of bacteria based on their ability to approximate

the target absorption curve. If a sample from the database corresponds to the target, there

is a high probability of obtaining it as the top-ranking mineral among the extensive set of

samples. This can be observed in Figure 4.7, where another sample of the same mineral

was retrieved, exhibiting a gene pattern highly similar to the original.

Figure 4.7: The target absorption curve (top), followed by the original elite bacterium
and its updated state after applying the EBMA-SD algorithm.

50



4. Implementation and Usage

However, even if an exact sample of the same mineral is not present in the database,

the minerals with the next-best fitness scores can still provide valuable insights into the

potential family or mineral group. For example, as shown in Figure 4.2, which illustrates

the top three minerals after the initial local search, all three top-ranking bacteria belong to

the same mineral group. If one sample were absent, another would take its place, offering

clues about the type of mineral and its elemental composition.
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Chapter 5

Experimental Results and Conclusions

Because there are many minerals in the database, we will provide more details about

those used by Rialland et al. [8, 56] to compare the benefits offered by our proposal.

Table 5.1: Some minerals of interest in the USGS spectral library [8].

Mineral - Group Sample
Calcite - Carbonate splib07b_Calcite_GDS304_75-150um_ASDFRb_AREF
Dolomite - Carbonate splib07b_Dolomite_HS102.4B_ASDNGb_AREF
Gypsum - Sulphate splib07b_Gypsum_HS333.4B_ASDFRa_AREF
Kaolinite - Phyllosilicate splib07b_Kaolinite_CM9_ASDNGb_AREF
Nontronite - Smectite splib07b_Nontronite_NG-1.a_ASDNGb_AREF

5.1 Deconvolution Results

For this scenario, we analyzed each sample in Table 5.1, excluding all instances of

that mineral from the database. For Calcite, the closest mineral found was Strontianite

HS272.1B, another carbonate from the Aragonite group. This result is consistent, as a

good fit was achieved, preserving the characteristic peaks of carbonates.

For Dolomite, the initial result was Serpentine due to its characteristic magnesium

peaks around 1100 nm. However, it lacked a key carbonate peak near 1800 nm, leading

to the selection of genes from Calcite. This allowed for the incorporation of magnesium

peaks, resulting in magnesium-bearing Calcite, a geologically coherent outcome. Calcite

outperformed Serpentine because Serpentine’s characteristic peak near 1400 nm could

not be eliminated, making Calcite a better complement.

For Nontronite, the initial match was a Diopside sample. Both are silicates and

share iron absorption features. However, the 1400 nm peak was not close enough, and
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Diopside’s water absorption features were not prominent. This led to the selection of

genes from Gypsum for water absorption and an increase in the Fe-OH peak around 2380

nm. This result suggests a hydrated mineral with Fe-OH bonds.

The Kaolinite sample quickly converged with Halloysite NMNH106237, a mineral

from the Kaolinite group. It preserved the central features of the double absorption around

2160 and 2208 nm but exhibited a sharper shape, indicating differences in crystallinity.

Gypsum also converged rapidly with Carnallite, as both are hydrated minerals.

5.2 Classification Results

To evaluate the scenario where at least one sample of a mineral is present in the

database, we excluded all but one sample of each mineral. The detailed results are pre-

sented in the appendix. On average, the correct sample was identified as the best match

in a significant percentage of cases. Figure 5.1 summarizes the results by mineral type.

As shown, oxides and some sulfates were often confused with silicates. This is because

these groups primarily exhibit metal absorption features, which are less distinctive and

can resemble multiple minerals.

Figure 5.1: Classification confusion matrix by mineral type.
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5.3 Final Conclusion

This work presents a comprehensive and innovative approach to addressing the chal-

lenges of mineral identification using spectral data, focusing on the development and ap-

plication of the Elitist Bacterial Memetic Algorithm for Spectral Deconvolution (EBMA-

SD). By integrating bacterial memetic algorithms with fuzzy logic, the research achieves

a balance between computational efficiency and interpretability, which is critical in geo-

scientific applications.

The EBMA-SD algorithm is designed to decompose complex spectral data into mean-

ingful components, leveraging a curated database of Voigt profiles. This methodology en-

sures precise spectral decomposition while preserving key spectral features essential for

accurate mineral classification. A notable innovation lies in the incorporation of fuzzy

logic to guide gene transfer and local optimization processes, enhancing the adaptability

and physical plausibility of the spectral solutions.

Empirical results underscore the robustness of the algorithm, particularly its ability

to classify minerals accurately with limited labeled data—a common constraint in geo-

logical studies. The method effectively addresses longstanding challenges, such as over-

lapping spectral features, variability in spectral data, and the need for interpretable re-

sults. Validation on the USGS spectral database demonstrates high classification accuracy

across diverse mineral types, although the algorithm encounters difficulties with minerals

like oxides, sulfates, and quartz, which lack distinctive spectral peaks within the studied

range.

The study identifies promising avenues for future research, including refining the han-

dling of minerals with indistinct features and expanding the algorithm’s database to en-

hance its generalization capabilities. These improvements could extend its applicability

to broader geological contexts, such as resource exploration, environmental monitoring,

and planetary sciences.

In conclusion, this work represents a different approximation in mineral classifica-

tion methodologies. It exemplifies how the integration of computational intelligence with

domain-specific knowledge can address complex real-world problems, providing a robust

framework for spectral analysis in mineralogical and geological studies.
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5.4 Limitations and Future Work

This study identifies several avenues for future refinement and development. The con-

tinuum calculation method warrants further optimization to enhance accuracy and relia-

bility. Additionally, a more in-depth investigation into peak shifts, electronic transitions,

and the organization of genes into chromosomes based on their type or physical origin

is crucial to advancing the methodology. While this research underscores the potential

of bacterial algorithms in mineral spectroscopy, additional studies and experimental val-

idation are needed to fully realize and refine their capabilities. A promising direction for

future work involves the parallel analysis of complete hyperspectral images using swarm-

based algorithms. This approach could allow the most representative mineral to dominate

and propagate its genetic information across the two-dimensional spectral space, further

improving the efficiency and accuracy of mineral classification.
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Interface for Database Creation
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A. Interface for Database Creation
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Appendix B

Visualization of Carbonate Minerals
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B. Visualization of Carbonate Minerals
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Appendix C

Detailed Confusion Matrix
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C. Detailed Confusion Matrix
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